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Abstract: Modern multi-tiered data storage systems optimize file access by managing data
across a hybrid composition of caches and storage tiers while using policies whose deci-
sions can severely impact the storage system’s performance. Recently, different Machine-
Learning (ML) algorithms have been used to model access patterns from complex work-
loads. Yet, current approaches train their models offline in a batch-based approach, even
though storage systems are processing a stream of file requests with dynamic workloads. In
this manuscript, we advocate the streaming ML paradigm for modeling access patterns in
multi-tiered storage systems as it introduces various advantages, including high efficiency,
high accuracy, and high adaptability. Moreover, representative file access patterns, includ-
ing temporal, spatial, length, and frequency patterns, are identified for individual files,
directories, and file formats, and used as features. Streaming ML models are developed,
trained, and tested on different file system traces for making two types of predictions:
the next offset to be read in a file and the future file hotness. An extensive evaluation is
performed with production traces provided by Huawei Technologies, showing that the
models are practical, with low memory consumption (<1.3 MB) and low training delay
(<1.8 ms per training instance), and can make accurate predictions online (0.98 F1 score
and 0.07 MAE on average).

Keywords: multi-tiered data storage systems; streaming machine learning; workload
patterns

1. Introduction
Modern data storage systems, such as Huawei OceanStor Dorado, Dell Unity XT,

and HPE Alletra Storage, optimize data access by distributing data through a hybrid
composition of caches and storage tiers composed of different storage media devices (e.g.,
NVRAM, SSD, HDD). Each action of a cache (e.g., admit, evict, prefetch) or tier (e.g.,
migrate up, migrate down) is governed by different policies, which individually influence
the performance of the entire system. Such policies are used, for instance, to mitigate
the latency of retrieving data, increase the lifespan of flash memory devices, and ensure
enough space is available in a cache or tier to store new data. Therefore, caching and tiering
policies are fundamental for building modern multi-tiered storage systems. However, the
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performance of such policies is susceptible to the storage workload, often generated by
numerous applications accessing thousands of files in parallel. While there have been
several efforts to understand and exploit file access patterns on data storage systems to
benefit caching and tiering policies [1–8], the growing number of storage workloads with
crescent complexity, such as machine learning, scientific workflows, and data science, poses
a challenge to keep these policies up-to-date.

One solution to this challenge is to enable data storage systems to learn workload
patterns. In recent years, there have been many efforts to support caching and tiering
policies using different machine-learning algorithms. Even though such policies can
be used at various levels of the storage’s software stack and operate on different data
abstractions (e.g., memory pages, disk blocks, files), the employment of Machine Learning
(ML) is similar across them. For instance, algorithms such as Neural Networks, Decision
Trees, Random Forests, and Support Vector Machines are commonly trained with a set of
data storage I/O requests to learn the workload patterns and then predict the value of
a certain attribute of a page, block, file, or object (e.g., access frequency, next offset) that
is required by a policy to make its decisions [9–15]. Even though modern data storage
workloads reflect continuous and dynamic streaming of data requests, current approaches
learn workload patterns by training their models offline in a batch-based fashion. This
drives the need for systems to retrain their models regularly; a process that demands extra
space to store new training data as well as additional processing to update the model,
thereby hurting system performance. Deep Learning (DL) [16–18] further exacerbates the
issue as it requires significant computational resources at scheduled intervals, leading to
inefficient resource utilization. In addition, the models can become outdated between
training cycles, reducing predictive accuracy for dynamic environments [19].

In this work, we investigate the use of streaming machine learning (as opposed to
traditional batch-based models) to learn workload patterns that are useful for caching
and tiering policies in multi-tiered, file-based storage systems. Streaming ML involves
training models online by processing one training instance at a time and introduces various
advantages, including (i) high efficiency during both training and using the models, (ii) high
accuracy in predictions, and (iii) high adaptability to changing workload patterns [20]. We
perform our analysis over a set of production traces provided by Huawei Technologies.
First, we identify and exploit file access patterns, including temporal, spatial, length, and
frequency patterns at different granularity (i.e., file, directory, and file format), for extracting
data features reflecting various spatiotemporal and semantic associations. These features
are extended with other basic file and request information (e.g., file size, request offset)
typically used for this purpose by prior work. The features are then used in real-time
to build streaming ML models within a new online learning framework. To show the
generality of the framework, models are developed for making two types of predictions.
The first one involves predicting the next file offset to be read by a future file request in a
particular file. The second one involves predicting the future file hotness of a particular
file (i.e., a metric that determines the file’s future access rate and is defined concretely in
Section 4.1). For evaluation purposes, one regression and one classification model are built
for each type of prediction, totaling four models.

In summary, this paper makes the following contributions:

• We show that file access patterns calculated per file, parent directory, and file format
are strong features for ML models that predict the presented target variables.

• We present and evaluate a set of representative and robust features to be used with
streaming ML models for predicting the next offset and future file hotness.

• We describe an architecture for an online learning framework for generating and
testing training instances efficiently and in real time while the system is running.
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• We show, using real production workloads, that streaming machine-learning models
are vital in supporting the high and continuous number of I/O requests with evolving
access patterns present in modern data workloads.

In our preliminary work [21], we explored using one streaming classification model to
predict the next file offset to be read in a file. In this work, we (1) generalize the application
of streaming ML to multiple targets (i.e., next offset and future file hotness) using both
classification and regression; (2) formalize the file access patterns as features; (3) present
the conceptual architecture of an online learning framework; and (4) provide an extensive
experimental evaluation with comparisons to other rule-based, machine-learning, and
deep-learning models.

The rest of this paper is organized as follows. Section 2 discusses the related work.
Section 3 presents the file access patterns, while Section 4 discusses feature extraction and
selection. Section 5 presents the online learning framework. Section 6 presents model
selection and hyperparameter tuning. Section 7 presents the experimental evaluation.
Section 8 discusses the potential limitations of the proposed approach along with future
directions. Finally, Section 9 concludes the paper.

2. Related Work
There have been several efforts to support caching and tiering policies by learning

workload patterns from data storage workloads using Machine Learning (ML). Even
though these approaches are applied at different levels of the storage’s software stack, the
usage of ML is similar across them. In particular, it is used to predict a certain attribute
of a page [14,17,22–32], block [12,15,18,33–38], file [9–11,39–46], or object [13,47,48], where
the target attribute varies according to the strategy of the policy (e.g., next offset, access
frequency, next access time, associated items). In order to predict such targets, each
approach employs a set of features for representing the workload patterns, commonly
derived from different sources such as metadata, data requests, and historical information.

Notably, a subset of features and attributes to be predicted are common across systems.
For instance, caching and tiering policies that operate on blocks are generally aimed at
predicting the next offset [37,49], next block [12,15,18,24,26,27,36], or correlated blocks [35]
to be accessed in the near future. The most common features used include the requested
offset, length, last access time, and the access frequency of blocks. The most common ML
techniques applied are Markov Models and Neural Networks. Policies that operate over
files are usually aimed at predicting the access frequency. The most common features are
the attributes of files and objects such as name, permissions, type, creation time, size, and the
requested offset and length [11,14,16,31,39–42,50–54]. The most common ML algorithms
employed are Reinforcement Learning, Decision Trees, and Neural Networks.

We model the prediction of the next offset to be accessed and future hotness of a file as
both regression and classification to demonstrate the generality of the proposed approach.
To this end, we built a set of representative features that mix attributes commonly used by
the related work (e.g., file name, creation time, requested offset, request length) and new
attributes such as the access patterns presented in Section 3.2 that can be identified online
(e.g., sequential reads). In our feature evaluation (Section 4.3), we demonstrate that access
patterns are representative features that help ML models in their predictions.

The ML models employed by prior work, such as Markov Models, Neural Networks,
and Decision Trees, are batch-based models that can provide high-accuracy solutions but
require offline training and testing. Some systems retrain their models from time to time, or
employ incremental learning, in an effort to meet an online demand [11,32,40,48]. However,
retraining and updating the models periodically can lead systems to underperform in
the presence of new workloads, due to models being outdated for certain time periods.
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Systems that perform offline training and testing must also store massive historical datasets.
On the other hand, streaming ML can provide high-accuracy models by training, testing,
and evaluating models online. Streaming ML models are able to capture changes in the
underlying data distribution they model (i.e., data access patterns) and naturally adjust
to workload changes over time with minimal overhead. Also, they significantly lower the
need for historical datasets.

Most of the related work attempts to learn and predict the next action in the workload
(e.g., next block to be read, next offset to be accessed, the probability of a file to be accessed)
and commonly uses similar features to perform these predictions. Similar to the related
work, we aim to predict similar targets such as the next offset to be accessed and the hotness
of a file to be read in the near future. However, we identify an effective set of features to
predict both target variables that includes access patterns (e.g., sequential reads, uniform
lengths) to be used with streaming ML models. To the best of our knowledge, we are the
first to systematically use access patterns as features, as well as streaming ML to support
caching and tiering policies.

Streaming ML is becoming popular for continuously training models for various
industrial applications, including cyber security, IT infrastructure maintenance (AIOps),
anomaly scoring, and drift detection [55]. One work utilized steaming ML to develop
a data mining-based horizontal fragmentation method in Data Warehouses to optimize
query response time and system efficiency [56], while another work studied the combined
problem of the system configuration and hyperparameter tuning of ML applications over
distributed stream processing engines such as Apache Spark Streaming [57]. Streaming ML
has also been deployed in other domains, such as in social computing for detecting online
aggression on social media [58], in urban management for IoT-enabled waste management
in smart cities [59], and in electronic health for online estimation and inference of treatment
effects [60].

Several streaming ML libraries are available, each with unique features. Massive
Online Analysis (MOA) [20] offers a collection of well-established online algorithms for
streaming classification, clustering, and change detection. Vowpal Wabbit [61] is a streaming
ML framework built on the perceptron algorithm with a strong emphasis on reinforcement
learning. Jubatus [62] provides stream mining capabilities by tightly integrating its ML
library with a custom-built Distributed Stream Processing Engine (DSPE). streamDM [63]
is a data mining framework that implements streaming ML algorithms specifically for
Spark Streaming. Lastly, Apache SAMOA [64] supports distributed ML computation across
multiple DSPEs, including Storm, Flink, Samza, and Apex.

