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With the development of storage technologies, a wide variety of storage devices with different performance

characteristics and cost profiles have emerged. Consequently, modern data systems are increasingly adopting

multi-tiered storage solutions, where faster (but typically smaller) devices are placed in higher tiers, while

lower tiers comprise slower, higher-capacity devices. A primary challenge in such systems is fine-grained data

placement, i.e., determining how data blocks should be dynamically stored andmigrated across different storage

tiers to optimize overall performance. Effective data migration policies should be lightweight and adaptive to
workload variations while considering storage device characteristics, notably the read/write asymmetry and

parallelism of modern SSDs.

In this paper, we introduce ReStore, a lightweight page-level reinforcement learning (RL) approach for

data migration in multi-tiered storage systems, addressing both the performance and fine-grained access

challenges common in database systems. ReStore leverages RL to capture workload patterns (access frequency

and recency) and device-specific characteristics (read/write asymmetry and internal parallelism). Each storage

tier uses a different device and is associated with an RL agent that dynamically updates its parameters using

temporal difference learning, ensuring continuous adaptability to changing workloads and system states. We

experimentally show that ReStore achieves up to 6× lower runtime and up to 48× fewer migrations using

industry-grade benchmarks, like TPC-C, TPC-E, and YCSB, real-life traces, like Google Thesios and MSR

Cambridge, and a wide variety of synthetic workloads.
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1 Introduction

Rise of Big Data. Data generation is accelerating due to social media, digital transactions, sensors,

and the growing Internet of Things (IoT) ecosystem [13, 76]. This surge presents core challenges

in storage, retrieval, and maintenance – demanding scalable architectures that balance cost and

performance.

Multi-Tiered Storage System for Big Data Management. To address these needs, scalable

storage solutions have evolved both (i) horizontally, via distributed file systems like GFS [23],

Cassandra [38], HDFS [68], Ceph [82]; and (ii) vertically, through multi-tiered systems like HP

AutoRAID [83] and IBM Storage Tank [15, 48]. In a multi-tiered storage system, each tier consists of

one storage device (or one class of devices that share similar performance characteristics). Different

tiers (e.g., fast, medium, slow) are constructed by grouping devices according to their access latency.

For example, modern SSDs span a wide performance spectrum, with read latencies ranging from

10𝜇𝑠 (high-end NVMe SSDs) to 10𝑚𝑠 (low-end SATA SSDs). These heterogeneous devices naturally

form a multi-tiered storage hierarchy, similar to the classical memory hierarchy [4]. Generally,

upper-tier devices are faster and smaller; lower tiers are slower and larger. Effective management is

critical to optimize performance and resource use while controlling cost [88], typically by placing

hot data blocks on faster devices and demoting colder data blocks to slow tiers. We now ask the

question: how do modern storage device properties affect the performance of a tiered storage system?
Storage Devices and Their Properties. Modern multi-tiered storage systems typically integrate

different storage devices, varying from Hard Disk Drives (HDDs) to Solid State Drives (SSDs). Since

SSDs offer the highest performance among secondary storage technologies, multiple (or all) tiers

within such systems often employ SSDs. Therefore, in this work, we primarily focus on better

exploiting SSDs. Typically, SSDs exhibit a high degree of internal parallelism (termed concurrency
in this paper) that can be harnessed to increase performance [54, 57]. On the other hand, for

flash-based SSDs, the cost of reading is generally lower than the (amortized) cost of writing, leading

to an SSD read/write asymmetry where writes can be up to one order of magnitude slower than

reads [17]. These properties of SSDs are crucial for performance optimization: (i) proper use of

SSD concurrency enables better device utilization, and (ii) special care of expensive writes can

optimize overall workload execution [53, 55, 56]. Hence, faithful performance modeling of SSDs

that captures (and exploits) device properties can help tiered storage systems improve resource

utilization and performance.

Challenges of Tiered Storage Management. The quality of a tiered storage management ap-

proach depends on its setup (data types, access patterns, storage devices, and data temporal

characteristics) and cost efficiency. We identify that common recency-based, frequency-based, or

hybrid policies face three major challenges.

Challenge 1: Optimal Data Placement. Data placement is the core design decision in any multi-

tiered storage system. Ideally, hot data should reside in fast tiers and cold data should be in slow

tiers, but with dynamic workloads, data hotness can shift frequently. Rule-based strategies (e.g.,

LRU, LFU) struggle to adapt to workload drift and overlook SSD characteristics, leading to poor

performance.

Challenge 2: Capturing Storage Device Properties. SSD concurrency and asymmetry have not

been exploited in multi-tiered storage systems. For example, there is a 40× increase in the read

bandwidth of the Intel P4510 SSD when using full concurrency vs. none, and 4KB writes are 3×
slower than 4KB reads [54]. Without capturing these storage properties, the devices can remain

vastly underutilized.
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Fig. 1. Popular policies like EXD [22] and LRFU [39] capture workload features via utility function but ignore
device properties and struggle with workload drift. tLRU and tLFU capture access statistics, but are slow to
adapt to drift and do not consider device properties. Our approach captures workload features and device
properties and can adapt to dynamic workloads. Among the three workloads, A is more skewed, and YCSB
shows higher drift (details in §6.1). Our approach outperforms the state of the art by up to 2.2×.

Challenge 3: Finer Migration Granularity. Existing data migration policies for tiered storage

are frequently designed for coarse-grained units, such as data files or large objects, as seen in

systems like Ceph [82] and cloud-based lifecycle management like AmazonS3 [64]. While some

enterprise solutions, such as IBM Easy Tier [21] and Linux bcache [41], operate at the block level,

they typically rely on static heuristics or fixed observation windows. However, many performance-

critical applications (e.g., DBMS, KV-stores) operate on small, fixed-size pages (e.g., 4KB). This

creates the need for migration policies that can handle page-level granularity with the intelligence

to distinguish between hot pages and cold pages at runtime. To work on such finer granularity,

migration policies must have low overhead while capturing workload and device properties.

Reinforcement Learning to the Rescue. Reinforcement Learning (RL) employs intelligent agents
to make decisions by interacting with an environment and receiving feedback in the form of rewards

or penalties, with the objective of maximizing cumulative reward. The RL framework naturally

models system states and decision processes, making it particularly well-suited for learning data

placement or migration strategies in tiered storage. It enables dynamic adaptation to changing

workloads and evolving device conditions.

Design Goals. We set the following design goals for an RL-based page migration policy for

multi-tiered storage:

• Faster Execution through Optimal Data Placement: Leverage RL to learn optimal data

placement via efficient migration policies to accelerate workload execution.

• Model Heterogeneous Tier Properties: Capture various properties per tier, including capacity,
read/write asymmetry, and concurrency. To do this, we use a multi-agent architecture, assigning

one agent to each tier.

• Dynamic Tier Adjustability: Support seamless addition or removal of tiers by the modular

design – one RL agent per tier – to maintain system flexibility.

• Lightweight Agent Design: Ensure the RL agents are lightweight enough to handle frequent,

fine-grained (page-level) placement decisions with minimal overhead. We achieve this by mini-

mizing the number of parameters and employing simple value function approximations.

• Adaptivity to access patterns and tier loads: Continuously update agent parameters in

response to changes in workload and the dynamic load conditions of each tier.

ReStore: An RL-Based Tiered Storage Migration Policy. To address the above challenges, we

propose ReStore, an RL-based multi-tiered storage migration policy, which can be integrated into

any multi-tiered storage system with page-level accesses. As part of the RL formulation, we define

state variables that capture the workload features (recency and frequency) and device properties

(concurrency and asymmetry), and use a reward function tied to system runtime. The policy is

then optimized by maximizing the accumulated reward through value functions that quantify the
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quality of the current system state, which in turn minimizes workload execution cost. To ensure

adaptability, we update the value functions dynamically using Temporal Difference learning. A
prime benefit of ReStore is that its RL-based page migration receives feedback from and adapts

to system interaction. The table in Figure 1 contrasts current migration policies for multi-tiered

storage. Compared to state-of-the-art approaches, ReStore responds well to dynamic workloads

and is the only policy that considers device properties.

Figure 1 compares ReStore with rule-based and ML-based migration policies in the presence of

workload drift (details in §6.1). The figure shows that ReStore achieves up to 2.2× speedup over

other baselines for dynamic workloads, showcasing its adaptability.

Contributions. Our work offers the following contributions:

• We identify the key challenges of multi-tiered storage management: optimal data placement,

page-level migration, and capturing storage device properties (§3).

• We propose ReStore, a multi-tiered storage management approach that uses Reinforcement
Learning for page-level migration. By interacting with its environment and underlying storage,

ReStore accurately captures the system status to make data placement and migration decisions.

ReStore models the system based on (i) the temperature of each page, which captures the workload
recency and frequency, and (ii) SSD properties (§5).

• We extensively evaluate ReStore against state-of-the-art approaches using a wide range of SSD

configurations. Our evaluation leverages (i) the in-house multi-tiered storage framework, (ii)

FEMU, a flash storage emulator that provides accurate and scalable SSD modeling [40], and (iii)

cloud-based real storage. We demonstrate that ReStore can speed up execution by up to 6× while

having up to 48× fewer page migrations (§6). We also make our code available for exploration

and reproducibility at https://github.com/BU-DiSC/ReStore.

2 Background & Related Work

Multi-Tiered Storage Systems. Data migration has long been integral to storage systems [29, 30],

especially in multi-tiered architectures, where it plays a key role in optimizing performance,

scalability, and cost-efficiency while balancing resource utilization. For instance, AutoRAID [83]

dynamically migrates frequently accessed data to faster storage tiers to improve access latency and

overall system responsiveness.

