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Abstract—Inside a solid-state disk (SSD), cache stores fre-
quently accessed data to shorten the user-I/O response time and
reduce the number of read/write operations in flash memory,
thereby improving SSD performance and lifetime. Most exist-
ing cache schemes anchor in the spatiotemporal locality of I/O
requests in workloads. In the face of a long-time workload, high
performance and hit rate often get lost in these caching schemes.
Flash memory-aware caching schemes trade hit ratio to prolong
SSD lifetime. In this article, we advocate for a machine-learning-
based caching scheme named NCache to optimize both hit ratio
and SSD performance. In NCache, we construct a machine learn-
ing (i.e., ML) model to predict whether data are reaccessed before
being evicted from the cache. The cache replacement scheme pref-
erentially evicts data that would not be accessed in the cache. The
cache space is conserved for valid data that are likely to be repeat-
edly accessed. A pipelined scheme is implemented to accelerate
the ML model, alleviating the time-cost of NCache. A double-
linked list boosts the data addressing and cache replacement
process. NCache is orthogonal to the existing caching schemes
within the flash translation layer. The results validate NCache
under a handful of real-world enterprise traces. Taking prn_0 as
an example, NCache reduces the response time of LRU, clean first
LRU (CFLRU), GCaR_LRU, GCaR_CFLRU, and LCR by up to
15% with an average of 6.4%. The erase count is slashed by 16 %
at the maximum. Importantly, NCache is adroit at optimizing
write amplification by up to 15.9%.

Index Terms—Cache management schemes, machine learning
(ML), NAND flash, solid-state disks (SSDs).

I. INTRODUCTION

AND Flash-based solid-state disks (SSDs) have been
widely adopted in large-scale storage systems thanks
to SSDs’ high performance and low power consumption
[1], [2], [3] compared with hard drive disks (HDDs). A portion
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of DRAM close to an SSD controller caches user I/O requests
from the underlying flash memory. I/O requests sharing the
same logical page addresses as the previous ones are serviced
by the cache, which shortens the I/O response time [1]. Due
to limited cache space, a caching scheme plays a vital role in
determining SSD performance and lifetime.

Inside an SSD, improving hit ratio and flash memory
endurance becomes a focal point in the development of
existing caching schemes. The spatiotemporal locality in work-
loads is employed to drive up hit ratio. Flash memory-aware
caching schemes offer to improve hit ratio and program/erase
cycles (P/Es) in flash memory according to the status of
flash memory, for example, garbage collection (GC) and
chip load [4], [5], [6]. However, spatiotemporal locality-based
caching schemes are slated to predict hot/cold data through
historical I/O access pattern in workloads. These schemes
hardly boost performance under weak-locality workloads. The
locality of workloads tends to have fluctuation within a time
period. If the current workload is featured with strong spa-
tiotemporal locality, a locality-based caching scheme will
exhibit a high hit ratio; otherwise, the hit ratio will deterio-
rate. Thus, it is challenging to guarantee a high cache hit ratio
in such a dynamically changing workload. In addition, flash
memory-aware caching schemes manage hot and cold data by
gleaning historical I/O access pattern. More often than not,
discerning hot data from cold data using locality details is
inaccurate; thus, the hit ratio is sacrificed to promote the SSD
performance.

In this article, we propose a machine learning (ML)-based
caching scheme or NCache. NCache gleans the workload fea-
tures in real time. Features are taken as input parameters of an
ML model. Then, NCache judiciously learns whether an /O
request is reaccessed from it entering the cache to be evicted
out. NCache provides a unique and definite decision result for
each cache data. NCache preferentially replaces data that will
be less likely to be accessed. This type of data is referred to as
invalid data. Meanwhile, valid data entail that the cache data
will be repeatedly accessed (see also Fig. 3 in Section III).

NCache puts forward a handful of salient and distinctive
advantages. First, NCache leverages workload features in the
cache to alleviate the limitations of temporal and spatial locali-
ties. The NCache aims to proactively learn the I/O behaviors to
capture workload features. NCache is adept at achieving accu-
rate cache replacement under weak-locality workloads. The
locality in I/O requests is employed in the caching scheme
powered by a traditional linked list. Thus, NCache delivers
high accuracy in the invalid/valid data separation. Second,
NCache is slated to determine future I/O behaviors with regard
to each cache data. NCache preferentially replaces invalid data
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that meet requirements of real-time status in flash memory.
Hence, NCache is outpacing existing caching schemes in
terms of high hit ratio and performance. Notably, NCache
is deployed in computational SSDs, which offer computing
resources to garner real-time features and to execute ML mod-
els. NCache is integrated with the existing caching schemes
as a plug-in inside an SSD and, therefore, NCache produces
a small footprint coupled with low computing cost.