3. File Access Patterns
In this section, we present the input trace characteristics used in our analysis and

discuss how we model a set of representative access patterns that are used as features for
the streaming ML models.

3.1. Input Traces

We perform our analysis over a set of 17 different production traces provided by
Huawei Technologies and collected from hybrid (i.e., multi-tiered) data storage systems of
the Huawei OceanStor Dorado and Pacific Series. Each input trace consists of a list of file
I/O requests to be processed by the storage system. Each request consists of a process id of
the application submitting the request, an epoch timestamp of submission, a file operation
(e.g., open, read, write, close), a full file path name, a request offset (in bytes), a request length
(in bytes), the file size (in bytes), and the duration of the operation (in microseconds). The
traces exhibit a very high degree of variability in their characteristics: the number of file
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requests ranges from 3 K up to 6.7 M, originating from 1 up to 44 K applications running
in parallel, accessing from 17 files up to 860 K files, with individual file sizes ranging
between 0 bytes and 32 GB. In addition, 7 out of 17 traces are read-heavy (containing >90%
read requests), while 4 traces are write-heavy (<50% read requests). After investigating
the read requests, we observe that only 5 traces perform predominately sequential reads
(>90%), while 7 traces perform a majority (>50%) of random reads. Table 1 summarizes
the information about the traces, including the number of files accessed, the total number
of requests, and a breakdown per request type (i.e., open, close, read, write). Overall, the
traces exhibit very diverse and complex access patterns. Given that the proposed features
and models work well across all 17 traces (as shown in Section 6), we believe they are
generalizable to other workloads and systems.
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Table 1. Breakdown of file request operations per trace, including the number of files and applications, the number of file requests per request type, and the
distribution of random and sequential read/write requests.

Trace 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

# Total Files 66 26 27 38 3376 17 3764 4498 2725 4464 4591 79 21 72 860,465 26,684 56,321
# Applications 1 24 2 60 18 1 66 131 43 849 104 40 6 1 341 3077 43,928
# File Requests 3328 5622 49,923 41,696 40,372 71,528 126,849 213,983 197,161 217,004 217,076 1,496,468 4,050,788 3,216,929 4,422,753 6,093,193 6,767,326

# Open Requests 111 47 20 7524 12,127 16 39,513 79,755 32,672 76,042 38,421 151 19 276 1,469,542 43,559 822,047
# Close Requests 111 47 20 7524 12,127 16 39,513 79,755 32,672 76,042 38,421 151 19 276 1,469,542 43,559 822,047
# Read Requests 3106 5513 113 25,448 14,435 48,859 40,825 52,346 65,979 64,772 64,592 404,013 45 3,196,567 1,473,466 5,128,388 3,908,841
# Write Requests 0 15 49,770 1200 1683 22,637 6998 2127 65,838 148 75,642 1,092,153 4,050,704 19,810 10,203 877,687 1,214,391

Read Ratio (%) 100 99.73 0.23 95.50 89.56 68.34 85.37 96.10 50.05 99.77 46.06 27.00 0.00 99.38 99.31 85.39 76.30
Seq. Reads (%) 97.30 96.90 89.38 21.15 23.47 99.81 25.87 16.49 44.89 26.59 62.17 99.97 71.11 76.49 0.09 97.65 85.28
Seq. Writes (%) 0.00 60.00 100 98.17 91.74 99.97 0.00 73.95 99.99 0.00 99.82 100 100 98.25 98.53 97.93 95.42

Duration (min) 14.0 84.6 3.8 122.6 11.3 3.7 1.8 37.2 23.5 46.1 19.0 3.1 8.4 14.0 17.1 61.3 43.4
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3.2. File Access Patterns

A sequence of file requests can exhibit various access patterns, which we organize into
four major groups: (i) temporal, (ii) spatial, (iii) length, and (iv) frequency patterns. For every
new file request, we extract the required information and compute each listed pattern along
with how frequently each access pattern appears.

The temporal pattern represents the frequency in which a file receives read/write I/O
requests over time. Files can be accessed based on an intense frequency (i.e., each request
is submitted almost immediately after the previous one) or a mild frequency (i.e., there is
some small delay between request submissions). The temporal pattern requires storing the
last n request times per file to be calculated. Consider T f as the set of n previous request
times for a file f . Thus, the temporal pattern is given by:

δ( f ) =

intense, ∀ti ∈ T f : |ti − ti−1| ≤ ∆, ∆ > 0

mild, otherwise
(1)

where ∆ is a configurable length gap between consecutive requests. Whenever |T| reaches
the size of n, we remove the last item of T.

The spatial pattern represents the order in which the data are accessed in a file. Files can
receive sequential and non-sequential (or random) I/O requests over their data. A sequential
spatial pattern represents a file that has its data accessed contiguously, without any gap in
the accessed data requested between file requests. Consider H f as the access history of file
f , containing the pairs (o, l), where o is an offset and l is a length. Also consider n as the
size of H. The spatial pattern of f is given by:

ω( f ) =

sequential, ∀(oi, li) ∈ H f : oi = oi−1 + li−1

random, otherwise
(2)

When |H|’s size reaches n, the last (oldest) pair in H is removed.
The length pattern represents the variability of the length size requested to be read from

or written to a file. This pattern determines whether or not requests over a file are accessing
equal-sized blocks of data. Thus, it can be of uniform length size or variable length size. H f

holds the history of the previous accessed offset (o) and length (l) of each file. The length
interval is given by:

λ( f ) =

uniform, ∀(oi, li) ∈ H f : |li − li−1| = 0

variable, otherwise
(3)

The frequency patterns provide an estimate of the number of times a file f has been
accessed. We differentiate between two forms of frequency patterns. The first form is the
file access frequency, represented by a number between 0 and 1, amortized by a logarithmic
function. It requires storing a counter c f per file f to count the number of times the file is
open for reading and is given by:

ρ1( f ) = 1 −
(

1
log2 (c f + 2)

)
(4)

The intuition for ρ1( f ) is to have the shape of a logarithmic function that starts from
point (0, 0), increases quickly for small c f , and then converges to the value 1 as c f goes to
infinity. The second form is the fully read frequency metric, which calculates an approximation
of how many times this file was fully read, normalized by the size of the file. It requires the
total number of bytes accessed from a file (b f ) and the file size (s f ), calculated by:
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ρ2( f ) =

⌊
b f

s f

⌋
(5)

We aggregate these file access patterns into two additional sets of patterns to provide
a greater context to the learning models. We aggregate by files under the same directory and
by files with the same file format (e.g., text, audio, image, video, compression, executable,
scientific, source code, etc.). For the temporal, spatial, and length patterns, we maintain
counters for the access frequency of each pattern for each file under a parent directory.
Then, we compute the ratio of each pattern over all patterns identified for that directory. For
the frequency patterns, we count the number of distinct files in the directory and aggregate
the files’ fully-read frequencies. In the traces, we did observe some interesting patterns for
some directories. For instance, files under the /etc directory are often very small files that
are open and closed, or open, read once, and closed. We also noticed during our analysis
that files with the same format sometimes tend to follow the same trends.

4. Feature Extraction and Selection
The objective for feature extraction and selection is to build a set of representative

features that can be used by ML models for making various types of predictions, such as
the next offset and hotness of a file. Based on the analysis of file access patterns discussed in
Section 3, we extracted a set of 37 features, presented in Table 2 and discussed in Section 4.1,
that are derived from information extracted from file requests, file metadata and patterns,
directory patterns, and file format patterns. The target variables are presented next in
Section 4.2, while feature evaluation is presented in Section 4.3.

Table 2. Combined score of p-value, Chi-squared, and Gini Importance for all the features across all
traces. ✓indicates selected features.

Feature Next File Next Offset Next File Next Offset
Hotness Hotness Class

Class

Sc
or

e

Se
le

ct
ed

Sc
or

e

Se
le

ct
ed

Sc
or

e

Se
le

ct
ed

Sc
or

e

Se
le

ct
ed

Request

Request Operation 0.77 2.20 ✓ 1.36 1.00
Request Offset 2.24 ✓ 2.73 ✓ 1.71 ✓ 2.64 ✓
Request Length 0.99 1.35 ✓ 1.33 1.72 ✓

File

File ID 1.33 ✓ 1.33 ✓ 1.73 ✓ 1.61 ✓
File Size 1.89 ✓ 1.40 ✓ 2.05 ✓ 2.07 ✓
Time Since Creation 0.90 1.11 ✓ 1.53 ✓ 1.21
Time Since Last Access 1.03 1.25 ✓ 1.11 1.25
Time Since Last Update 0.55 0.66 1.07 0.83
History of Open Times 1.53 1.10 1.23 1.13
File Hotness 1.90 ✓ 1.09 ✓ 2.13 ✓ 1.59 ✓
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Table 2. Cont.