Data Migration at File/Object Level. The process of moving data objects or files between storage

layers is typically governed by predefined policies. For example, LMsT [74] applies rules and

constraints to support dynamic workloads and varying service level agreements. Extent-Based

Dynamic Tiering Management [27] uses a resource consumption model for cost-effective tiering.

Migration cost models have also informed algorithms such as SPACE, TIME, and LMIN [63].

Further, temperature-based criteria are also widely adopted: MTM [62] employs an exponential

moving average of data hotness, while other methods rely on extended temperature metadata [19].

ADLAM [87] leverages extent temperature for adaptive lookahead migration, and Siberia [20]

focuses on managing cold data for main-memory optimized databases. All these policies operate at

the file/object level, focusing on two tiers (memory and storage), whereas our objective focuses on

page-level migration in a multi-tiered storage setup. Since no such policies for tiered storage exist

formally in the literature, we take inspiration from in-memory caching techniques that support

page-level granularity.

Page-level Caching and Eviction Policies. Caching is a well-established area in computer science [60].

The 5-minute rule [26] and its recent adaptations [6, 24, 25] highlight the importance of balancing

between relative cost, access pattern, and performance. We categorize cache eviction policies into

four classes: (A) Recency-based policies evict data based on how recently it is accessed. For example,
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Table 1. Feature-based vs. ML/RL-based policies.

Category Policy
Average time

per request (𝜇𝑠)

Pre-Train

needed

Feature-based LFU 0.252 No

LRU 1.128 No

EXD 0.319 No

LRFU 0.349 No

ML-based Logistic Regr. 6.434 Yes

XGBoost 6.865 Yes

RL-based Sibyl [71] 27.356 Yes

ReStore (ours) 0.801 No

Least Recently Used (LRU) [51] evicts the least-recently used data. Variations like 2Q [34], MQ [91],

and CLOCK-Pro [31] either improve adaptability or reduce overhead. (B) Frequency-based policies
focus on the access count. The Least Frequently Used (LFU) policy evicts the least-accessed data.

Variants like LFUwith Dynamic Aging [7] further penalize older data.We note that both recency and

frequency-based approaches struggle with shifting workloads. (C) Hybrid policies combine recency

and frequency to capture both short-term and long-term access trends. Adaptive Replacement

Cache (ARC) [47], and Low Inter-reference Recency Set (LIRS) [32] are popular examples that

dynamically adjust between LRU and LFU based on the workload. (D) Function-based policies use
cost models or heuristics to decide when to move data between tiers. EXD [22] uses an exponential

decay score that weighs recency and frequency. LRFU [39] combines the two via a parameterized

exponential function.

ML-based Data Migration. In recent years, machine learning (ML) techniques like logistic regression,

neural networks, and random forests have been applied to web caching [3, 11, 80]. In a tiered setup,

the migration policy typically uses supervised learning, training predictive models on historical

workload data to predict future access patterns. Approaches such as Support Vector Machines [66],

Decision Trees [14], XGBoost [28], and popular neural networks, including MLP, LSTM, and

CNN [61, 67, 75], have been applied. Unsupervised learning methods, including clustering [5, 52, 66]

and evolutionary algorithms like Particle Swarm Optimization [2, 86] have also been explored to

guide migration decisions based on inferred workloads. While adaptive, these approaches incur

heavy training overhead.
Reinforcement learning (RL) has also been explored for efficiently managing data migration [36,

42, 43, 71, 81]. Among them, Sibyl [71] is the only one tailored for tiered storage, but its deep RL

design introduces significant overhead, making it unsuitable for fine-grained, page-level migration.

Moreover, existing ML/RL methods overlook device-specific characteristics. Table 1 compares prior

works. Feature-based methods are fast but lack adaptability; while ML-based approaches adapt

better but require pre-training and incur overhead. In contrast, our RL-based method is lightweight,

page-level, device-aware, and learns online without pre-training.

SSD Asymmetry and Concurrency.We now discuss two key properties of SSDs – asymmetry and

concurrency. SSDs exhibit read/write asymmetry due to (i) the erase-before-write design, (ii) the large
erasure granularity, and (iii) the overhead of garbage collection [10, 17, 50]. In flash-based SSDs,

once a page is written, it cannot be in-place updated [17, 58]. Instead, upon a page update request,

the controller marks the old page as invalid and writes the new data to a different location [1]. Over

time, invalidated pages accumulate, which triggers periodic garbage collection, which contributes

to an increased amortized write cost.
Flash-based SSDs show parallelism at multiple levels [12, 46]. Typically, an SSD connects to the

flash controller through multiple channels, each comprising a shared bus that links to several chips,
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Table 2. Empirical values for SSD device properties.

Device Read (𝜇𝑠) Write (𝜇𝑠) 𝜶 𝒌𝒓 𝒌𝒘

Intel Optane P4800X SSD 6.8 7.6 1.1 6 5

Intel PCIe DC-P4500 SSD 8.2 78.4 11.9 40 8

Intel SATA S4610 SSD 100 140 1.5 25 9

SATA ST2000NX0463 HDD 7000 7300 1.0 1 1

each divided into multiple dies, planes, and erase blocks, where the actual storage pages reside. This

hierarchical architecture enables SSDs to handle concurrent accesses efficiently [54]. When multiple

I/O requests are issued simultaneously, the flash controller distributes them across different parts

of the device to maximize parallelism [46, 65], thus, peak bandwidth is achieved when multiple

concurrent I/Os are in progress [8, 56]. The degree of concurrency depends on the device, access

pattern, and block size [54]. Table 2 lists the read/write asymmetry (𝛼), read concurrency (𝑘𝑟 ), and

write concurrency (𝑘𝑤 ) of representative devices, where we see that both 𝛼 and 𝑘 vary for different

devices and operations (read/write).

3 Tiered Storage Systems & Challenges
A multi-tiered storage system is a storage architecture that places data across multiple tiers of
storage media (e.g., NVMe/Fast SSDs, slower SSDs, HDD, cloud object storage), each with different

cost, latency, and capacity characteristics, while moving or replicating data between tiers so that hot
(i.e., frequently accessed) data sits on faster tiers while cold (i.e., rarely accessed) data sits on cheaper,

slower tiers. Note that each tier contains at least one device, and typically, devices across tiers have

substantially different performance and cost characteristics (like in Figure 2). Traditional tiering

systems manage data at the granularity of files or objects, however, database systems interact with

storage at page granularity, where each page is placed in exactly one tier at any time. As shown

in Figure 2, the workload is a sequence of page requests, where each request targets a page and

specifies an operation type (read or write). For each request, the system first serves the page 𝐾 from

its current tier (i.e., the tier where the page resides at the time of the request). Serving requests from

different tiers incurs different latency and throughput costs. As the workload changes, the system

migrates pages across tiers to ensure that frequently accessed pages are delivered with low latency.

A migration moves a page from tier𝑇𝑖 to a neighboring tier (typically adjacent), by either promoting
𝐾 to a faster tier or demoting 𝐾 to a slower tier. Migrations consume I/O bandwidth and generate

additional writes, hence, they must be carefully controlled via a migration policy. Unlike classical
buffer management, where a miss triggers a fetch into memory and eviction removes pages from

the buffer pool, multi-tiered designs require decisions such as where a page should reside across

tiers and when it is worth incurring migration costs. These differences introduce new challenges

for page-level tiered storage management, which we now discuss.

Optimal Page Placement and Migration. Tiered systems use metadata of data objects to decide in

which tier to store them and when to migrate them. The algorithms used to calculate optimal data

placement for entire files do not apply to single pages. For example, unlike files, all pages have the

same size. Crucially, the number of pages is much higher than the number of files, making complex

ML-based algorithms hard to use. On the other hand, standard caching algorithms, like LRU and

LFU, can be adapted to perform data migration (page promotion and demotion), however, they rely

on simple heuristics and typically struggle under workload drift.

Storage Device Properties. Existing migration policies largely ignore device-specific characteristics.

Modern SSDs typically exhibit a degree of read/write asymmetry and access parallelism. Devices

can remain significantly underutilized if these properties are not considered, resulting in subpar

performance. Existing migration policies do not faithfully model or exploit SSD characteristics.
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Fig. 2. High-level overview of a page-level multi-tiered storage system consisting of SSDs, where devices are
tiered top-down based on their performance and capacity. The diagram illustrates the data path between the
application layer, main memory, and the storage tiers.

Lightweight Migration Decisions. Following the first two challenges, we now see that page-level

migration policies for multi-tiered storage systems must strike a fine balance between being, on

the one hand, complex enough to be able to capture workload access properties and drift as well as

device properties, and, on the other hand, lightweight enough to be able to make decisions at the

page granularity, and as a result, at a much higher frequency.

Using Reinforcement Learning for Page Migration. To address these challenges, we propose

using reinforcement learning (RL) tomonitor the system’s state and learnwhichmigrations optimize

performance. RL is a good fit in this context because it can model the multi-tiered storage system

with sufficient detail, using state variables to capture both workload and device characteristics.

Furthermore, it can evaluate the reward of state transitions using lightweight value functions,

balancing complexity and efficiency. We next offer a brief primer on RL and our notation before

discussing our RL-based design in detail.

4 A Primer on RL for Tiered Storage
RL is a widely used approach for decision-making based on statistical estimations and environ-

mental variables [73]. Its primary goal is to develop intelligent agents capable of learning from

environmental interactions to make optimal decisions, adapt to new circumstances, and efficiently

achieve objectives. RL accomplishes these objectives by solving the Markov Decision Process (MDP),

which is an environment formed by < 𝑆,𝐴, 𝑃, 𝑅,𝛾 >. Here 𝑆 is states, 𝐴 is actions, 𝑃 is transition

probabilities, 𝑅 is rewards, and 𝛾 is the discount factor. RL solves MDP by learning the best policy

(𝜋 : 𝑆 → 𝐴) that prescribes the optimal action based on the current state. This determination of

the best action derives from optimizing both the state-value function and action-value function
under the chosen policy and action. The executing entity or agent continuously updates its value
functions, learning from the system transitions from one state to another, enabling it to perform

the best action based on the current state and its refined parameters.