The contributions of this study are highlighted as follows.

1) We put forward a new data organization to record
information of cache data (e.g., hit/miss and location
at the link list) for the ML model. We unify the soft-
ware stack for cache management with that for ML
to enable directly callback among different libraries,
avoiding switch cost between two software stacks. Thus,
NCache is orthogonal to existing caching schemes.

2) Our proposed ML-based NCache learns workload fea-
tures in cache systems, thereby optimizing cache
replacement. Invalid data are evicted from the cache;
meanwhile, valid data are preserved to improve cache
performance.

3) We forge a pipeline scheme consisting of three
processes, namely, feature collection, ML model execu-
tion, and I/O-request services. The pipeline significantly
shortens NCache’s computing overhead.

4) We devise a doubly linked list to quickly invoke and
organize ML results in NCache. An evicted linked list
stores invalid data. Cache data in the evicted linked list
is given a high priority to be swapped out. The doubly
linked list provides an efficient data address to avert an
unnecessary traverse of the entire linked list.

This article is organized as follows. We present the background
and related work in Section II. We introduce the motivation
in Section III. NCache details are presented in Sections IV
and V. We articulate the experimental setup in Section VI
In Section VII, we clarify comparisons between NCache and
other caching schemes. Extensive studies are delineated in
Section VIII. Finally, we conclude our work.

II. BACKGROUND AND RELATED WORK
A. Background

The average memory access time Tmem Of a storage system
is derived from hit time Th;;, miss ratio Rp;ss, and miss penalty
Priss [6]. Thus, we have Trem = Thit + Rmiss X Pmiss, Where
hit time Ty is the time spent in searching cache, and miss
ratio Rpjss 18 the frequency of cache misses. The miss penalty
Priss 1s the cost imposed by a cache miss. The summation of
Rnit and Rpigs is one. In an SSD, cache-miss penalty causes
many write/read requests issued to flash memory when cache
replacement occurs. Replaced cache data written into flash
memory reduces the number of free blocks. A GC [7], [8] is
spurred to conduct out-place-update and erase-before-rewrite
operations, which wear out the limited P/Es in flash memory,
impairing SSD lifetime. Ideally, an efficient caching scheme
should be put forth to suppress miss penalty and prolong
SSD lifetime.

A large-size cache stores hot data with an intent to cut back
data volume written into flash memory [9]. Infinitely increas-
ing cache size is impractical due to the limitation of power
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consumption and costs/bit. By and large, caching schemes
fall into the following two categories. First, caching schemes
employ spatiotemporal locality to enhance hit ratio, including
LRU [10], EELRU [11], 2Q [12], LRFU [13], and ARC [14].
LRU gains its popularity in cache management. Data in a
linked list is updated by means of inserting data at the head
of the list. Newly updated data or hit data moves to the head
because the data have a high probability of being reaccessed.
Second, caching schemes consider hit ratio and miss penalty
in SSDs, such as clean first LRU (CFLRU) [4], GCaR [6],
and LCR [5]. CFLRU uses the LRU-linked list and distin-
guishes clean from dirty data. At the tail of a linked list,
CFLRU has a data window, in which clean data is first phased
out. This is because the replacement scheme for clean data
deletes the cache data rather than destaging data into flash
memory.

Caching schemes in the first category aim to evict data
based on spatial-temporal locality of I/O requests. Under
weak-locality workloads, caching schemes hardly have pos-
itive impact on hit ratio. In addition, cache misses cause a
penalty to access flash memory; this becomes a challenge
to improve both hit ratio and miss penalty. The cache data
at the head of an LRU-linked list has higher hit ratio than
those at the tail. To reduce the cost of accesses to flash
memory, the tail data are evicted with a decreasing hit ratio

(4], [5].

B. Related Work

1) Cache Management Schemes: Caching schemes can
effectively improve the performance of storage systems [9].
Cache data are evicted and updated by replacement
schemes [10], [15].