Feature Next File Next Offset Next File Next Offset
Hotness Hotness Class

Class

Sc
or

e

Se
le

ct
ed

Sc
or

e

Se
le

ct
ed

Sc
or

e

Se
le

ct
ed

Sc
or

e

Se
le

ct
ed

File Access Patterns

Length Pattern 0.99 ✓ 1.62 ✓ 1.59 ✓ 2.56 ✓
Length Pattern Frequency 1.53 ✓ 1.56 ✓ 1.53 ✓ 2.11 ✓
Spatial Pattern 1.10 ✓ 1.59 ✓ 1.60 ✓ 2.00 ✓
Spatial Pattern Frequency 1.91 ✓ 1.72 ✓ 1.66 ✓ 2.19 ✓
Temporal Pattern 1.17 ✓ 1.64 ✓ 1.47 ✓ 1.59 ✓
Temporal Pattern Frequency 1.79 ✓ 2.17 ✓ 1.90 ✓ 2.00 ✓
Access Frequency 1.83 ✓ 1.38 ✓ 1.84 ✓ 1.64 ✓
Open Frequency 1.28 ✓ 1.10 ✓ 1.99 ✓ 1.47 ✓
Fully Read Frequency 2.47 ✓ 2.00 ✓ 2.92 ✓ 2.51 ✓

Directory Access Patterns

Directory ID 1.59 ✓ 1.51 ✓ 2.15 ✓ 1.86 ✓
Temporal Intense Ratio 1.88 ✓ 1.48 ✓ 1.88 ✓ 1.77 ✓
Temporal Mild Ratio 2.05 ✓ 1.69 ✓ 2.08 ✓ 1.93 ✓
Spatial Sequential Ratio 1.50 ✓ 1.11 ✓ 1.58 ✓ 1.56 ✓
Spatial Random Ratio 1.65 ✓ 1.39 ✓ 1.81 ✓ 1.91 ✓
Length Uniform Ratio 1.39 ✓ 0.90 ✓ 1.50 ✓ 1.42 ✓
Length Variable Ratio 1.68 ✓ 1.46 ✓ 1.79 ✓ 1.61 ✓
File Count 1.26 ✓ 1.18 ✓ 1.85 ✓ 1.70 ✓
Access Frequency 1.56 ✓ 1.04 ✓ 1.36 ✓ 1.21 ✓

File Format Access Patterns

File Format ID 1.03 ✓ 1.13 ✓ 1.67 ✓ 1.46 ✓
Temporal Intense Ratio 1.66 1.24 1.39 1.13
Temporal Mild Ratio 1.77 1.36 1.52 1.13
Spatial Sequential Ratio 1.32 0.71 1.17 1.01
Spatial Random Ratio 1.47 1.08 1.42 1.30
Length Uniform Ratio 1.32 0.76 1.27 1.05
Length Variable Ratio 1.65 1.24 1.57 1.43
File Count 1.10 ✓ 0.94 1.60 ✓ 1.36 ✓
Access Frequency 1.40 0.86 1.12 0.90

4.1. Feature Extraction

As file requests are executed on a storage system, the file metadata information is
updated, and the various patterns discussed in Section 3 can be computed and stored at
the level of files, directories, and file formats. This aggregated information is then used
for generating the features presented in Table 2 in an online fashion, as explained later in
Section 5. All features are normalized to values between 0 and 1 but with different normal-
ization approaches. Next, we discuss the set of extracted features and their normalization,
grouped by their granularity.

Request Features: These are collected at the level of individual file requests and
include the Request Operation, Request Offset, and Request Length. The Request Operation is
encoded with a specific number assigned per operation type: 1 for Open, 2 for Write, 3 for
Read, 4 for Close, and 5 for Delete, normalized by dividing it by 5. The Request Offset and
Request Length are normalized using the size of the file accessed by the request.

File Features: These are extracted from basic file metadata on a per-file basis, and
they include the file ID, file size, time since creation, time since last access, time since last update,
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history of open times, and current file hotness. They identify the file and aim to determine how
frequently this file is accessed and/or updated. The file size is normalized by the fifth root,
over the fifth root of the biggest file size found in the system (defaults to 32 GB). Different
approaches to normalization were also considered. With min–max normalization, smaller
file offsets and lengths would acquire very small normalized values that would be almost
indistinguishable from each other. For instance, 80% of the files have a size of less than 8
GB, but they would be normalized to less than 0.25 with min–max normalization, while
the remaining 20% would acquire values between 0.25 and 1. The fifth root normalization
spreads the normalized values in a more representative fashion. In the above example,
those 80% of the files are normalized between 0 and 0.76.

The history of open times reveals how frequently the file is opened. The size of
the history is configurable and set to 10 by default. Timestamps are well-known to be
bad features because they continuously grow over time. Hence, instead of using them
directly, we use the time difference between each consecutive pair of open timestamps as
features. All time differences are normalized using min–max normalization, where max is
a configurable time window.

The hotness of a file represents the file’s access rate over a defined time interval.
Intuitively, the more a file is accessed and more recently, the higher its hotness value. The
file hotness h is calculated as:

h( f ) = ∑∀t read( f , t)× weight(t)
f ilesize( f )

(6)

where read( f , t) is the amount of data read from file f during time period t, weight(t) is the
weight of t, which is inversely proportional to the time difference between the current time
and the beginning of t, and f ilesize( f ) is the size of f .

File Access Patterns Features: The current temporal, spatial, and length patterns are
maintained as a class with a specific number representation (e.g., mild temporal is 0 and
intense temporal is 1). In addition to the pattern itself, we also maintain the pattern frequency,
which represents the frequency of the intense, sequential, and uniform identification of the
temporal, spatial, and length patterns, respectively. The pattern frequencies are normalized
with the following:

npattern_ f requency(c) = 1 − 1
max (log (c), 1)

(7)

where c is the frequency of the intense, sequential, or uniform pattern. Finally, three more
features are extracted: the file access frequency, file open frequency, and fully read frequency,
which aim to quantify the frequency of access. These are normalized using min–max
normalization.

Directory and File Format Features: These features are similar and hold an aggregated
view of the access patterns for each directory and each file format. We hypothesize that
there is often a predominant pattern in the directory or file format, and that this pattern
would help the model in its predictions. Each directory and each file format maintains the
same set of nine features: an ID representing the directory or file format; the ratio of each
pattern identified over all files under the specified directory or file format; the files count,
representing the total number of distinct files under the same directory or with the same
file format; and the access frequency, counting the total access frequency of the files under
the same directory or with the same file format. The file, directory, and file format IDs are
normalized by

nmod(x, M) =
|x|%M

M
(8)
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where x is the hash value of the file name, directory, or file format and M is a configurable
max number of files, root directories, and file formats, respectively. We set M = 1,000,000
for file IDs and M = 100 for directories and file formats. The counts and access frequency
features are normalized by the fifth root, as was done for the file size discussed above.

4.2. Target Variables

Target variables represent the values to predict, such as the next offset to be read and
the hotness of a file in the near future. Accurate prediction of these two targets can drive
caching and tiering policies into making important decisions that optimize the performance
of multi-tier storage systems. Next offsets can be used for prefetching data into the cache
proactively, thereby reducing the access latency of future read requests. File hotness is a
proxy of how popular a file will become, which is crucial when making cache eviction,
cache admission, and tier migration decisions. The target variables are also calculated and
added as a target column to the feature vectors to generate training instances.

The Next Offset target variable is a numeric value, and a natural solution is to model it
as a regression. The advantage of doing so is that, if accurate enough, it can determine the
next portion of the file to be accessed, helping a prefetching policy to make good decisions.
However, a moderate or even a small error when predicting the next offset may mislead
to different regions of the file. This motivates us to also model the prediction of the Next
Offset as a 3-class classification problem by determining if (1) the next offset is continuous
to the current offset, (2) the next offset is at a random file location, or (3) the file will not
be read anymore; labeled as sequential, random, and none, respectively. Classification is a
relaxation of the regression problem, yet provides sufficient information to help prefetching
policies to take action in the presence of primarily sequential workloads.

The Next File Hotness is also a numeric value (computed using Equation (6)), represents
the hotness of a file during a future time interval, and can be modeled using either regression
or multi-class classification. The prediction of the next file hotness as a regression has the
advantage of differentiating how hot (or cold) a file is, which can help cache and tiering
policies to take actions, such as prioritizing files during data movement. Contrary to the
prediction of the next offset, a small or moderate prediction error may not affect determining
how hot the file will be in the near future. This motivates modeling the prediction of the
next file hotness as a classification problem. We categorized the file hotness into six distinct
classes, with the first class being the coldest and the sixth the hottest. The number of classes
was determined based on the distribution of the normalized values of file hotness across all
traces.

Overall, we modeled both problems as regression and classification to analyze their
performance and differences, computing four target variables: Next Offset and Next Offset
Class for predicting the next file offset with regression and classification, respectively, and
Next File Hotness and Next File Hotness Class for predicting the future file hotness with
regression and classification, respectively.

4.3. Feature Evaluation and Correlation Analysis

During feature evaluation, we analyze the impact of each feature for predicting the
four target variables for each trace. Then, we extract a representative and robust subset
of features that is sufficiently accurate for performing the predictions across all 17 traces,
giving us confidence that these features will also work with other traces. To do so, we use
four different and widely used statistical metrics: (i) the p-value test, (ii) the Chi-squared
test, (iii) the Gini Importance, and (iv) the Correlation Matrix. Each test provides a different
perspective on the relationship between features and the target variable, and using them
together can lead to more robust and reliable feature selection. The p-value test determines
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the features that have a strong relationship (p ≤ 0.05) with the target variable, the Chi-
squared test indicates the probability of predicting values closer to the testing samples,
the Gini Importance metric (calculated from a Random Forest model) determines the
importance of each feature in predicting the target variable, and the Correlation Matrix
expresses the correlation of extracted features between them.

Next, we present the detailed results of the four metrics for the Next Offset target. The
results for the other target variables are similar. According to the p-value metric, the File
Size, History of Open Times 10, Request Offset, File Fully Read Frequency, and File Temporal
Pattern Frequency are highly important to predict the Next Offset. The connection between
some of these features is clearly explained by their nature. For instance, the Request Offset is
often correlated with the next offset because of the high frequency of sequential operations.
However, the connection between features such as the File Size or the History of open times
with ∆ = 10 is not so straightforward. This happens because the p-value might produce
false positives due to incorrect connections with the target variable. For example, History of
Open Times 10 is frequently set to 0 because many files are not opened 10 times or more,
while the (normalized) next offset is often very close to zero due to the many reads that
start at the beginning of a file. Thus, employing the three metrics in conjunction is valuable
for diminishing the possible false-positive effect from a single metric.

Following the p-value, the Chi-squared test also gave a high score for the Request Offset
and File Fully Read Frequency. These features have higher scores in Traces 14–17, which are
traces with a high number of sequential read requests. In contrast with the p-value metric,
the File Size received a lower score from the Chi-squared test. It is interesting to observe
that file access patterns received high scores from both metrics. For instance, the File Length
Pattern and the File Spatial Pattern received a positive p-value score, while their weight
received a high Chi-squared score. The access patterns related to files and directories
received the highest scores, while the file format patterns received, in general, lower scores.
This indicates that the file access patterns are correlated to the target variables and can
help the prediction models. The key results from the Gini Importance are similar to the
Chi-squared results and are not elaborated due to space constraints.