RL for Tiered Storage. In the context of page management in multi-tiered storage systems, RL can

be effectively utilized by modeling the problem as an MDP. The Markov property holds because, at

the granularity of page requests, the system’s future behavior is determined by the current page

placement state and the chosen migration action, rather than the full history of past accesses. In

other words, individual page requests are independent at the granularity of consecutive accesses,

i.e., the next page accessed does not depend on the identity of the current request. Accordingly, the

MDP components are defined as follows: states (𝑆) represent the current status of the storage tiers,

actions (𝐴) involve decisions on migrating pages between different tiers, transition probabilities
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Table 3. Our notation for modeling tiered storage with RL.

Term Definition

𝑆 / 𝑠 / 𝑆𝑡 Set of states of an MDP / State / State at time 𝑡

𝐴 / 𝐴𝑡 Set of actions of an MDP / Action at time 𝑡

𝑃 State transition probability matrix of an MDP

𝑃𝑎
𝑠𝑠′ Transition probability from state 𝑠 to 𝑠′ by action 𝑎

𝑅 / 𝑅𝑡 Set of rewards of an MDP / Reward at time 𝑡

𝑅𝑎𝑠 Future reward from state 𝑠 taking action 𝑎

𝐺𝑡 Return from time 𝑡

𝛾 Discount factor of an MDP

𝜋 Policy, to determine action based on state

𝑣 (𝑠 ) State-value function

𝑞 (𝑠, 𝑎) Action-value function

𝐶𝑖
𝑗

Fuzzy categories of FRB function

𝜇𝑖
𝐶 𝑗

(𝑥 𝑗 ) Membership function of category𝐶𝑖
𝑗

𝑎 𝑗 , 𝑏 𝑗 Hyperparameters of membership function

𝑝𝑖 Trainable parameters of FRB function

𝜆 Trace decay parameter of TD(𝜆)

𝛼𝑖𝑛 Learning rate of TD(𝜆) updates

𝑧𝑛 (𝑠 ) Eligibility trace

(𝑃 ) capture the likelihood of moving from one state to another based on the actions, and rewards

(𝑅) are determined by the performance metrics such as reduced access latency or improved I/O

efficiency. The migration problem is therefore translated to selecting appropriate migration actions

(i.e., placing the right pages on fast tiers), which leads to better rewards (lower latency). By applying

RL to this MDP framework, the system dynamically optimizes page placement, ensuring important

pages reside in faster tiers while less important data is placed in slower, less costly storage, thus

enhancing overall performance and cost-efficiency.

Basics and Nomenclature. RL trains intelligent agents to take actions in the MDP to achieve

defined objectives. Formally, the MDP < 𝑆,𝐴, 𝑃, 𝑅,𝛾 > is defined with 𝑆 as the set of states with the

Markov property (i.e., P(𝑆𝑡+1 |𝑆𝑡 ) = P(𝑆𝑡+1 |𝑆𝑡 , ..., 𝑆1), 𝑡 signifies time), 𝐴 as the set of all actions, 𝑃

as the state transition probability matrix with 𝑃𝑎
𝑠𝑠′ = P(𝑆𝑡+1 = 𝑠′ |𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎), 𝑅 is the reward

function with 𝑅𝑎𝑠 = E(𝑅𝑡+1 |𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎), and 𝛾 is the discount factor used in defining the return

𝐺𝑡 , which is the total discounted reward from time 𝑡 : 𝐺𝑡 = 𝑅𝑡+1 + 𝛾𝑅𝑡+2 + ... =
∑∞
𝑖=0 𝛾

𝑖𝑅𝑡+1+𝑖 .
A policy 𝜋 : 𝑆 → 𝐴 is used to determine the next action based on the current state. A policy

𝜋 (𝑎 |𝑠) = P(𝐴𝑡 = 𝑎 |𝑆𝑡 = 𝑠) is a distribution over actions given states, which defines the behavior

of an agent. Therefore, the target of training an agent is to learn the best policy so that the agent

takes correct action at each timestep, eventually attaining the objective. Table 3 shows in detail the

nomenclature.

Value Functions. In RL, the objective is formulated as the return 𝐺𝑡 , thus the training target

of the agent becomes to maximize the return at each timestep. To mathematically express this

target, state-value function 𝑣𝜋 (𝑠) and action-value function 𝑞𝜋 (𝑠, 𝑎) are defined, where 𝑣𝜋 (𝑠) =
E𝜋 (𝐺𝑡 |𝑆𝑡 = 𝑠) represents the expected return starting from state 𝑠 then following policy 𝜋 , and

𝑞𝜋 (𝑠, 𝑎) = E𝜋 (𝐺𝑡 |𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎) is the expected return starting from state 𝑠 , taking action 𝑎, and

then following policy 𝜋 . The optimal value function implies the best possible performance in

the MDP [69], and an optimal policy can be found by maximizing over the optimal action-value

function 𝑞∗ (𝑠, 𝑎), that is, 𝜋∗ (𝑎 |𝑠) = 1 if 𝑎 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑎∈𝐴𝑞∗ (𝑠, 𝑎).
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BufferPool

Multi-tiered Storage System

Fig. 3. Workflow of ReStore, where RL agents manage page migrations in a multi-tiered storage system. Upon
an I/O request, the page is served from its current tier, while ReStore decides in the background whether
migration is needed based on RL agents and state values.

5 ReStore Tiered Storage Management
We now build on the RL primer from Section 4 to describe in detail the core design of ReStore.

This includes the specific formulation of our state-action space (§5.1), the construction of the

reward function (§5.1) and value function (§5.2), the detailed mapping of page migration to the

RL formulation (§5.3), the update process of the value function (§5.4), and the temperature model

reflecting the page access patterns (§5.5).

5.1 States, Actions, and Rewards
We now formulate the multi-tiered storage data-migration problem using an RL-based framework.

From a bird’s-eye view, we design a cooperative multi-agent RL system in which each tier employs

a single agent and all agents share a common reward objective. Figure 3 illustrates the workflow

of our ReStore framework, in which data migration between neighboring tiers is coordinated by

their respective agents toward a unified goal – minimizing overall system response time. This

multi-agent design provides scalability, flexibility, and efficiency, with scalability arising from the

ability to adapt to varying numbers of tiers by simply adding or removing RL agents, and efficiency

stemming from the fact that only one agent needs to be updated when the status of a tier changes.

To introduce our RL-based approach, we first configure the MDP environment:

• states: variables representing the current status of a tier;

• actions: decisions on which page transferred to where;

• rewards: cost signal as the negative of response time.

These components allow us to define an MDP for multi-tiered storage and solve it to find the best

migration policy using RL.

States. Defining the states requires capturing key properties to accurately reflect both the workload

and the underlying hardware status. In particular, the state variables should incorporate data

access behavior, including access frequency and recency, as well as device-specific factors such

as read/write asymmetry and concurrency. To capture these effects in a compact and tractable

manner, we encode access frequency and recency through a temperature-based abstraction, where

frequently and recently accessed pages naturally attain higher temperatures. Device characteristics

and migration overheads are captured separately through a latency-related state variable. Based on

these considerations, we define the following state variables:

𝑠1: the average temperature of all pages in the tier. It is calculated as 𝑠1 =
1

|𝐾 |
∑
𝐾 𝑡𝑒𝑚𝑝 (𝐾), where

|𝐾 | is the total number of pages stored in the tier and 𝑡𝑒𝑚𝑝 (𝐾) is the temperature of page 𝐾 ,
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representing a combined information about the access recency and frequency. The temperature

model will be presented in detail later in Section 5.5. This variable indicates the percentage of

hot/cold pages in the tier. A higher value of 𝑠1 indicates a larger probability of pages in the tier

being requested and, at the same time, a larger expected number of accesses.

𝑠2: the current accumulated latency in the tier. It is calculated as 𝑠2 = 𝑛𝑢𝑚𝑏𝑒𝑟_𝑜 𝑓 _𝑞𝑢𝑒𝑢𝑒𝑑_𝑡𝑎𝑠𝑘𝑠 ·
𝑎𝑣𝑔_𝑝𝑟𝑜𝑐𝑒𝑠𝑠_𝑡𝑖𝑚𝑒 , where 𝑎𝑣𝑔_𝑝𝑟𝑜𝑐𝑒𝑠𝑠_𝑡𝑖𝑚𝑒 =

𝑙𝑟
𝑘𝑟

+ 𝛼 ·𝑙𝑟
𝑘𝑤

, 𝑙𝑟 is the latency of read, 𝛼 is the

read/write asymmetry, and 𝑘𝑟 (𝑘𝑤) is the read (write) concurrency. A higher value of 𝑠2 denotes

a longer waiting time in the tier, i.e., higher latency.

These state variables are used to represent the status of each tier at each timestep. They include

page temperature, page access frequency, and concurrency potential, which are metrics that have a

strong impact on storage systems. By including the specific temperature of the migration candidate

page in the aggregate temperature of the storage tiers, the RL agent can make frequency– and

recency–aware decisions. Note that this is a flexible framework, meaning that the state variables

can also be defined in other ways depending on use cases [89, 90].