Hit-Ratio-Based Caching Schemes: These caching schemes
enhance cache utilization by increasing hit ratio, boosting
overall performance. They rely on I/O access patterns, e.g.,
recency in LRU, frequency in LFU, or the combination of
both in SLRU [16] and ARC [14]. In the realm of CPU
cache, the Belady algorithm is applied in the past cache access
information, which guides future cache replacement [17].
PRP [18] replaces data with the minimum hit ratio rather than
the maximum reuse distance.

Flash Memory-Aware Caching Schemes: SSDs have asym-
metric read-write performance [19], [20]. Existing caching
schemes devised for HDDs are inadequate for SSDs [21], [22].
Caching schemes consider features in flash memory to ramp up
SSD performance. CFLRU divides an LRU-linked list into a
work area and a first-clean area. The clean data is first replaced
while maintaining good hit ratio in flash memory. GCaR pro-
files chips’ GC status in advance. Then, cached data is written
into the no-GC chips, avoiding the conflict between GC and
user I/Os. Similarly, LCR [5] replaces cache data to chips
with light load. ECR [23] optimizes LCR to alleviate harmful
effects of adjusting a write window. Fab [24] organizes pages
that belong to the same erased block. These pages are man-
aged in an LRU-linked list. When data in a group hits cache
or just arrives, the entire group moves to the linked list’s head.
Dirty data is written in flash memory whereas the clean data
is discarded.

Unlike the aforementioned caching schemes, our NCache
employs the ML model to govern data replacement. NCache
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TABLE I
LOCALITY OF TRACES

Trace Total Read Write Avg.size Ave.LPA! Standard | Temporal | Space
I/Os Size (GB) | Size (GB) | (KB) & Deviation? | Locality> | Locality*
hm_I 609,311 8.26 0.54 7.99 84,769 117,377 25% 93.8%
WebSearchl | 105,5448 15.24 0.0017 15.1455 | 2,826,307 | 1,220,527 | 0 21.8%
proj_0 4224524 | 897 14427 38.03 1,666,259 | 1,434,655 | 6.4% 33.8%
prxy_0 12,518,968 | 3.04 53.79 4761 510,627 966,618 5.6% 42.8%
stg_0 2,030915 | 7.33 15.09 11.57 815,675 623,726 10.4% 68%
prn_0 5,585,886 | 13.12 45.96 11.09 7,159,110 | 7,091,273 | 6% 93.8%
financial [ 5,334,987 | 2.652 14.57 3.384 51,537 121,220 9.6% 82.8%

1Col.6 is the average of logical page addresses in traces. Symbol "LPA’ represents logical page address. 2Col.7 is the standard
deviation of logical page addresses in traces. Col.8 is the temporal locality of the trace logical addresses, and it reflects the
probability that requests will be repeatedly accessed within a period. #Col.9 is the space locality of the trace logical addresses, and
it represents the probability that an already accessed request will be accessed again for its adjacent logical addresses.

drives up performance by servicing valid data at low cost.
NCache is easy to integrate with other caching schemes.

2) Machine Learning in Storage Management: Applying
ML models in storage systems grasps huge popularity. An
accelerator was integrated in an SSD [25] to deploy deep
learning models to complete data retrieval and analysis in
flash memory. Designers provided a method to tradeoff life-
time, performance, and energy consumption in the nonvolatile
memory medium. MCT [26] was proposed to employ an
ML model to dynamically balance these metrics. An ML
model, predicting CPUs’ reuse data [27], asserts that most
modern memory prefetchers rely on spatiotemporal locality
to speculate future memory addresses. Irregular data struc-
tures are widely used in emerging workloads, which show
a low degree of spatiotemporal locality. Thus, locality-aware
caching schemes may become inadequate for existing memory
prefetchers. A context-based reinforcement learning memory
prefetcher was built to guide memory access semantics accord-
ing to the features of machine and application codes. The
support vector machine (SVM) [28] was applied in a hardware
predictor structure for cache replacement. A random forest
tree-based caching [29] is designed to achieve optimal cache
decision by prediction the popular Web content for proactive
caching.