Finally, our correlation analysis has revealed that most of the features exhibiting a
correlation are features related to the access patterns. This happens because many patterns
are mutually exclusive. For instance, a file can only be currently either sequentially accessed
or not. Note that the patterns for the File Format are typically correlated with the Directory
patterns. This happens because many directories often host files with the same formats.
The correlation is similar across all target variables.

The objective during feature selection is to decrease the number of features by re-
moving non-representative or correlated features and leaving only a subset of the features
that will yield good prediction results across all traces. After calculating the p-value, Chi-
squared, and Gini Importance for each target variable across all traces, we combine the
computed values to generate one single representation of each metric. For each tested
feature, we add how many times it was selected by the p-value test across the 17 traces and
normalize the sum to the 0–1 range (by dividing by 17). Next, we average the Chi-squared
values per feature across the traces and perform min–max normalization to the 0–1 range.
We repeat the latter process for the Gini Importance score. The final score is computed by
summing the three normalized values per feature, and we use it to rank the most important
features. Summation is used because it is simple, interpretable, and effectively balances
feature importance without introducing bias. Additionally, since all scores are already
normalized, summation naturally maintains a balanced aggregation without distorting
the impact of high rankings. Finally, we use the correlation matrices to remove redundant
features. Table 2 presents the combined scores for each feature, along with an indication
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(✓) if the feature was selected during our feature selection process. Features with a final
score of less than 1 exhibit low importance when predicting the target variables and thus
can be discarded without loss of correctness in the prediction task. For instance, the Time
since last update of a file has the lowest score across all target variables. On the other hand,
Fully Read Frequency and Request Offset have the highest scores across all targets, indicating
that they are helpful in predicting the target values.

The sets of features selected to predict the target variables have some differences, but
the majority of the chosen features are shared between all sets. Based on the ranking scores
and the correlation matrices, we selected all features related to the file and directory access
pattern. From the File Format, we kept only the File Format ID and File Count because the
patterns related to file formats either achieved a low score or had a high correlation with
the selected directory pattern features. Features associated with the history of accesses are
also not selected, except for the Time since last access and Time since creation. The final set of
selected features has 24 features for the Next File Hotness, 27 for the Next Offset, 25 for the
Next File Hotness Class, and 25 for the Next Offset Class.

To gain deeper insight into how each feature affects model prediction, we employed
SHAP (SHapley Additive exPlanations) values [65] derived from tree-based machine-
learning models, namely XGBoost models. XGBoost [66] is a gradient-boosting framework
that builds an ensemble of trees and works well for both regression and classification
problems. For each target variable and each trace, we trained an appropriate model
(regressor or classifier), computed SHAP values for all features, and generated violin
summary plots. In the case of classification, SHAP values were averaged over all classes
to produce a single importance value per feature. Figure 1 displays the violin summary
plots for the four targets for Trace 17, our longest production trace. These plots visualize
the distribution of SHAP values for each of the top 20 features across a sample of 10,000
instances, capturing both the magnitude and variability of each feature’s impact on the
model’s predictions. The spread on the X-axis indicates how much this feature changes
predictions, the direction on the X-axis indicates whether the feature increases or decreases
the prediction, while the vertical spread shows the variation of effect across the data points.

In the Next File Hotness regression setting visualized in Figure 1a, the (current) File
Hotness is the most impactful feature, with positive SHAP values for higher feature values,
indicating that hotter files typically increase the target variable. Features such as File
Fully Read Frequency and File Size also exhibited strong influence, while other features
have SHAP values generally concentrated near zero but showing asymmetry for certain
cases. In contrast, the classification model shown in Figure 1b revealed a broader spread of
SHAP values and highlighted additional influential features such as Time Since Creation
and Directory Access Frequency, reflecting the model’s effort to delineate class boundaries.

As shown in Figure 1c, the (current) Request Offset feature dominates the regression
model for Next Offset, indicating a direct relationship to the predicted next offset, which is
to be expected for sequential workloads. File Length Pattern and File Size also reveal a strong
influence, while Time Since Last Access has an interesting bi-modal effect, according to which
both high and low values can push predictions in either direction, suggesting interaction ef-
fects. On the other hand, the classification model shown in Figure 1d identifies features like
File Length Pattern Frequency and Directory Temporal Mild Ratio as being more discriminative
for distinguishing between Next Offset classes. The broader range and greater dispersion of
SHAP values in the classification plot reflect more complex, nonlinear interactions.
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Figure 1. SHAP summary plot (violin plot) showing the distribution of feature contributions to the
model’s predictions for the four target variables for Trace 17. Each violin represents a feature, with the
width indicating the density of SHAP values across samples. Features are ordered by mean absolute
SHAP value, reflecting their overall importance in the model.

5. Online Learning Framework
Modern data storage systems require supporting a high and continuous number of

requests accessing an ever-growing number of files. These requisites demand a solution
that can act online over the large stream of requests and be able to tackle the changing
properties of data over time. Batch ML models can provide high-accuracy solutions, yet
they require training and testing models offline. On the other hand, streaming ML can
provide high-accuracy models by training models and making predictions online. The
requirements supported by streaming ML models are (i) processing an instance at a time
and only once, (ii) using a limited amount of time to process each instance, (iii) using a
limited amount of memory, (iv) adapting to temporal changes, and (v) being ready to give
a prediction at any time [20]. Overall, streaming ML models can naturally adjust and adapt
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to workload changes over time with minimal overhead and significantly lower the need for
massive historical datasets.

Driven by the aforementioned requirements, an online learning framework has been
designed to collect information from a data storage system in real-time and use it to
generate training instances online for continuously updating ML models. Figure 2 shows
the conceptual architecture of the framework, which can be used along any multi-tiered
file system or file-based storage system. The framework collects file requests in real-
time along with corresponding file metadata from the file system and uses them to build
and incrementally maintain a state, described in Section 5.1. The state and the provided
information are then used to generate feature vectors and targets (i.e., training instances),
which are then used to train and evaluate streaming ML models online (Section 5.2). Finally,
the models can be used for making predictions while the system is running (Section 5.3).
The online learning framework was developed with Java v17 and consists of around
4000 lines of code.

State
Maintenance

Feature
Generation

Target Variable
Computation

file, directory, &
file format states

feature
vectors

training
instances

File
Requests

File
Metadata

Caching
Policies

prediction

Tiering
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Streaming
Machine
Learning
Models

next
offset

next file
hotness

Data Storage System

Online Learning Framework

Figure 2. Conceptual architecture of the proposed online learning framework.

5.1. Online State Maintenance

The information required to translate a stream of file requests into a stream of feature
vectors is tracked by a memory efficient time window comprised of time slices. Each
time slice corresponds to a small contiguous time interval (e.g., 10 s) and holds aggregate
information about the state of files, directories, and file formats accessed within that time
interval. Consecutive time slices may have gaps between them, representing time periods
when the storage system does not process any file requests. The time window only keeps
time slices within the time length of the time window. Any time slice outside this time
length is discarded. The time interval tracked by a time window and the time slices are
configurable parameters. By default, the time slice holds information within 10 seconds,
while the time window is set to 1 hour. Note that the time window is not implemented as a
sliding window in order to avoid the large memory and computational overheads induced
by maintaining a queue of the request data.

Within a single time slice, the information is aggregated at the level of files, directories,
and file formats. For example, a time slice maintains, for each file, the number of times it
was accessed, the time it was last accessed, how much data was read from this file, and,
in general, any information necessary for computing the file features and access patterns
discussed in Section 4.1. Similar information is also maintained for each directory and
each file format accessed during a time slice. For optimization purposes, the time window
also maintains the aggregated information currently stored across the time slices. Each
time a time slice is created or updated, the aggregated information at the time window
level is also updated. Similarly, when a time slice is discarded, the aggregated information
is updated accordingly. Hence, the time window always maintains the most up-to-date
information and is used when needed to extract features for generating a feature vector.

Overall, the time window and time slices offer several key advantages. First, they
bound the amount of information stored regarding the files, directories, and file formats
accessed only during the time window. Second, they enable the efficient computation of the
aggregate states as time moves forward without the need to recompute any values. Finally,
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old information is discarded from the system and does not influence future decisions; a
property that can be very useful as access patterns change and evolve over time.

5.2. Online Training and Evaluation

Generating training instances online entails translating a stream of file requests into a
stream of feature vectors and then appending target variables to them. Given a file request;
the file metadata; and the current file, directory, and file format states, a feature vector can
be generated (as explained in Section 4.1) containing the features required by the streaming
ML models maintained by the system. The target variables are also calculated online and
added to the feature vectors as target columns to generate training instances. The target
generation process (and thus the training instances generation process) is different for each
type of ML model maintained.

Calculating the Next Offset (and Next Offset Class) target requires using the offset of
the current read request as the next offset of the previous read request of the same file, as
shown in Algorithm 1. For this purpose, we maintain the feature vector computed from
the latest read request per file (lines 4–7). When the file is accessed again, the current offset
is set as the target of the previous feature vector corresponding to that file (lines 9–12). The
offset is normalized using the file size so that the target value is between 0 and 1. In the
classification case (not shown in Algorithm 1), if the current request offset equals the end
offset of the previous request, then the target is set to ‘sequential’; otherwise, it is set to
‘random’. When a close request is received, the next offset is set equal to 1 to indicate that
the file will not be read anymore (lines 13–15). In the classification case, the target is set to
‘none’ when a close request is received.

Algorithm 1 Training Instance Generation for Next Offset
Input: f v – feature vector generated from current request

1: f ileID = f v.getFileID()
2: operation = f v.getRequestOperation()
3: previousFV = NULL
4: if not previousFVmap.contains( f ileID) then
5: if operation = READ then
6: previousFVmap.put( f ileID, f v)
7: end if
8: else
9: previousFV = previousFVmap.get( f ileID)

10: if operation = READ then
11: previousFV.setTarget( f v.getRequestOffsetNorm())
12: previousFVmap.put( f ileID, f v)
13: else if operation = CLOSE then
14: previousFV.setTarget(1)
15: previousFVmap.remove( f ileID)
16: end if
17: end if
18: return previousFV

Calculating the Next File Hotness (and Next File Hotness Class) target requires computing
and storing a set of feature vectors for a small period of time (which is equal, by default,
to a time slice interval). Whenever a past feature vector v becomes older than this period
of time, the current file hotness is computed using Equation (6) and set as the Next File
Hotness target of v.