Actions. The actions model the page movements between tiers. Since each page movement changes

the distribution of pages across tiers, we define actions for each page request. In more detail, for a

request for page 𝐾 residing in Tier 𝑖 , there are two possible actions: 𝐴𝑡 = 0 means no movement of

the page, and 𝐴𝑡 = 1 means upgrading the page to a faster tier 𝑗 . In this definition, 𝐴𝑡 ∈ {0, 1} and
𝐴 = {𝐾,𝐴𝑡 } where 𝐾 is the page number.

Rewards. Reward 𝑅𝑎𝑠 = E(𝑅𝑡+1 |𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎) is a function of state and action, representing the

expectation of reward at the next timestep 𝑡 +1. In our case, since the global objective is to minimize

the overall response time, we define the reward as the negative of the estimated future system

response time, so that the return𝐺𝑡 =
∑∞
𝑖=0 𝛾

𝑖𝑅𝑡+1+𝑖 represents the negative overall future system
latency, and training the RL agent to maximize the return is equivalent to minimizing the system

latency. More specifically,

𝑅𝑎𝑠 = E(𝑅𝑡+1 |𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎)

=

{∑
𝑇𝑖𝑒𝑟 𝑎𝑣𝑔_𝐼𝑂_𝑡𝑖𝑚𝑒 ·

∑
𝐾∈𝑇𝑖𝑒𝑟 E(𝑟𝑒𝑞𝐾 ), if 𝑎 = 1

𝑅𝑡 , if 𝑎 = 0

(1)

where

∑
𝑇𝑖𝑒𝑟 is the summation over all tiers, 𝑎𝑣𝑔_𝐼𝑂_𝑡𝑖𝑚𝑒 =𝑤𝑟 ·𝑟𝑒𝑎𝑑_𝑡𝑖𝑚𝑒 +𝑤𝑤 ·𝑤𝑟𝑖𝑡𝑒_𝑡𝑖𝑚𝑒 is the

average I/O time of the tier,

∑
𝐾∈𝑇𝑖𝑒𝑟 is the summation over all pages in the tier, and E(𝑟𝑒𝑞𝐾 ) is the

expectation of future number of requests to the page. To approximate the future number of requests,

we use the page temperature, i.e., E(𝑟𝑒𝑞𝐾 ) ∝ 𝑡𝑒𝑚𝑝 (𝐾). By applying the law of large numbers and

replacing average temperature of all pages in a tier
1

|𝐾 |
∑
𝐾 𝑡𝑒𝑚𝑝 (𝐾) = 𝑠1, the

∑
𝐾∈𝑇𝑖𝑒𝑟 E(𝑟𝑒𝑞𝐾 ) is

then equal to |𝐾 | · 𝑒𝑥𝑝 ( 1+𝑠1
2
), where |𝐾 | is the total number of pages in a tier and 𝑠1 is the first state

variable of that tier.

With the definitions of states, actions, and rewards, we formulate the data migration problem

as an MDP. As mentioned earlier, RL solves MDPs by optimizing the value functions to provide

the best action. We now discuss how value functions are used to solve the MDP. The state-value

function 𝑣𝜋 (𝑠) of an MDP is the expected return starting from states 𝑠 following the policy 𝜋 ,

𝑣𝜋 (𝑠) = E𝜋 (𝐺𝑡 |𝑆𝑡 = 𝑠). Since the reward is defined as the response time multiplied by -1, the

expected return 𝐺𝑡 represents the estimated future system response time. So, by maximizing the

value function, we aim to find a policy that minimizes the future response time.
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5.2 Value Function Representation
In simple reinforcement learning (RL) tasks with small discrete state spaces, value functions are

often represented using lookup tables (e.g., Q-tables), where every state-action pair is explicitly

stored and updated [73]. However, in real-world systems with large or continuous state spaces,

such tabular representations become infeasible, necessitating the use of function approximation

methods to generalize value estimates across states [37]. A range of function approximators exists,

including linear models, kernel-based methods, decision trees, and neural networks [33, 44, 79].

Each alternative comes with its trade-off in terms of interpretability, training complexity, and

sensitivity to parameter scaling. Neural networks and decision trees often require careful tuning,

normalization, and regularization to remain stable and interpretable. We note that these factors

can complicate deployment in resource-constrained or latency-sensitive environments.

To meet our design goal of having a lightweight, interpretable, and robust approximation model,

we adopt the Fuzzy Rule-Based (FRB) function [9]. FRB offers an attractive balance: it is compu-

tationally efficient, supports continuous input spaces, and encodes domain knowledge through

intuitive, human-readable rules. Importantly, it handles input scaling naturally through normalized

membership functions and avoids overfitting thanks to its inherent smoothness and rule-based

structure. The FRB function 𝑓 maps the input vector 𝑥 ∈ R𝑗 to a scalar output 𝑦 using a set of rules.

A common form of a fuzzy rule is as follows:

Rule 𝑖: IF 𝑥1 ⊂ 𝐶𝑖1, 𝑥2 ⊂ 𝐶𝑖2, ..., 𝑥 𝑗 ⊂ 𝐶𝑖𝑗 THEN 𝑝𝑖 ,

where 𝑥1, ..., 𝑥 𝑗 are the components of input 𝑥 , 𝐶𝑖
1
, ...,𝐶𝑖𝑗 are fuzzy categories, 𝑥 𝑗 ⊂ 𝐶𝑖𝑗 is a fuzzy

rule, and 𝑝𝑖 is the output parameter of this rule. The output of the rule-based function 𝑓 (𝑥) is then
a weighted average of 𝑝𝑖 :

𝑦 = 𝑓 (𝑥) =
∑𝑁
𝑖=1 𝑝

𝑖𝑤 𝑖 (𝑥)∑𝑁
𝑖=1𝑤

𝑖 (𝑥)
, (2)

where 𝑁 is the number of rules,𝑤 𝑖 (𝑥) is the weight of rule 𝑖 computed by𝑤 𝑖 (𝑥) =∏𝑗

1
𝜇𝐶𝑖

𝑗
(𝑥 𝑗 ), and

𝜇𝐶𝑖
𝑗
(𝑥 𝑗 ) is the membership function, which takes values in [0, 1] and represent the measurement of

an input variable 𝑥 𝑗 belonging to category 𝐶𝑖𝑗 , i.e., a 𝜇𝐶𝑖
𝑗
(𝑥 𝑗 ) value closer to 1 means 𝑥 𝑗 more likely

belongs to 𝐶𝑖𝑗 .

The FRB function is widely used for practical problems [18, 45]. It can model systems with

varying complexity, ranging from a large number of complex rules to a few simple rules. In our case,

the input 𝑥 is the set of state variables (𝑠1, 𝑠2) with different value ranges. To better characterize

these state variables, we define two categories based on the relative magnitude of each variable:

𝑆𝑚𝑎𝑙𝑙 and 𝐿𝑎𝑟𝑔𝑒 , i.e.,𝐶𝑖𝑗 ∈ {𝑆𝑚𝑎𝑙𝑙, 𝐿𝑎𝑟𝑔𝑒}. Here, 𝑆𝑚𝑎𝑙𝑙 represents that the current value 𝑥 𝑗 is closer
to the minimum of its range among all 𝑥 𝑗 , while 𝐿𝑎𝑟𝑔𝑒 indicates that 𝑥 𝑗 is closer to the maximum.

As for the membership function, we adopt a sigmoid formulation:

𝜇𝐿 (𝑥 𝑗 ) =
1

1 + 𝑎 𝑗𝑒−𝑏 𝑗𝑥 𝑗
, 𝜇𝑆 (𝑥 𝑗 ) = 1 − 𝜇𝐿 (𝑥 𝑗 ). (3)

where 𝜇𝑆/𝐿 is the membership function of category 𝑆𝑚𝑎𝑙𝑙/𝐿𝑎𝑟𝑔𝑒 , and 𝑎 𝑗 , 𝑏 𝑗 are parameters. Figure 4

illustrates examples of the 𝑆𝑚𝑎𝑙𝑙 and 𝐿𝑎𝑟𝑔𝑒 membership functions under different values of 𝑎 𝑗 and

𝑏 𝑗 . To mitigate the influence of these parameters on biased membership values, we dynamically

update them based on the statistical properties of the input variables. Specifically, we use the

following formulas:

𝑏 𝑗 = 10/𝑟𝑎𝑛𝑔𝑒 (𝑥 𝑗 ), 𝑎 𝑗 = 𝑒𝑏 𝑗𝑎𝑣𝑔 (𝑥 𝑗 ) , (4)

where 𝑟𝑎𝑛𝑔𝑒 (𝑥 𝑗 ) =max𝑥 𝑗 −min𝑥 𝑗 , 𝑎𝑣𝑔(𝑥 𝑗 ) = (max𝑥 𝑗 +min𝑥 𝑗 )/2 is the average of 𝑥 𝑗 .
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Fig. 4. Two examples of sigmoid functions (Large and Small). The function value indicates the degree to which
an input belongs to each category. Varying the parameters 𝑎 𝑗 and 𝑏 𝑗 changes the exact shape and centroid of
the functions.

The sigmoid formulation from Eq. (3) is well-suited for scenarios where input ranges lack

constraints, and differences between outliers with very large values or very small values are

considered less important than differences between centered data. The rationale for selecting this

membership function lies in its ability to render the policy sensitive to minor system changes,

such as moving a few pages, while remaining relatively robust against extensive, system-wide

modifications at scale. Based on the two categories and the two state variables defined above, we

form an FRB function with four rules as our value function. Note that the number of rules equals

the number of categories to the power of the number of state variables, 2
2 = 4 in our case. The

value function is:

𝑣 (𝑠) =
∑

4

𝑖=1 𝑝
𝑖𝑤 𝑖 (𝑠)∑

4

𝑖=1𝑤
𝑖 (𝑠)

, (5)

where 𝑠 = (𝑠1, 𝑠2) is the states variables, and 𝑤 𝑖 (𝑠) = 𝜇𝑆𝑚𝑎𝑙𝑙/𝐿𝑎𝑟𝑔𝑒 (𝑠1) · 𝜇𝑆𝑚𝑎𝑙𝑙/𝐿𝑎𝑟𝑔𝑒 (𝑠2) is the

multiplication of membership functions values at rule 𝑖 .

5.3 Mapping the Page Migration problem
Having established the state variables and value function, we now use them to control page

migration. For each page being requested, there are three scenarios:

• The page becomes hotter; it is upgraded to a faster tier.

• The page is not hot enough; it stays in the same tier.

• The page becomes hotter, but there is not enough space in the faster tier; the coldest page in the

faster tier will be downgraded to make room for the new hotter page.

The data migration policy can be simplified as deciding whether a page should be upgraded based on
its properties and the current state of the involved tiers. Accordingly, the action space𝐴 can be written

as {0, 1}, where 𝐴𝑡 = 1 indicates that the currently requested page should be upgraded to a faster

tier, and 𝐴𝑡 = 0 indicates that it should not. In this way, the action-value function 𝑞(𝑠, 𝑎) has two
values for each 𝑠 , which are 𝑞(𝑠, 0) = E(𝐺𝑡 |𝑆𝑡 = 𝑠, 𝐴𝑡 = 0) = E(𝐺𝑡+1 =𝐺𝑡 |𝑆𝑡+1 = 𝑠) = 𝑣 (𝑠) (𝐴𝑡 = 0

means no migration and thus 𝑆𝑡+1 = 𝑆𝑡 = 𝑠), and 𝑞(𝑠, 1) = E(𝐺𝑡 |𝑆𝑡 = 𝑠, 𝐴𝑡 = 1) = E(𝐺𝑡+1 |𝑆𝑡+1 = 𝑠′)
where 𝑠′ is the next state due to the page migration decided by 𝐴𝑡 = 1.

As indicated in Section 4, an optimal policy can be defined by maximizing over the optimal

action-value function 𝑞∗ (𝑠, 𝑎), where 𝑞∗ (𝑠, 𝑎) =max

𝜋
𝑞𝜋 (𝑠, 𝑎). Therefore, finding the optimal policy is

equivalent to maximizing the action-value function. Combining the expressions of the action-value

function in the last paragraph, the RL-based migration policy can be formed in the following way:

For a requested page 𝐾 currently in tier 𝑖 , it is upgraded from tier 𝑖 to tier 𝑖 + 1 if
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𝑞𝑖 (𝑠, 1) + 𝑞𝑖+1(𝑠, 1) ⩾ 𝑞𝑖 (𝑠, 0) + 𝑞𝑖+1(𝑠, 0)
⇔ 𝑣𝑖

up
(𝑠′) + 𝑣𝑖+1

up
(𝑠′) ⩾ 𝑣𝑖

not
(𝑠) + 𝑣𝑖+1

not
(𝑠)

(6)

where 𝑞𝑖/𝑖+1 (𝑠, 1/0) denotes the action-value function of tier 𝑖/𝑖 + 1 when taking action 𝐴𝑡 = 1/0;
𝑣
𝑖/𝑖+1
up

is the value function of tier 𝑖/𝑖 + 1 after page 𝐾 is upgraded; 𝑠′ represents the post-upgrade

state; and 𝑣
𝑖/𝑖+1
not

and 𝑠 correspond to the value function and state before upgrade, respectively. In

this way, Eq. (6) indicates that taking the upgrading action 𝐴𝑡 = 1 leads to an increase in the return

𝐺𝑡 from tier 𝑖 and 𝑖 + 1, implying a reduction in the overall system latency.

5.4 Updating Value Function
The policy described above is based on the inequality in Eq. (6), which depends on the state-value

function 𝑣 (𝑠). To ensure the policy makes effective decisions across changing states, the value

function must be continuously updated as the system evolves. Our application falls into a specific

category where only the state-value function needs to be learned, rather than the action-value

function. This is because: (1) the same policy is used both for decision-making and for predicting

future rewards, and (2) the action space is binary – either upgrade a page or not – making the

action-value and state-value functions effectively equivalent (derived in the previous subsection

5.3). In RL, standard approaches for learning the state-value function include Monte Carlo methods

and Temporal Difference (TD) learning [72]. Given the characteristics of our case, we adopt the

on-policy TD approach TD(𝜆), which provides a flexible trade-off between Monte Carlo and one-

step TD updates parameterized by 𝜆, and enables efficient and stable learning of the value function

during system transitions.

TD(𝜆) is a procedure for iteratively approximating the value function under a given policy. It

updates the value function approximation 𝑣 (𝑠) as follows:

𝑣 (𝑠) = 𝑣 (𝑠) + 𝛼𝑛 (𝑅𝑛 + 𝛾𝑣 (𝑠𝑛+1) − 𝑣 (𝑠𝑛))𝑧𝑛 (𝑠)
𝛾 = 𝑒−𝛽𝜏𝑛 , 𝑧𝑛 (𝑠) = 𝜆𝑒−𝛽𝜏𝑛𝑧𝑛−1 (𝑠) + 1(𝑠 = 𝑠𝑛)

(7)

where 𝑣 (𝑠) is the approximation of 𝑣 (𝑠), 𝛼𝑛 is the learning rate at the 𝑛th state, 𝑅𝑛 is the rewards at

state 𝑠𝑛 , 𝛾 is the discounting factor (depending on the hyperparameter 𝛽), 𝜏𝑛 is the time the agent

spends in state 𝑠𝑛 , and 𝑧𝑛 is the eligibility trace, which is initialized to 0 and updated by the formula

above, and 𝜆 is the trace-decay parameter of TD(𝜆). Recalling Eq. (5), the cost function is actually a

linear combination of basis functions with parameters 𝑝𝑖 . Thus, we can rewrite the 𝑣 (𝑠) in the form

of 𝑣 (𝑠, 𝑝) =∑
4

𝑖=1 𝑝
𝑖𝜙𝑖 (𝑠), where 𝜙𝑖 (𝑠) = 𝑤𝑖 (𝑠 )∑

4

𝑖=1 𝑤
𝑖 (𝑠 ) . So, the updating of 𝑣 (𝑠) in Eq. (7) using TD(𝜆) is

equivalent to updating the parameters 𝑝𝑖 . The updating formula can be rewritten for 𝑝𝑖 as follows:

𝑝𝑖𝑛+1 = 𝑝
𝑖
𝑛 + 𝛼𝑖𝑛 (𝑅𝑛 + 𝛾𝑣 (𝑠𝑛+1) − 𝑣 (𝑠𝑛))𝑧𝑖𝑛 (𝑠)

𝛼𝑖𝑛 = 0.1/(1 + 100

𝑛−1∑︁
𝑡=0

𝜙𝑖 (𝑠𝑡 ))

𝑅𝑛 = (1/𝑋𝑛)
𝑋𝑛∑︁
𝑖=1

𝑟𝑖𝑒
−𝛽 (𝑡𝑛,𝑖−𝑡𝑛 )

𝑧𝑖𝑛 (𝑠) = 𝜆𝛾𝑧𝑖𝑛−1 (𝑠) + 𝜙𝑖 (𝑠𝑛),

(8)

where the learning rate 𝛼𝑖𝑛 is initialized as 0.1 and decreases according to the accumulated basis

function 𝜙 . The eligibility trace 𝑧𝑖𝑛 is initialized as 0 and updated by Eq. (8). The reward 𝑅𝑛 is given

by the cost signal, where 𝑋𝑛 is the total number of requests in state 𝑠𝑛 , 𝑟𝑖 is the response time of
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Algorithm 1 RL-based Page Migration

Require: RL agents for each tier: 𝑎𝑔𝑒𝑛𝑡1, 𝑎𝑔𝑒𝑛𝑡2, 𝑎𝑔𝑒𝑛𝑡3,

temperature changing model 𝑡𝑒𝑚𝑝_𝑐ℎ𝑎𝑛𝑔𝑒

Input: Workload 𝑤={ <page number 𝐾 , 𝑅𝑒𝑞𝑢𝑒𝑠𝑡> }

for 𝐾,𝑅𝑒𝑞𝑢𝑒𝑠𝑡 in 𝑤 do
Locate page 𝐾 in Tier 1/2/3

if 𝐾 in Tier1 then
Execute 𝑅𝑒𝑞𝑢𝑒𝑠𝑡 on page 𝐾 in Tier1

// No need to check for migration since page already in fastest tier.
else if 𝐾 in Tier2/3 then

First execute 𝑅𝑒𝑞𝑢𝑒𝑠𝑡 on page 𝐾 in current Tier

// Meanwhile use RL-based policy to determine whether to upgrade page 𝐾 to upper Tier
Calculate state variables of upper and current Tier before/after page upgrade:

𝑠𝑡𝑎𝑡𝑒𝑠_𝑡1_𝑏𝑒, 𝑠𝑡𝑎𝑡𝑒𝑠_𝑡2_𝑏𝑒 ,

𝑠𝑡𝑎𝑡𝑒𝑠_𝑡1_𝑎𝑓 , 𝑠𝑡𝑎𝑡𝑒𝑠_𝑡2_𝑎𝑓 .