While a streaming ML model is trained online, it can also be evaluated online to
assess its performance using the prequential evaluation [67,68] technique. In prequential
evaluation, the processing of individual training instances follows their order of submission,
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and each individual instance is used to test the model before training the model. This
guarantees that the model is always tested on instances that it has never seen before
and enforces the usage of all available data. The prediction accuracy of the model is
continuously updated with each instance and changes during execution, but tends to
increase and stabilize as more instances are processed. The current prediction accuracy is
included along with each prediction so that the policies are informed about how accurate
the predictions are at any given point in time.

5.3. Online Predictions

A streaming ML model is always available for providing a prediction given a feature
vector. Generating a feature vector requires a file request, file metadata, and the current
states, as discussed above. Hence, when a prediction is needed by a cache or tiering policy,
the file system sends a file request and the latest file metadata to the framework, which are
then used along with the latest states to generate a feature vector. The ML model is then
probed with the generated feature vector and the prediction is returned to the policy.

6. Streaming Machine-Learning Models
The extracted features and target variables discussed in Section 4 are used to train

ML models for predicting either the next file offset to be read or the hotness of a file in
the near future. As multiple streaming ML algorithms are available, we first perform
model selection to identify which algorithms to use for each model application (Section 6.1),
followed by hyperparameter tuning for optimizing the prediction performance of the
models (Section 6.2).

6.1. Model Selection

During model selection, the objective is to select the model with the best prediction
accuracy to performance ratio. For the regression problems, we are looking for an algorithm
that minimizes the Mean Absolute Error (MAE), a commonly used metric in regression,
while being sufficiently fast. We selected a set of popular streaming regression algorithms
available in the MOA framework [20] (v23.04.0) that are representative of different classes
of regressors:

1. K-Nearest Neighbors (KNN) predicts the target value for a new data point by finding
the k (e.g., 10) most similar (nearest) instances from the latest W (e.g., 1000) instances
of the incoming data stream based on a distance metric (e.g., Euclidean distance).

2. Adaptive Random Forest (ARF) is an ensemble learning method that consists of
multiple streaming decision trees (e.g., Hoeffding Trees), each trained on different
subsets of the data stream.

3. Support Vector Regression (SVR) relies on a subset of the streaming training data,
called support vectors, to incrementally define the decision function that minimizes
the error within a predefined margin (epsilon).

4. Linear Regression with Stochastic Gradient Descent (LR-SGD) fits a linear relation-
ship between input features and a target variable by minimizing the difference be-
tween predicted and actual values. The model parameters are updated incrementally
using SGD.

5. Linear Regression with Adaptive Gradient Algorithm (LR-ADA) works the same as
LR-SGD, but the model parameters are updated incrementally using ADA instead
of SGD.

All of the models mentioned above are designed to adapt to concept drift, i.e., changes
in the underlying data distribution over time, by incorporating a variety of mechanisms,
such as using a fixed-size sliding window of recent data points (KNN), replacing a tree
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when its performance degrades (ARF), adjusting the support vectors incrementally (SVR),
and incorporating techniques like learning rate decay or forgetting mechanisms (LR-SGD,
LR-ADA).

We executed these regression algorithms to predict the Next Offset and the Next File
Hotness targets. Table 3 presents the MAE and execution time for Next Offset, while the
results for Next File Hotness are very similar. Regarding prediction performance, KNN has
the lowest MAE because it performs well in common, low-variance cases such as sequential
workloads (which appear in many traces). On the other hand, ARF ranks second lowest for
both targets. ARF handles outliers and complex relationships better, even with a slightly
higher MAE. LR-SGD and LR-ADA have a slightly higher MAE, whereas SVR has the
highest MAE and clearly fails to make good predictions. On the other hand, the execution
time is much higher for KNN compared to the other algorithms, while ARF had the second
highest execution time, revealing a clear tradeoff between prediction performance and
execution time. Based on the above results, ARF was selected as the algorithm to use for
the two regression problems. The decision was driven by two key factors. First, KNN
has a significantly higher overhead (1.6–2.5×) compared to ARF. The second, and perhaps
the most important reason, is related to the inner workings of KNN. Specifically, KNN
computes the distance between the current sample and the available centroids, matching
the sample to the nearest centroid within a time window. This drives KNN to always
under-predict values for the Next Offset. For Trace 1, it under-predicts by about 16k, but
for Trace 4 by typically 1–2 MB (because of larger files).

For classification, the Hoeffding Tree (HT) [20] was compared against the Adaptive
Random Forest of Hoeffding Trees (ARF-HT). HT is a state-of-the-art, memory efficient
decision tree designed for streaming data, capable of learning from large datasets. It exploits
the fact that small samples can be enough to choose an optimal splitting attribute. It also
has a unique feature: it guarantees performance as its output is asymptotically identical to
non-incremental learning using an infinity of examples [20]. HT exhibited about the same
predictive performance as ARF-HT but was an order of magnitude faster, and thus was
selected as our classification algorithm.

Table 3. Mean Absolute Error and execution time of regression models predicting the Next Offset.

Mean Absolute Error (MAE) Execution Time (CPU Time in Seconds)

Trace KNN ARF SVR LR-SGD LR-ADA KNN ARF SVR LR-SGD LR-ADA

1 0.0660 0.0899 1.3806 0.2850 0.1663 7.9667 6.4197 0.4471 0.4530 0.4273
2 0.0123 0.0248 2.8512 0.1550 0.0180 14.3740 7.0607 0.5886 0.5844 0.5566
3 0.1054 0.1822 0.5026 0.5265 0.1402 0.1263 0.3877 0.0675 0.0688 0.0673
4 0.0135 0.0378 10.5670 0.3912 0.1986 48.7526 30.5150 2.1178 2.1466 2.0745
5 0.0227 0.0475 4.8442 0.2129 0.0678 26.9410 14.5455 1.1651 1.1713 1.1596
6 0.0025 0.0083 26.8169 0.0195 0.0032 91.2398 43.4018 3.3994 3.0883 3.2911
7 0.0413 0.0637 15.7229 0.2027 0.1380 70.5418 39.5608 3.3572 3.0529 3.3041
8 0.0285 0.0574 20.8522 0.1423 0.0952 71.4809 48.9063 3.9817 4.0577 3.8280
9 0.0409 0.0725 33.4892 0.2198 0.1064 124.4128 53.3301 4.4851 4.7366 4.6960
10 0.0239 0.0457 26.3200 0.1370 0.0779 99.8426 53.7119 4.9598 4.4258 4.3624
11 0.0146 0.0297 25.1362 0.1132 0.0509 114.9402 60.9934 4.4784 5.1680 4.6234
12 0.0007 0.0048 282.3831 0.0128 0.0009 619.2878 259.6127 26.2367 25.7767 23.4651
13 0.2856 0.2772 0.6463 0.6503 0.3156 0.0520 0.2341 0.0271 0.0299 0.0304
14 0.0009 0.0038 2285.3300 0.0059 0.0021 4887.7723 1943.5129 160.7518 167.5465 170.0269
15 0.0007 0.0075 661.0170 0.0045 0.0020 1625.4702 575.0574 75.6567 69.2641 69.0651
16 0.0033 0.0102 3261.4318 0.0103 0.0041 6139.1183 1850.7011 228.6654 220.5844 223.7565
17 0.0495 0.1039 1777.0460 0.0462 0.0351 2496.2506 1360.6449 194.2261 218.9568 195.6011

Sum 0.6628 1.0668 8436.3371 3.1351 1.4222 16,438.5702 6348.5960 714.6112 731.1119 710.3354
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6.2. Hyperparameter Tuning

The regression and classification algorithms are sensitive to their configuration pa-
rameters, impacting not only the accuracy but also the execution time and the size of the
model. Thus, during hyperparameter tuning, the objective is to identify the best set of
configurations that works for all traces, increases the accuracy, and decreases the execution
time and size of the model. We performed a grid search to find the best set of parameters for
the Adaptive Random Forest (ARF) and the Hoeffding Tree (HT) over the selected features.

Table 4 lists the three primary parameters that impact ARF performance, the tested
parameter values, and the selected parameter values for each regression target. To define
the search space, we leveraged the default values, literature, and domain knowledge [69].
We independently performed the grid search for each trace, finding (slightly) different sets
of optimal hyperparameter settings per trace that minimize MAE. However, our objective
is to find a single set of hyperparameter settings that performs well across all traces to
ensure that the models will also work well with other traces. For this purpose, we first
computed the minimum achievable MAE for each trace across all configurations. Next, we
computed the difference of each MAE from the corresponding minimum MAE per trace.
Finally, for each configuration, we computed the sum of the differences across all traces and
ranked all configurations by this sum. The configuration with the smallest sum represents
the configuration that predicted values closer to the original, with the smallest error across
all traces.

The HT has six major parameters that impact performance, as listed in Table 5. We
use the F1 score metric (i.e., the harmonic mean of precision and recall) to evaluate the
classifications because it provides accurate results for both balanced and imbalanced
datasets. The employed hyperparameter tuning methodology is analogous to the one used
for regression. We first computed the maximum achievable F1 score for each trace across all
configurations. Next, we computed the difference of each F1 score from the corresponding
maximum F1 score per trace. Finally, for each configuration, we computed the sum of the
differences across all traces and selected the configuration with the smallest sum.

Table 4. Tested and selected hyperparameter values for Adaptive Random Forest after hyperparame-
ter tuning.

Parameter Tested Values Selected for Next
Offset

Selected for Next File
Hotness

Ensemble Size (num trees) 5, 10, 30, 40, 100 30 40
Features Per Tree (m) 10, 20, 30, 60 30 60

Features Mode (M=# features)
m, M ∗ (m/100),√

M + 1,
M − (

√
M + 1)

M ∗ (m/100) M ∗ (m/100)

Table 5. Tested and selected hyperparameter values for Hoeffding Tree after hyperparameter tuning.