Use RL agents to calculate cost signal:

𝑐𝑜𝑠𝑡_𝑡1(2)_𝑏𝑒 = 𝑎𝑔𝑒𝑛𝑡1(2) .𝑐𝑜𝑠𝑡_𝑝ℎ𝑖 (𝑠𝑡𝑎𝑡𝑒_𝑣𝑟𝑠_𝑡1(2)_𝑏𝑒 )
𝑐𝑜𝑠𝑡_𝑡1(2)_𝑎𝑓 = 𝑎𝑔𝑒𝑛𝑡1(2) .𝑐𝑜𝑠𝑡_𝑝ℎ𝑖 (𝑠𝑡𝑎𝑡𝑒_𝑣𝑟𝑠_𝑡1(2)_𝑎𝑓 )
𝑙𝑒 𝑓 𝑡 = 𝑐𝑜𝑠𝑡_𝑡1_𝑏𝑒 + 𝑐𝑜𝑠𝑡_𝑡2_𝑏𝑒 , 𝑟𝑖𝑔ℎ𝑡 = 𝑐𝑜𝑠𝑡_𝑡1_𝑎𝑓 + 𝑐𝑜𝑠𝑡_𝑡2_𝑎𝑓
if 𝑙𝑒 𝑓 𝑡 ⩽ 𝑟𝑖𝑔ℎ𝑡 then

Upgrade page 𝐾 to upper Tier

while Tier1 is full do
// Downgrade lowest temperature page in Tier1 to Tier2

end while
end if
// Update RL agents’ parameters
𝑎𝑔𝑒𝑛𝑡1.𝑙𝑒𝑎𝑟𝑛 ( ) , 𝑎𝑔𝑒𝑛𝑡2.𝑙𝑒𝑎𝑟𝑛 ( )

end if
// Change temperatures of pages according to the temperature model
𝑡𝑒𝑚𝑝_𝑐ℎ𝑎𝑛𝑔𝑒.𝑠𝑡𝑒𝑝 ( )

end for

each request, 𝑡𝑛,𝑖 is the arrival time of request 𝑖 , and 𝑡𝑛 is the time arrived at state 𝑠𝑛 . This iteration

process is proved to converge when the basis functions 𝜙𝑖 (𝑠) are linearly independent [79].

5.5 Temperature Model
To capture frequency and recency information from the workload, we define a temperature model

for each page to represent its hotness. It plays an essential role in both the definition of state

variables and the action decisions given by Eq. (6). Specifically, we define a hot-cold function to

represent these temperature changes, including an increasing process and a decreasing process,

which are as follows:

• Temperature increasing: The temperature of a page rises as it receives more access requests. We

describe this process using an exponential formula: 𝑡𝑒𝑚𝑝 = 1 − 0.5

𝑒𝛿 ·𝑟𝑒𝑞
, where 𝑟𝑒𝑞 is the total

number of requests to the page in a time window, and 𝛿 is a tunable scaling parameter. The

initial temperature of a page is then 0.5 when 𝑟𝑒𝑞 = 0.

• Temperature decreasing: When a page is not accessed for a period of time, its temperature

gradually decreases, reflecting its reduced importance and priority. We define the temperature

decay rule as follows:After a certain number of timesteps without any request, the page temperature
decreases by a fixed amount Δ_𝑡𝑒𝑚𝑝_𝑑𝑟𝑜𝑝 until it reaches a minimum threshold of 0.01. The
frequency threshold at which the temperature decreases, and the decaymagnitude Δ_𝑡𝑒𝑚𝑝_𝑑𝑟𝑜𝑝 ,
are determined by the workload duration and access distribution. Once a new request arrives,

the temperature begins to rise again according to the temperature-increasing rule above.

This mechanismmodels the dynamic behavior of page temperature in response to access patterns.

Figure 5 illustrates an example of this process, showing the temperature evolution of a page that

experiences frequent requests during the intervals [10, 70] and [500, 700], with occasional accesses at

timesteps 220 and 400, over a total of 1000 timesteps. The figure demonstrates that the temperature
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Fig. 5. Page temperature evolution when it receives frequent accesses during the intervals [10, 70] and [500,
700] over a total of 1000 timesteps.

Table 4. Upgrade/downgrade decision of different policies.

Policy Upgrade Criteria Downgrade

tLFU Frequency the LFU page

tLRU Recency the LRU page

LRFU CRF value the lowest CRF value page

EXD EXD score the lowest EXD score page

XGB XGB prediction the LRU page

Logi Logi prediction the LRU page

TEMP Temperature the lowest temperature page

ReStore RL condition (Eq.6) the lowest temperature page

model effectively captures the page access characteristics, maintaining higher temperatures during

high-frequency access periods and dropping to lower values when the page becomes cold.

While the temperature model parameters can be calibrated to specific workloads, we find that

ReStore is robust to a wide range of values. For instance, in our experiments, the temperature

increment parameter 𝛿 is typically set between 0.05 and 0.2 depending on the average page access

frequency, ensuring that the temperature increases gradually, which filters out noise from occasional,

"one-hit" accesses while amplifying the signal for truly hot pages. For the cooling mechanism,

we set the decay frequency to
1

10
of the total page count and the decay magnitude to 0.02. This

configuration provides a moderate cooling rate that prevents the state space from saturating

while ensuring that the temperature of inactive pages quickly drops to 0. We observed that minor

variations in these parameters do not significantly impact the RL agent’s convergence, as the

agent learns to adapt its policy to the resulting temperature distribution. Algorithm 1 presents the

pseudo-code of our method.

6 Experimental Evaluation
This section evaluates ReStore and baseline policies, showing that ReStore outperforms traditional

methods in performance, migration overhead, adaptability, and scalability.

6.1 Experimental Methodology
We design a comprehensive set of experiments with both classical and advanced data migration

policies to thoroughly evaluate the effectiveness of ReStore. The performance of each policy is

evaluated in experiments across both synthetic workloads and workloads adapted from real traces,

with different characteristics, including access skew, read/write imbalance, and changing patterns.

These workloads consist of "post-cache" requests, representing the I/Os that reach storage devices

after being filtered by the originating system’s buffer pool.We also test on different device properties,

such as different capacity, latency, concurrency, and asymmetry.
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Table 5. FEMU SSD configurations. Each configuration group defines different read/write latencies and
concurrency levels to emulate a range of device classes.

Tier1/2/3 default config1 config2 config3

Read latency (𝜇𝑠) 30/200/500 7/200/500 30/200/500 7/200/500

R/W asymmetry 1.5/2/4 1.5/2/4 1.5/2/4 1.5/2/4

Concurrency 8/4/2 8/8/2 8/8/2 8/4/2

DataMigration Policies Tested. To evaluate ReStore, we compare it with eight baseline policies: (i)

tLFU (tiered LFU), (ii) tLRU (tiered LRU), (iii) EXD [22], (iv) LRFU [39], (v) XGBoost [28], (vi) Logistic

Regression (Logi), (vii) TEMP (migration policy based on the temperature model in Section 5.5), and

(viii) Sibyl [71]. XGBoost and Logi are ML-based methods adapted from prior work for page-level

operations. Both approaches track the five most recent accesses to each page, using access intervals

as input features. The class label is binary: 1 if the page is accessed again within a fixed future

window, and 0 otherwise. Their models are trained on the first 5% of the workload trace, chosen for

training-time and memory feasibility, and then used as migration policies to predict future accesses.

TEMP is a feature-based policy similar to LRFU and EXD but solely based on our temperature model.

It serves as an ablation of ReStore considering only the temperature-featured 𝑠1. By comparing

TEMP with ReStore, we isolate the performance gain provided by the device-aware state variable

𝑠2. Sibyl is an RL-based method for block-level tiering using neural network-based value function

approximation. We use its public implementation [70] under the same storage configuration. For

static workloads, we also define an Oracle policy as the optimal baseline when the workload pattern

is known in advance. Note that the Oracle policy uses future-known static access frequencies,

making a single initially optimal placement but performing no migrations afterward. For instance,

in skewed workloads, Oracle places frequently accessed pages in faster tiers (Tier 1, or partially in

Tier 2) and the rest in slower tiers (Tier 2 and 3). The upgrade/downgrade mechanisms of all tested

policies are listed in Table 4.

Tiered Storage System Simulation. To emulate different multi-tier storage configurations, we de-

velop a C++-based framework that supports varying the number of tiers, device characteristics, and

migration policies. Each tier maintains information about the tier’s maximum capacity, read/write

latency, and concurrency. A hash table of <page_id, page_metadata, location> tracks page
distribution, where page_metadata includes features such as recency, frequency, and temperature

used by each policy. On each access, the policy’s upgrade/downgrade criteria (Table 4) determine

migrations between tiers. Each tier maintains a min-heap to identify pages for downgrading based

on the policy.

Tier Properties. To evaluate ReStore across diverse hardware environments, we use three setups:

our multi-tiered storage emulator, FEMU, and cloud-based storage instances. All setups follow a

three-tier storage system, where Tier 1 has 1%/3%/6%/12% of total capacity, Tier 2 has 4%/8%/16%, and

Tier 3 covers the full 100% capacity. The storage emulation framework uses the default configuration

shown in Table 5. This setup simulates the fast, medium, and slow tiers based on real-world SSD

performances. Tier 1 has read latency 30𝜇𝑠 and read/write asymmetry 1.5 (i.e., write latency 45𝜇𝑠);

Tier 2 is configured with read latency 200𝜇𝑠 and asymmetry 2.0; and Tier 3 with read latency

500𝜇𝑠 and asymmetry 4.0. The concurrency of fast, medium, and slow tiers is set to 8, 4, and 2,

respectively. We also experiment with varying levels of concurrency and asymmetry, as well as

without asymmetry (to simulate HDDs) for completeness. FEMU [40] is used to evaluate ReStore

across a wide range of SSD architectures. It supports fine-grained configuration of SSD geometry

(i.e., channels, chips, dies, and planes) as well as page-level read, program, and erase latencies. From

the host perspective, FEMU devices appear as standard NVMe SSDs, allowing applications to interact

with emulated devices as if they are physical drives [40]. We define four configuration groups
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Fig. 6. Distribution of page access frequencies in standard benchmarks and real-world workload traces.

to assess robustness, covering a large variety of SSDs. Detailed settings are provided in Table 5.

Additionally, we run experiments on cloud-based volumes to validate ReStore on real storage devices.

We use three attached storage volumes configured with different read/write speeds via OpenStack

QoS (read_iops_sec and write_iops_sec) parameters, serving as the fast, medium, and slow

tiers. Specifically, for fast tier we set read_iops_sec to 33,333 and write_iops_sec to 22,222, to

approximate the read/write latencies used in emulation (30𝜇s / 45𝜇s). For the medium and slow

tiers, read_iops_sec and write_iops_sec are set to (5000, 2500) and (2000, 500), respectively.
Static Workloads.We test three static workloads with varying skew: 5hf90, 10hf90, and 10hf80.
The notation xhfy represents that y% of the accesses are performed on x% high-frequent (hf ) pages.
5hf90 and 10hf90 differ in access concentration, while 10hf80 has lower skew. To isolate the effects

of access skew, different high-frequency pages are used for 5hf90 and 10hf90, but the same pages

are used for 10hf90 and 10hf80. Unless otherwise mentioned, these workloads have 50% reads and

50% writes, and they consist of 1,000,000 operations and 10,000 unique pages. We also test system

scalability with increased page counts and number of operations.

Dynamic Workloads. To evaluate the performance of different policies under workload drift, we

introduce four dynamic workloads: A (5hf90 + 10hf80), B (5hf90+10hf80+20hf80), C (5hf90*10), and
D (5hf90*50). These workloads simulate shifting access patterns by combining multiple phases. For

example, Workload A consists of a first phase with the 5hf90 pattern, followed by a second phase

with the 10hf80 pattern. Further, 5hf90*n refers to a workload with 𝑛 phases, where each phase has

a 5hf90 skew on a different 5% of the pages. All synthetic workloads are summarized in Table 6.

Table 6. Our synthetic workloads.

Name Type Description

5hf90 static Skewed 90% access on 5% pages

10hf90 static Skewed 90% access on 10% pages

10hf80 static Skewed 80% access on 10% pages

A dynamic 5hf90 + 10hf80
B dynamic 5hf90 + 10hf80 + 20hf80
C dynamic 10 phases of 5hf90
D dynamic 50 phases of 5hf90

Table 7. Standard benchmarks and real-world traces used.

Trace Name #unique_pages #operations Read/Write (%)

TPC-C 16842331 62925641 77.5%/22.5%

TPC-E 19274163 31884418 87.9%/12.0%

YCSB 61960292 92728323 99.6%/0.3%

Google Thesios 16417 95970071 59.7%/40.3%

MSR_hm_1 51733 2308560 4.7%/95.3%

MSR_wdev_0 79677 695995 71.8%/28.2%

Real-world Workloads. To evaluate the robustness of each policy, we use real-world I/O traces

from well-known benchmarks, such as including TPC-C (8 traces from 14000 warehouses and 300

users) [35, 77], TPC-E (6 traces from 200,000 customers) [35, 78], and YCSB [84, 85]. The YCSB

trace is generated using Workload A on a 250M-record RocksDB instance with 1B operations,

collected on a 28-core server with 128 GB RAM and two NVMe SSDs using blktrace. We also

include Google Thesios [59] and two MSR traces (hm_1, wdev_0) [49]. The Thesios traces are

synthesized from Google production HDD workloads using the sampling-and-combination method,

which reconstructs representative full-resolution traces by combining sampled I/O from similar

entities. The MSR Cambridge traces include raw I/O activity from 36 volumes across 13 enterprise

servers. These traces are replayed as collected and converted into page-level workloads, assuming
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a 4KB page size. Each trace contains various access patterns, page sizes, and levels of skew. Table 7

provides a high level description, while Figure 6 visualizes the distribution of access frequencies.

6.2 Experimental Analysis
We now present a detailed experimental analysis of ReStore’s performance across various scenarios.

Unless stated otherwise, the experiments use our multi-tiered emulation framework by default.

ReStore Outperforms All Baselines in Static Workloads. In our first set of experiments, we

evaluate the performance of each policy for the static workloads (5hf90, 10hf90, 10hf80) under
different tier capacity configurations. Figure 7a presents the overall latency of each workload for

each policy as tier capacities change. We observe that latency decreases as the size of the faster tier

increases, i.e., the top row of Figure 7a (small fast tier) has the highest latency, while the bottom

row (large fast tier) has the lowest. The figure also shows that ReStore achieves the overall best

performance, for instance, ReStore achieves 5%, 40%, 23%, 7%, 49%, 31%, and 13% lower runtime

compared to tLFU, tLRU, LRFU, EXD, Logi, XGB, and TEMP for 10hf90 workload with 1% Tier 1 and

4% Tier 2 capacity (middle group of bars in the top left sub-figure of Figure 7a). ReStore demonstrates

stable performance trends similar to the optimal Oracle policy as tier capacity increases.

The figure also shows that tLFU performs well under such skewed workloads, as its frequency-

based decisions enable it to effectively capture long-term access patterns in the workloads. We also

observe that TEMP works particularly well when the faster tiers have higher capacities, whereas

EXD’s performance does not depend on the tier capacity too much. This suggests that while

the temperature model is highly efficient at identifying hf pages, it lacks resource optimization

constraints and is more sensitive to workload variations than the EXD score. The ML-based policies,

Logi and XGB, perform very well when fast tier capacities are large, indicating that ML models

are highly accurate in predicting hf pages – Logistic Regression provides solid accuracy, while

XGBoost performs even better. However, due to their rigid prediction-driven mechanism, these

policies trigger a significantly higher number of page migrations when fast tier capacity is limited

(as shown in Figure 7b). We further notice that tLRU and LRFU have relatively worse performance

in terms of runtime in these experiments, which is because recency-based policies incur a lot of

data migrations in such skewed hf workloads that adversely affect the overall runtime.

The latency bars of the figure also include CPU time (lower part of each bar, detailed numbers

can also be found in Table 8), stacked with data access time. While ReStore has a higher CPU time

compared to other feature-based policies because of the high computation cost of RL updating,

ReStore still outperforms other baselines thanks to its optimal data placement decision based on both
workload and device properties. This, in turn, causes fewer migrations compared to other policies.

ReStore Improves Performance through Fewer Migrations. Migration is a costly process

involving both an upgrade and a downgrade operation. Figure 7b presents the total number of

page migrations (on a logarithmic scale for better visualization) for each policy from the previous

experiment. Each bar reflects the combined number of migrations from Tier 3 to Tier 2 and from

Tier 2 to Tier 1. We observe that tLRU and LRFU incur the highest number of migrations, indicating

their inability to capture workload skewness. Logi and XGB result in even more migrations under

capacity-limited scenarios, highlighting a core limitation of ML-based policies in such cases. In

contrast, ReStore consistently leads to significantly fewer migrations than all other policies –

ReStore reduces migrations by up to 8×, 48×, 19×, 7×, 53×, 27× and 21× compared to tLFU, tLRU,

LRFU, EXD, Logi, XGB, and TEMP, respectively. This demonstrates that ReStore improves the

overall performance via minimizing migration overhead through optimal data placement.

ReStore can Adapt to Workload Drift. In this set of experiments, we evaluate ReStore and

other policies under dynamic workloads where the access patterns drift recurrently. Figure 8
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presents the performance evaluation, which shows that ReStore consistently outperforms other

policies, particularly in scenarios where access patterns change more frequently. For example, for

3% Tier 1 and 8% Tier 2 (mid-left subfigure of Figure 8), ReStore achieves up to 2.81×, 1.03×, 3.51×,
4.28× speedup compared to LRFU (the next best rule-based policy) for workload A, B, C, and D,

respectively. The performance trend remains similar for different tier capacities across different

workloads. We observe that ReStore has the highest performance improvement for workloads C

and D, which includes the highest amount of workload drift, showcasing ReStore’s adaptability.

Overall, ReStore achieves up to 6.1×, 5.3×, 4.9×, 6.0×, 2.1×, 1.6×, and 1.4× speedup compared to
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Fig. 9. Performance under varying read/write ratio with asymmetry (top) and without asymmetry (bottom) for
5hf90 workload with 3% Tier 1 and 8% Tier 2 capacity. ReStore delivers stable performance for any read/write
ratios, with performance improvement independent of asymmetry.

tLFU, tLRU, LRFU, EXD, Logi, XGB, and TEMP, respectively; and 1.19×–1.88× on average. We

also observe that recency-based policies, such as tLRU, show a marked improvement compared

to their performance on static workloads, reflecting their adaptability to short-term changes. On

the other hand, tLFU, which performs well on static workloads, struggles with workload drift but

remains competitive. TEMP and EXD exhibit higher robustness than LFU, with TEMP showing its

strength for frequently changing workloads (workloads C and D). XGB and Logi show improved

performance compared to static workloads, especially under high-drift conditions, which highlights

the generalizability of ML models. However, they incur over 10× more page migrations (on average

13.2× for XGB, and 20.7× for Logi) compared to ReStore to attain similar performances.

ReStore is Robust for Different Read/Write Ratios.We now evaluate ReStore and other policies

as we vary the read/write ratio of the 5hf90 workload under both symmetric and asymmetric

device configurations. Figure 9 presents the performance of different policies where the x-axis

r1w-r99w, represent workloads with 1%-99% reads. The top figure shows the total runtime on

devices with read/write asymmetry (e.g., SSDs), while the bottom shows performance on devices

without asymmetry (e.g., HDDs). As expected, Figure 9 shows that in an asymmetric environment,

latency increases with more writes. ReStore outperforms other baselines for all read/write ratios,

demonstrating its stability. A careful look at both figures also reveals ReStore’s resiliency to

device asymmetry, maintaining stable performance across different read/write ratios, unlike other

policies that exhibit higher latency in asymmetric conditions. This is because ReStore considers the

asymmetry in its decision-making, which is crucial in heterogeneous storage environments.