Parameter Tested Values Selected for Next
Offset Class

Selected for Next
File Hotness Class

Grace Period (instances between splits) 100, 200, 300, 1000 100 100

Split Criterion (used to split nodes) Gini, Info Gain,
SDR Info Gain Info Gain

Split Confidence (max error in splits) 0.05, 0.10, 0.15, 0.20 0.10 0.20
Tie Threshold (to break ties in splits) 0.05, 0.10, 0.15, 0.20 0.10 0.10

Leaf Prediction (method) MC, NB,
NBAdaptive NBAdaptive NBAdaptive

NB Threshold (to permit Naive Bayes) 0, 10, 100 0 0
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7. Experimental Evaluation
This section presents the experimental evaluation of the proposed streaming ML

approach. First, we discuss the performance and trade-offs of the four streaming ML models
concerning their prediction accuracy, model size, and execution runtime in Section 7.1.
Comparisons with batch-based ML/DL models and rule-based approaches are performed
in Sections 7.2 and 7.3, respectively. Next, we present a more in-depth evaluation of
the streaming ML models regarding scalability and adaptability (Section 7.4). We then
repeat our experimental evaluation using an open-source workload from Google’s Thesios
project to show the generalizability of our proposed approach (Section 7.5). We finish the
evaluation by discussing the system overheads (Section 7.6).

7.1. Streaming ML Model Evaluation

In this section, we compare the optimized configurations for the selected features
against (i) the optimized configurations for all features and (ii) the default configurations
for the selected features for each streaming ML model while using the prequential eval-
uation technique (recall Section 5.2). The experiments are run with DITIS [70], Huawei’s
distributed tiered storage simulator, on a machine with a 2.70 GHz CPU and 12 GB RAM.
Each trace runs independently, and the evaluation of each trace starts with an empty
model, which is trained live while the trace is running. This is one of the most significant
advantages of the streaming ML paradigm, as we do not need to pre-train a model in
advance.

Figure 3a,b,c respectively present the average MAE (the lower, the better), the model
size, and the runtime (for testing and training) for the Next Offset regression target. Note
that Figure 3c employs an exponential scale on the y-axis to effectively represent the high
variability in the runtime values across the different traces. Using the selected features
with ARF improved MAE by 12.1% on average for almost all traces compared to using all
features, further validating our feature selection process presented in Section 4. The average
model size increased by 26.2% (around 67 KB) for the selected features because using better
features leads to more frequent tree node splits and the creation of larger models. At the
same time, the overall runtime decreased by 62.5% (i.e., 2.7× improvement). Compared to
the default configuration for the selected features, the optimized configuration improved
MAE in 11 out of the 17 traces, with a highlight to an improvement of 17.0% for Trace 6 and
about 5.5% for Traces 1, 9, and 10. The same configuration, however, decreased the MAE of
Trace 13 by 8.9%. Note that Trace 13 corresponds to a write-heavy workload, yielding only
45 training instances for predicting the next offset to be read. Hence, the model does not
have enough data to learn any meaningful patterns. The optimized configuration did not
present a significant improvement across the other traces, yielding a variation of about 1%.
On the other hand, it decreased the maximum model size by 59.3% (i.e., 2.5× improvement)
and the overall runtime by 74.8% (i.e., 4× improvement). The improvements in model
size and runtime are observed in all traces. Hence, one of the benefits of the optimized
configuration is to trade about 1% of the accuracy in some cases for faster training and
predictions. This is a decision choice that needs to be evaluated when required.

Regarding the Next Offset Class target, the optimized against default configuration
for the selected features improves the average accuracy by 1%, with a highlight to Trace
4; the F1 score improved from 0.91 with the default configuration to 0.98. The optimized
configuration decreased the F1 score for only Traces 6 and 14 by negligible amounts of 0.1%
and 0.02%, respectively. Note that the default configuration already produces a high F1
score, and achieving the improvement presented by the optimized configuration requires
one to increase the model size by 4× and the runtime by 29%. However, the maximum
model size with the optimized configuration is 282 KB (for Trace 14), and thus the model is



Future Internet 2025, 17, 170 21 of 37

still very memory efficient. Hence, the optimized configuration improves the F1 score but
increases the model size and runtime in a justifiable way.
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Figure 3. The (a) Mean Absolute Error (MAE), (b) maximum model size, and (c) runtime when
predicting the Next Offset with ARF using all features with optimized configuration, selected features
with default configuration, and selected features with optimized configuration.

The results for the Next File Hotness and Next File Hotness Class follow the same trends
as the next offset cases and are omitted due to space constraints. In general, we observe
that both the Adaptive Random Forest and the Hoeffding Tree provide highly accurate
models, which are very memory efficient, as reflected by the final size of each model, even
after processing millions of requests.

Next, we drill down into the classification results for the two target variables. Figure 4
presents the confusion matrix for the Next Offset Class that shows how many predictions
are correct and incorrect per class. As we can observe, the classification for the Next Offset
correctly classifies most of the file requests as sequential requests, since many of the traces
have large sequential reads. Even though there is an apparent imbalance problem with
the training data, the model can accurately predict the class, even for the minority classes.
This fact is also evident by the high Precision (0.995), Recall (0.996), and F1 score (0.996).
Similarly, Figure 5 presents the confusion matrix for the Next File Hotness Class. About
63% of the file requests are classified in class ONE and 26% in class TWO. Hence, the
imbalance problem is visible, but the model is still able to achieve a minimal number of
miss-classifications, as well as high Precision (0.993), Recall (0.991), and F1 score (0.992).
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Figure 4. Confusion matrix for Next Offset Class target.

Further, we present two representative line graphs showing the original and predicted
values for the two regression scenarios. In particular, Figure 6 presents the results for Next
Offset for Trace 11, while Figure 7 presents the results for Next File Hotness for Trace 9. These
figures visually demonstrate that, even in the presence of erratic and complex behavior, the
predictions offered by the two models can faithfully follow the trends. At the beginning
of the trace, there is a slightly higher difference between the original and the predicted
values, which reduces as time goes by. This showcases the ability of the streaming ML
models to learn and improve as they are trained with more instances. This is especially
evident in the second half of Trace 11 in Figure 6, where the predicted values match almost
exactly the original values. Trace 11 also serves as a good example of a concept drift in
the access patterns of the workload. The first half of the trace is characterized by complex
non-sequential access patterns, followed by a sudden switch to a sequential access pattern.
The streaming ML model immediately adjusts and starts making correct sequential Next
Offset predictions.
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Figure 5. Confusion matrix for Next File Hotness Class target.
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Figure 6. Original and predicted Next Offset values for Trace 11 with optimized configuration over
selected features.

Figure 7. Original and predicted Next File Hotness values for Trace 9 with optimized configuration
over selected features.

Key takeaways: The optimized configurations for the selected features for all four
models produce highly accurate models (0.98 F1 score and 0.07 MAE on average), which
are very memory efficient (<400 KB), even after processing millions of requests. The
classification models work well, even in a highly imbalanced dataset. Over time, streaming
ML models learn and improve as they are trained with more instances.

7.2. Streaming ML vs. Batch ML/DL

The objective of this section is to compare the proposed streaming ML approach
against three common batch-based scenarios, representing how data engineers would train
and update their batch models in production. The difference between the scenarios lies
in how engineers perform the updates over time, where one would: (1st) train once but
never update the model; (2nd) periodically retrain the model from scratch; and (3rd) retrain
and incrementally update the model. To generate the scenarios, we split the data of each
trace into ten equi-size segments (or buckets). For illustration, the buckets could represent
different periods, e.g., ten consecutive hours. For the 1st scenario, where the engineer
would train once but never update the model, we train the batch model with the first
bucket and test with the remaining buckets. For the 2nd scenario, where the engineer
would periodically retrain the model from scratch, we first train with the data of bucket
#1 and test on the data of bucket #2. Then, we train a new model with the data of bucket
#2 and test with the data of bucket #3, and so on. Thus, we train a model with bucket i
and test with bucket i + 1, without updating the model or aggregating the training data.
For the 3rd scenario, we train incrementally with the data from all the previous buckets
and update the model. Thus, we first train a model with bucket #1 and test with bucket
#2. Then, we retrain a model with the aggregated buckets #1 and #2 and test on bucket #3,
and so on. Thus, we train a model with buckets #1 to i and test with bucket i + 1. For the
streaming scenario, prequential evaluation is used to test and train the model, with the
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results averaged and reported per bucket for a fair comparison. The same training are used
in all scenarios, containing the selected features described in Section 4.

We use Weka [71] (v3.8.6) to create batch ML models that correspond to our streaming
models, namely Random Forest Regressor (RFR) for regression and Decision Tree J48 (DT) for
classification. These two batch models are used in prior related work that proposed ML-
based cache policies [33], while the comparison between these streaming and batch-based
algorithms has been performed in other domains as well [56,58]. Hyperparameter tuning
was performed for all models, and the selected parameters are listed in Table 6. These
experiments are run on a server with a 24-core 2.2 GHz CPU and 128 GB RAM. For each
scenario, we collected the runtime and MAE/F1 score (for regression/classification) for
every bucket used to test the model, leading to nine data points.

Table 6. Selected hyperparameter values for Decision Tree J48 (DT) and Random Forest Regressor
(RFR) after hyperparameter tuning.