ReStore Scales with Data Size. This set of experiments demonstrates the scalability of each policy

as we increase the size of the 5hf90 workload by orders of magnitude. Specifically, we increase the

number of pages from 10,000 to 10 million (a three-order magnitude increase) and the number of

operations from 1 million to 100 million (a two-order magnitude increase). Figure 10 shows the

normalized latency of each policy relative to the Oracle policy. We observe that ReStore scales

effectively with data size. Specifically, its normalized latency increases slightly, from 1.03 to 1.12, as

both the number of pages and operations grow significantly (first group of bars and fourth group of

bars). In contrast, LFU experiences an increase in normalized latency from 1.1 to 1.45, LRU from 1.35

to 1.55, LRFU from 1.04 to 1.27, EXD from 1.16 to 1.53, XGB from 1.08 to 1.44, and TEMP from 1.04

to 1.28. Meanwhile, the performance of the Logistic Regression-based policy degrades significantly,

primarily due to an explosively increasing number of page migrations. These results highlight

ReStore’s ability to handle large-scale workloads while maintaining predictable performance.

ReStore is Robust across Different Devices.We further test robustness across hardware con-

figurations by varying device speeds. Specifically, we set the read latencies for Tiers 1, 2, 3 to (30,

200, 500), (30, 200, 2000), and (30, 2000, 5000) 𝜇s to simulate different SSD/HDD combinations, and

re-run the 5hf90 workload under the same capacity setups as in Figure 7a. We observe consistent
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Fig. 10. Normalized latency relative to Oracle of each policy as #pages and #operations increases for 5hf90
workload with 3% Tier 1 and 8% Tier 2 capacity. ReStore scales effectively with the data size.
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Fig. 11. ReStore achieves the lowest normalized latency (relative to Oracle) under standard benchmarks and
real-world traces, consistently outperforming all other baselines.

trends – for example, ReStore is 1.4× faster than tLRU and 1.1× faster than XGB – indicating the

stable performance of ReStore regardless of device characteristics. We exclude the figure for brevity.

ReStore Excels for Real-World Workloads. We evaluate ReStore and other policies using

standard benchmarks like TPC-C [77], TPC-E [78], YCSB [16, 84], and Thesios [59], whose workload

characteristics are detailed in Section 6.1. Given the varying number of pages in these benchmarks,

we use different tier capacity settings: for TPC-C and TPC-E, the maximal capacity of Tier 1,

Tier 2 and Tier 3 is 2M, 8M, and 20M pages; for Thesios, capacity of Tier 1, Tier 2 and Tier 3

is 1K, 5K, and 20K pages; for YCSB, Tier 1, Tier 2 and Tier 3 capacity is 10M, 20M, and 70M

pages. Since the number of unique pages and the number of requests differ, the runtimes vary

significantly across workloads. Therefore, we present in Figure 11 the normalized latency of each

policy relative to the Oracle. The figure shows that ReStore consistently outperforms other policies

across all workloads. Notably, ReStore can surpass the static Oracle in high-drift scenarios because

its continuous adaptation outweighs the benefits of a fixed, albeit initially optimal placement,

demonstrating ReStore’s effectiveness for real-world scenarios. More precisely, ReStore achieves

2.3×, 2×, 2.2×, 2.1×, 2.2×, 1.6× and 1.5× lower runtime compared to tLFU, tLRU, LRFU, EXD, Logi,

XGB, and TEMP for the YCSB workload, and similarly maintains superior performance across other

workloads. We further observe that LFU performs well for Thesios, which closely resembles our

static skewed workloads. While the performance differences between recency- and frequency-based

policies depend on specific traces, ReStore maintains a clear advantage by dynamically adapting to

diverse workload patterns.

Comparison with Sibyl. For completeness, we compare against Sibyl [71], the only RL-based

data placement approach for multi-tiered storage. While all policies in our study operate at the

page-level granularity using our multi-tiered storage emulator, Sibyl migrates groups of pages.

Figure 12 compares Sibyl with ReStore and the baseline policies using MSR_hm_1 and MSR_wdev_0

traces (originally used in the evaluation of Sibyl). We run experiments on FEMU [40] with the
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Fig. 12. Normalized latency of each policy relative to Sibyl on MSR workloads. Sibyl, which uses a single
thread, underperforms compared to other approaches that exploit parallelism. ReStore consistently achieves
the lowest latency.
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Fig. 13. Performance of various policies with different storage setups (details in Table 5). Performance is
stable for all policies, with ReStore consistently achieving the best results.

default configuration as specified in Table 5. Each group of bars represents the normalized latencies

against Sibyl. To match Sibyl’s single-threaded setup, we first enforce all policies to use a single

thread. The results under this condition are shown in the first two bar groups: hm_1_ST (single

thread) and wdev_0_ST. We then allow requests to be grouped for ideal concurrency and re-run

the same workloads, with the corresponding results reported in the latter two bar groups (denoted

with the ‘_Con’ suffix). These results show that Sibyl can reduce I/O latency through improved

data placement using its RL agent, outperforming some baseline policies. However, its lack of

concurrency awareness leads to significant under-utilization of the storage devices. Furthermore,

as reported in Table 1, Sibyl requires an extensive pre-training phase – over 10× longer than the

training times for XGB and Logi – to achieve satisfactory results. In contrast, ReStore consistently

outperforms all other policies across both workloads, demonstrating both adaptability and efficiency.

ReStore is Robust across Diverse FEMU SSDs. Figure 13 presents the overall response time

of multiple policies under different FEMU setups when running the MSR_wdev_0 workload. The

performance trends of all policies remain consistent with those observed in the default configuration,

demonstrating the robustness of these methods to varying device characteristics. Notably, ReStore

consistently achieves the lowest response time across all configurations.

Extensibility to Different Tier Numbers. To demonstrate that ReStore is naturally extensible to

various storage architectures beyond a 3-tiered setup, we tested a 2-tiered setup using the default

Tier 1 configuration (30𝜇𝑠 read, 45𝜇𝑠 write, 1%–12% capacity) and the previous Tier 3 as the new

archival Tier 2. Figure 14 shows that ReStore consistently performs the best across both static and

dynamic workloads, mirroring the trends of the 3-tiered experiments. This confirms that ReStore’s

agent-per-tier architecture is robust and scales seamlessly across different storage hierarchies.
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Fig. 14. Performance comparison in a 2-tiered configuration using both static and dynamic workloads. The
results demonstrate ReStore’s extensibility, showing that its performance advantages and the trends relative
to other baselines remain consistent across different tier counts.

Experiment on Real Cloud-based Storage. To further evaluate the robustness of ReStore and

baseline policies, we conduct experiments on the cloud server. We run selected workloads: 10hf90,
MSR_hm_1, and Google Thesios on the three configured volumes. Figure 15 shows that ReStore

outperforms the baseline approaches, demonstrating its robustness for cloud-based execution.

Notably, the ML-based policies (XGB and Logi) perform significantly worse, primarily due to their

excessive migration operations – where the additional cost of data transfer between cloud volumes,

amplified by network bandwidth limitations, leads to increased latency.
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Fig. 15. ReStore outperforms baseline policies on real devices in a cloud server with three QoS-configured
storage tiers, showing trends consistent with the emulator results.

CPU and Memory Overhead. While ReStore achieves good runtime improvements, it comes

with an increased CPU cost. Compared to the Oracle policy, LFU and LRU require extra memory to

track page frequency or recency and maintain a heap for the least-used pages. LRFU and EXD also

use heaps to record their CRF values or EXD scores. TEMP keeps a temperature model per page

(as described in §5) with a heap to locate the coldest page. ReStore adds slightly more overhead

than TEMP due to its multiple RL agents. Table 8 reports the average CPU time per access and

memory usage for each policy on the 5hf90 workload. XGB shows the highest overhead because of

its complex model, while ReStore also has moderately high costs. However, as seen in Figures 7-13,

ReStore’s performance gains far outweigh these extra CPU and memory requirements, making the

overhead negligible.
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Table 8. CPU time and memory overhead of each policy.

Oracle tLFU tLRU LRFU EXD Logi XGB TEMP ReStore

CPU (𝜇𝑠) 0.701 0.734 0.899 0.798 0.802 2.117 4.013 1.860 4.358

Mem. (MB) 1.919 2.249 2.280 2.303 2.344 2.755 2.907 2.136 2.349

7 Conclusion
Data migration remains a core challenge in multi-tiered storage systems. Existing methods either do

not balance performance gain and migration cost or fail to consider device-specific characteristics.

Leveraging reinforcement learning’s strengths in flexible state definitions and dynamic policy

adjustment, we present ReStore, an efficient data migration solution for multi-tiered storage.

Through carefully designed state variables, ReStore considers both workload and storage device

properties, including read/write asymmetry and concurrency. While our temperature-only baseline

(TEMP) offers a lightweight solution for simpler settings, the full RL formulation in ReStore bridges

the gap between workload patterns and hardware constraints, as well as provides the necessary

adaptivity to changes in the environment, resulting in more stable improvements under a wide

range of configurations. We demonstrate ReStore’s effectiveness through experiments on workloads

of varying sizes, access patterns, and different device configurations. ReStore outperforms other

baselines, including the temperature-only approach, under skewed workloads, workload drift, and

varying read/write ratios, while also scaling effectively, demonstrating its adaptivity and robustness.
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