Decision Tree J48 (DT) Next Offset Next File
Class Hotness Class

Pruning confidence 0.10 0.20
Num folds for reduced error pruning 3 3
Min number of instances per leaf 2 2

Random Forest Regressor (RFR) Next Offset Next File
Hotness

Number of iterations 40 30
Size of each bag 100 100
Min variance for split 0.001 0.001
Min number of instances per leaf 1 1

Figure 8 presents the average F1 score and Figure 9 presents the total runtime (for
testing and training) for all test buckets when predicting the Next Offset Class for the batch
DT and streaming scenarios. The 1st scenario has the worst F1 score across most traces
because the workload access patterns in many traces change drastically over time. For
example, the 1st scenario achieves very low F1 scores for Trace 4. This trace begins with
sequences of small random read operations and then switches to longer sequential read
and write operations, driving the model to wrongly predict many sequential offsets as
random. The 2nd and 3rd scenarios achieve much better F1 scores as they are (re) trained
over time but at the expense of being, on average, 4× and 13× slower than the 1st scenario,
respectively. The 3rd scenario exhibits a slightly better F1 score than the 2nd scenario in
some cases but at the cost being 3.8× slower than the 2nd scenario due to the increased
training data size for each subsequent bucket. In comparison, the streaming models exhibit
almost the same high F1 scores as the 3rd scenario across the traces. Interestingly, the 3rd
batch scenario achieves a higher F1 score for 7 out of the 17 traces (2.6% on average), while
streaming achieves a higher F1 score for the other 10 traces (4.9% on average). Overall,
streaming ML achieves a 1.8% higher F1 score while being, on average, 7.7× faster than the
3rd scenario, affirming its high performance in predicting the next offset efficiently.

The batch experiments were repeated by replacing the RFR and DT algorithms with
deep neural network models from the Weka DeepLearning4j (v1.7.2) framework [72]. In
particular, we developed Long Short-Term Memory (LSTM) Recurrent Neural Network (RNN)
models, as proposed in [17,30], to make the same predictions. The RNN models were
configured with 25 backward and 25 forward backpropagations through time, an LSTM
layer with the Sigmoid gate activation function and the Rectified Linear Unit (ReLU)
activation function, and an output layer with the softmax activation function and the
multi-class, cross-entropy loss function (MCXENT) as an optimization objective. The Adam
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optimizer, with a mean decay of 0.9 and a var decay of 0.999, was used as the updater, while
Stochastic Gradient Descent (SGD), with a learning rate of 0.001, was used as the updater
for the bias. Due to the excessive running times required for training the models (and the
lack of a GPU), we present only the results from the first 12 traces. Note that lacking a
GPU is a realistic testing environment since storage systems are typically not equipped
with GPU devices and even lack significant CPU capabilities. Hence, even inference from
deep-learning models can be prohibitively expensive in storage systems [47].
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Figure 8. F1 score for the three batch scenarios using DTs against streaming ML for the Next Offset
Class.
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Figure 9. Runtime for the three batch scenarios using DTs against streaming ML for the Next Offset
Class.

Figure 10 presents the average F1 score and Figure 11 the runtime when predicting
the Next Offset Class for the batch RNN and streaming scenarios. The trends and results for
the F1 score are very similar to the ones produced using DTs and discussed above: the 1st
scenario can sometimes lead to very low prediction performance, while the 3rd scenario
offers the best predictions for the batch-based experiments. In general, we did not observe
any significant differences in F1 scores between DTs and RNNs in our experiments. In
terms of runtime, training and using RNNs are 2–3 orders of magnitude slower than using
DTs and, on average, 4000× slower than our streaming ML models, revealing that RNNs
are impractically slow to be used within storage systems in production.
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Figure 10. F1 score for the three batch scenarios using RNN (LSTM) against streaming ML for the
Next Offset Class.
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Figure 12 presents the variation of the F1 score along the buckets for Trace 8 when
predicting the Next File Hotness Class. Note that each bucket corresponds to approximately
3.7 min as the duration of the entire trace is 37.2 min (recall Table 1). For the 1st scenario,
we observe a high variation in the F1 score, with a sudden drop of 20% from bucket #2
to bucket #3 (from 0.97 to 0.77) for both DT and RNN models. Thus, training once but
never updating the model may cause the model to underperform significantly. However,
periodically updating the model or retraining it from scratch can lead the model to better
performance, as observed in the 2nd and 3rd scenarios. This is due to the nature of the
traces, where the workload access patterns of a bucket often have similarities to the ones of
the previous bucket. The 3rd scenario has a better F1 score than the 2nd scenario because it
builds upon previous knowledge. However, the streaming model always exhibits a higher
and stable F1 score because it is continuously updated at every data sample, while the
model from the 3rd scenario is only updated in batches. Hence, even a sudden change in
the workload patterns (as observed clearly in bucket #7 where all batch models experience a
sudden drop in prediction performance) can be learned quickly in a streaming environment
(with a minor drop of 1% in bucket #7).

1 2 3 4 5 6 7 8 9 10 11 12

100
101
102
103
104
105

Traces

R
un

tim
e

(s
ec

)

1st Scenario 2nd Scenario 3rd Scenario Streaming

Figure 11. Runtime for the three batch scenarios using RNN (LSTM) against streaming ML for the
Next Offset Class.
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Figure 12. F1 score per test bucket for the three batch scenarios using DTs and RNNs as well as
streaming ML for Trace 8 for the Next File Hotness Class.

Key takeaways: Periodically retraining a batch model (either from scratch or incre-
mentally) yields higher overall predictive performance than using a fixed batch model,
reducing MAE by 0.12 and increasing F1 score by 6% on average for Next Offset. Streaming
ML further reduces MAE by 0.03 and increases F1 score by 1.8% compared to retraining
the batch model incrementally (3rd scenario). At the same time, streaming ML significantly
reduces retraining costs compared to the batch-based 3rd scenario, as it is an order of
magnitude faster than DTs and three orders of magnitude faster than RNNs.
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7.3. Streaming ML vs. Rule-Based Predictions

This section compares the proposed streaming ML methodology against non-ML,
rule-based approaches that have been used in the past. In particular, for predicting the Next
Offset, we implemented a sequential prefetching policy used in commercial storage systems,
which detects the presence (or not) of the sequential access pattern for a file and makes the
next offset prediction accordingly [73]. For the Next File Hotness, we implemented a linear
interpolation approach using the most recent file hotness measurements for predicting
future file hotness [11].

Figures 13 and 14 compare the F1 score achieved by the rule-based approaches against
streaming ML for predicting the Next Offset and Next File Hotness, respectively. For the
traces that represent predominantly sequential read workloads, such as Traces 1 and 2,
the rule-based approach can make very good predictions and achieve over 90% F1 score.
However, there are also several traces with more complex access patterns, for which the
rule-based approach performs very poorly, with an F1 score as low as 39%. The average
F1 score across all traces is 87% for the rule-based approach as opposed to 98% for the
streaming ML approach. For the next file hotness case, the rule-based approach achieves
an average F1 score of 70% across all traces, revealing that it is hard to predict the future
file hotness based on trends from previous hotness values. On the other hand, streaming
ML achieves a consistent performance, with an average F1 score of 97%.
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Figure 13. F1 score for rule-based approach against streaming ML for Next Offset Class.
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Figure 14. F1 score for rule-based approach against streaming ML for Next File Hotness Class.

Key takeaways: The streaming ML approach consistently exhibits the highest F1
score for all traces for both targets (97% on average), as well as very robust performance,
irrespective of the complexity of the workload.

7.4. Streaming ML Scalability and Adaptability

This section aims to provide an in-depth evaluation of the proposed streaming ML
models regarding scalability and adaptability. For this purpose, we concatenated the 17
traces into one extensive trace containing 27.2 million file requests (testing scalability)
and sudden changes to the workload access patterns at the trace boundaries (testing
adaptability). The file requests are submitted by almost 50 k different applications with
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varying intensity, with the underlying storage system yielding up to 20.3 k IOPS and
3.5 GB/s throughput. We extracted the selected features described in Section 4 from the
trace and generated 14.5 million training instances for the Next Offset case and 9.1 million
for the Next File Hotness case. We used prequential evaluation to evaluate the streaming
ML models in terms of F1 score and MAE (for classification and regression, respectively),
model size, and execution runtime. For comparison purposes, we also evaluated the
corresponding batch-based ML models using the 3rd scenario (as it yielded the highest
predictive performance among the batch scenarios; recall Section 7.2), where we retrain the
model every one million training instances using all the instances up to that point.

Figure 15 shows the F1 score, model size, and runtime (for testing and training per
instance) for the Next Offset Class case. Regarding the F1 score, we observe that the
streaming ML model is able to quickly achieve and maintain a high score of around 99.5%,
with two notable exceptions: near 4 million instances (when Trace 15 begins) and near
5.4 million instances (when Trace 16 begins). As these traces have some different access
patterns not seen previously, the performance of the model drops to 93% but recovers
quickly (as seen in Figure 15a), highlighting the strong adaptability of the streaming ML
model. On the other hand, the batch model experiences multiple performance drops down
to 90–92% F1 score for longer durations and recovers after retraining the model every one
million instances to achieve an F1 score of up to 98%.
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Figure 15. The (a) F1 score, (b) model size, and (c) runtime for the Next Offset Class case using all the
training instances from the 17 traces consecutively. The red points show when a trace ends and the
next one begins.
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The size of the ML streaming model shown in Figure 15b increases linearly to 600 KB
during the first 4 million training instances and sublinearly thereafter as the model grows
more slowly to 800 KB. This observation applies to the batch ML model as well. Similarly,
we observe some variations in the runtime in Figure 15c that are more intense at the
beginning of the trace or near the trace boundaries due to the more active training and
growth of the model. Afterward, the runtime stabilizes to around 0.021 ms per record.
However, what is not shown in these graphs are the additional overheads of the batch-
based approach: (1) 350 MB of memory is required for storing one million records between
each retraining and (2) the first training takes 16.8 s but the time increases linearly and
reaches 231 s for training with 14 million instances. As the streaming ML model trains
whenever a new training instance is generated, there is no need for storing the instances or
retraining the model periodically; hence, it is more scalable than the batch-based approach.

Figure 16 shows the MAE, model size, and runtime for the Next Offset regression case.
Unlike the classification case, the batch-based regression model exhibits a very unstable
predictive performance characterized by high oscillations of MAE between 0.02 and 0.93
(recall the target is normalized in the range 0 to 1), as seen in Figure 16a. Occasionally,
the MAE reduces sharply after some retraining sessions, but shortly after the oscillations
resume. Across the entire trace, the average MAE for the batch-based model is 0.29. On the
contrary, the streaming ML model, with its per-record retraining process, achieves a low
MAE consistently, with an average value of 0.027, i.e., an order of magnitude improvement,
showcasing its great adaptability. The observations regarding model size (Figure 16b) and
runtime (Figure 16c) are the same as with the classification case discussed above.
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Figure 16. The (a) Mean Absolute Error (MAE), (b) model size, and (c) runtime for the Next Offset
case using all the training instances from the 17 traces consecutively. The red points show when a
trace ends and the next one begins.

Key takeaways: Streaming ML demonstrates robust and stable model performance
despite sudden shifts in workload access patterns (moving from one trace to another). On
the other hand, batch-based approaches occasionally suffer from significant performance
drops (e.g., up to 10% F1 score for Next Offset Class) or erratic behavior (e.g., MAE oscil-
lations between 0.03 and 0.92 for Next Offset), even when retraining incrementally (3rd
scenario). The streaming ML model size and runtime remain bounded and low, even after
processing millions of training instances.

7.5. Evaluation with Other Workloads

To demonstrate the generalizability of our proposed solution, we repeated our ex-
perimental evaluation with open-source workload traces provided by Google’s Thesios
project [74] and available in the SNIA IOTTA repository [75]. The Thesios dataset contains
I/O traces from January to March 2024 from three clusters of storage servers in Google’s
distributed storage system with different types of workload traffic. Table 7 shows some
key average statistics per trace per cluster in the Thesios dataset, revealing that each trace
contains tens of thousands of read I/O requests, processing 20–42 GB of data.

Table 7. Average statistics per trace per cluster in the Thesios dataset.

Statistic Cluster 1 Cluster 2 Cluster 3

# Applications 95 193 278
# Read Requests 60,098 42,513 54,542
Data Read (GB) 25 37 30
# Write Requests 85,923 47,791 110,099
Data Written (GB) 16 16 18

For these experiments, we evaluated the four streaming ML models against the rule-
based approaches (recall Section 7.3) as well as the three scenarios of the batch-based ML
approaches with bucket size 5000 (recall Section 7.2). Figure 17a shows the F1 score for
Next Offset Class for the three clusters from the Thesios dataset. The rule-based approach
yields the lowest performance, with only a 59% F1 score on average across the clusters
due to the complex non-sequential access patterns present in the Thesios workload. The
batch-based ML approaches achieve better performances of around 81% F1 score, with the
3rd scenario (incremental retraining) offering marginal benefits (of around 3%) over the
other two scenarios. Finally, the streaming ML approach consistently achieves the highest
F1 score of up to 93% across all traces and clusters, showcasing the strong predictive power
and adaptability of the streaming models. The results are very similar for the regression
models, as illustrated in Figure 17b, which shows MAE for the Next File Hotness case for
the Thesios dataset. Once again, the rule-based method leads to the lowest performance
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(i.e., highest MAE), followed by the three batch-based ML approaches, while streaming ML
achieves the best performance.
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Figure 17. (a) F1 score for Next Offset Class and (b) MAE for Next File Hotness for streaming ML
against rule-based and batch approaches for the Thesios dataset.

Figure 18 shows a more in-depth view of how the F1 score changes over time for Next
Offset Class for a representative trace from Cluster 1 of the Thesios dataset. For most of the
trace, the rule-based approach shows a steady but low performance of around 62% F1 score
because it can only detect specific sequential access patterns. The 1st batch scenario (trained
once) performs well at the beginning (87% F1 score) for some time, but its performance
gradually declines to 66% F1 score because new access patterns appear in the trace that
the model had not seen before. Periodically retraining the model (2nd scenario) reverses
the declining trend and manages to achieve up to 83% F1 score toward the end of the trace.
Incrementally retraining the model (3rd scenario) yields steady performance with 86% F1
score but at the expense of collecting training data and performing costly retraining cycles.
Once again, streaming ML yields the most robust and highest performance of 92% F1 score
throughout most of the trace, even when new access patterns appear over time.
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Figure 18. F1 score for streaming ML against rule-based and batch approaches for Next Offset Class
for a representative trace from Cluster 1 of the Thesios dataset.

The results for the runtime and memory comparison of the approaches are very similar
to those presented in the previous sections using the Huawei production traces and, hence,
are omitted to avoid repetition.

Key takeaways: The results when using the Thesios dataset fully replicate the results
observed when using the Huawei dataset, showing that the benefits of our proposed
streaming ML approach generalize to other workloads from diverse storage systems.

7.6. System Overheads

Finally, we investigate the CPU and memory overheads introduced from training and
using streaming ML models while the storage system is running. The overheads include
both the data and processing needed to maintain the necessary state, generate feature
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vectors and target variables to create training instances, train the model online, and use the
model to make predictions. The training cost for a regression model for Next Offset is, on
average, 1.8 ms per training instance, whereas for a classification model it is only 0.025 ms.
The prediction cost is much lower, at 0.05 ms for regression and 0.005 ms for classification.
The memory overhead is very low and less than 1.3 MB for both training and storing the
models.

The training cost for a regression model for Next File Hotness is, on average, 1.7 ms
per training instance, whereas for a classification model it is only 0.3 ms. The prediction
cost is much lower, at 0.026 ms for regression and 0.004 ms for classification. The memory
overheads for training are higher, with a maximum of up to 116 MB, because multiple
feature vectors are created and kept in memory for some time until a target file hotness can
be computed. However, the models are very memory efficient and up to 302 KB and 58 KB
in size for regression and classification, respectively, for each trace.

The total computational cost for training a classification and a regression model
constitutes only 0.32% and 2.27%, respectively, of the total time the file system spends
serving read I/O requests. As the online learning framework proposed in Section 5
operates asynchronously within the data storage system and the CPU overhead is so low,
the performance of the user-issued file requests is not affected. In addition, the computation
cost for using a classification and a regression model constitutes, respectively, only 0.02%
and 0.28% of the time spent serving read I/O requests, which is minuscule compared to
the potential benefits these models can provide to the underlying storage system.

Key takeaways: The streaming ML approach is very practical, with low CPU and
memory overheads for both training and utilizing the models while the storage system is
running.

8. Discussion and Future Work
The experimental evaluation in Section 7 has demonstrated the high efficiency, high

predictive performance, and high adaptability of the proposed streaming ML approach.
Even though training times are low, a large storage system that processes thousands of
requests per second could generate more training instances per second than the model can
process. To address this issue, dynamic sampling can be used to ensure that the amount of
training instances generated by the system is bounded by the maximum number of training
instances the model can process. Further investigation is required to study how sampling
will impact the prediction accuracy of the streaming ML models.

Another limitation of the proposed approach is that streaming ML algorithms, like
most batch ML algorithms, are centralized. In a distributed system, the training instances
must be transferred to a central location for training the model. Fortunately, the training
instances are small (around 360 bytes each) so the network overhead will be small, even
when transferring hundreds of training instances per second. However, a centralized model
would also introduce a latency overhead for inference. This issue could be addressed by
utilizing a federated learning approach, where each node could independently train a local
streaming ML model that is periodically merged with all other models to converge towards
a global model. We leave the investigation of federated learning for future work.

Another future work involves developing new caching and tiering policies that can
leverage the models’ predictions to make more informed decisions. The prediction of the
next offset can provide prefetching policies with extra information for deciding when and
which file fragments or blocks to prefetch. As shown in the experimental evaluation, the
classification model can accurately detect the sequential access pattern, which can be used
by a policy to prefetch the file fragments to be accessed next. Even though the classification
model can also accurately detect the random sequential access pattern, this information
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alone is not helpful to a prefetching policy. For this purpose, the regression model can
be used for prefetching targeted data into the cache. As the regression model is not as
robust as the classification one (it has a high MAE for some traces), it will be interesting to
implement a hybrid prefetching policy that takes advantage of both models for making
prefetching decisions.

Future cache management and tiering policies can leverage the value (or class) of the
next file hotness prediction and decide to prioritize a particular file over another during
caching or data migrations across storage tiers. Both the regression and the classification
models performed well, but we hypothesize that the extra granularity provided by the
regression model will not significantly improve the performance of the future developed
policies compared to using the 6-class classification model. If this is shown to be correct,
the classification model will be preferred as it is more computationally efficient than the
corresponding regression model.

While the proposed methodology focuses on multi-tiered data storage systems, it is
relevant and potentially applicable to other emerging technologies, such as the Cloud–Edge–
IoT continuum, which integrates cloud computing, edge computing, and the Internet of
Things (IoT) [76]. By intelligently caching and managing IoT data locally at the edge nodes
in real-time, edge computing minimizes the need for repeated data retrievals from central
cloud storage. In addition, hybrid cloud architectures are increasingly being adopted to
balance cost, performance, and security for enterprise systems [77]. Such environments
often employ multilevel caching or storage tiering to optimize data access speeds and
reduce latency. This can be achieved by managing dynamic data movements between fast,
local storage and slower, centralized storage based on real-time access patterns. Finally,
emerging storage technologies such as persistent memory further enhance the capabilities
of cloud storage systems and provide new storage layers that can be used for high-speed
caching and tiering with new characteristics [78].

9. Conclusions
In this paper, we employ streaming ML algorithms for modeling workload patterns in

data storage systems. In particular, we (i) analyzed the access patterns present in several
production workloads, (ii) extracted a set of strong features from these workloads, and (iii)
built a set of ML models that can help data management policies to make more intelligent
data-driven decisions by providing relevant predictions.

During the workload analysis, we identified several file access patterns related to the
temporal, spatial, length, and frequency aspects of the files accessed in the storage system.
The extracted information is related to either a file, a directory, or even a file format. We
observed that directories and file formats can provide extra context to files because they
hold information about the peer files stored in the same directory or with the same file
format. These patterns were found to be relevant and important features during the feature
analysis.

In order to support future caching and tiering policies, we explored the problems of
predicting the next offset and future file hotness as both a regression and a classification
problem, resulting in four different models. We modeled each of these targets using
streaming ML, benefiting from the advantages of the streaming paradigm. The resulting
models have a small memory footprint, are computationally efficient, and achieve high
prediction accuracy for both regression and classification, even in the presence of complex
workload pattern shifts.
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