To enhance cache hit ratio and extend SSD lifetime,
Wang et al. [30] introduced an ML model to avoid unnec-
essary writes in server cache. In contrast to the above studies,
we utilize an ML model to predict whether or not future
I/O accesses hit cache. Our solution is adroit at filtering data
that enters (or evicts) the cache. Traditional caching schemes
are guided by the Belady algorithm [31] to improve cache
performance; however, it is a challenge to capture future
situations. Using spatiotemporal locality to simulate future
situations is ineffective. In SSDs, caching schemes should con-
sider flash memory characteristics while trading hit ratio for
flash memory endurance and SSD lifetime. As such, caching
schemes face a predicament in optimizing SSD performance.
ML makes it possible to predict future accesses without relying
on historical information.

To address the issues in the spatiotemporal-locality-based
schemes, we develop an intelligent caching scheme, NCache,
to leverage ML algorithms in computational SSDs. NCache is
slated to be incorporated into most current caching schemes
with little cost.

III. MOTIVATION

We place seven realistic enterprise traces (see Table I) under
the microscope to investigate the spatiotemporal locality of I/O
requests. We analyze the spatiotemporal locality at intervals of
500 consecutive I/O requests in each trace, aiming to unfold
correlations among I/O requests. Temporal Locality: A trace is
divided into multiple areas, each of which is comprised of 500
consecutive I/O requests. We count the number of same logical
addresses between two neighboring areas, the metric of which
is counted. The average ratio of the total of these metrics to
entire logical addresses is defined as temporal locality of the
trace. Spatial Locality: 500 I/O requests in an area are divided
into subareas by 128 pages in flash memory. We assume that
500 I/O-requests logical addresses are partitioned into N sub-
areas. In the following 500 I/O requests, we record the number
of I/O requests that belong to these N subareas. Accordingly,
we register the number of I/O requests in the same subarea
between two consecutive areas. The average ratio of these I/O
requests to entire ones is computed as spatial locality.

In Table I, the standard deviation of LPAs captures the
fluctuation of I/O requests’ logical addresses. The larger the
value of time locality is, the easier I/O requests will be
accessed. The temporal locality in hm_1 and WebSearchl is
25% and 0, respectively. Thus, hm_1 is easier to be accessed.
The spatial locality of hm_1 and WebSearchl is 93.8% and
21.8%, which assert that the probability of neighboring 1/O
requests to be accessed is 93.8% and 21.8%. WebSearchl has a
poor spatiotemporal locality. Our empirical study suggests that
performance improvement offered by the traditional caching
schemes has hit a roadblock under WebSearchl.

We randomly select subarea-range I/O requests to dabble
in the spatiotemporal locality of traces. Fig. 1 unveils that
prn_0 has a sharp fluctuation, followed by the WebSearchl
and proj_0. The rest of traces have smooth fluctuation. The
avg.LPA and standard deviation in prn_0 are the biggest
among its peers; thus, prn_0 has a sharp fluctuation. Although
WebSearch1 shows a slight oscillation, most LPAs are not at
the same y-axis value. This trend indicates that I/O requests
are relatively discrete. Thus, I/O requests that have been ser-
viced in the prior stage are less likely to be issued again. On
the contrary, the LPAs in prn_0 are close to the same y-axis
value, which means that the I/O requests tends to be repetitive.
Prn_0 has a better spatiotemporal locality than WebSearchl.
Compared with WebSearch1, prn_0’s I/O requests fluctuate but
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amount of I/O requests in the same LPA range are concentrated
in the peak and trough stages.

In the face of weak spatiotemporal-locality workloads, the
predicted result of caching schemes become inaccurate. The
decision result can judge the access probability for I/Os.
Caching schemes relying on the least recently used algorithm
reconcile the cost of I/Os accesses to the flash memory. A raft
of prior work [32], [33] predict reused data in CPUs, where the
performance is optimized by ML modules [27], [34]. The reac-
cess distance is employed to obtain a high hit ratio [31]. The
mechanism of bypass caching schemes are studied to improve
cache performance [27], [33], but no standard decision mecha-
nism is forged to determine which data is written to the cache.
A one-time-access standard method [30] is designed to filter
unnecessary data in the cache to life cache efficiency.

We are motivated to propose an ML-model-based caching
scheme entitled NCache to alleviate optimization issues in
the spatiotemporal locality-based caching schemes. The ML
model is slated to predict whether cache data are likely to be
accessed in the future. A data item enters the cache regard-
less of its future accesses. We leverage a management method
to configure data residence time in the cache, where data are
divided into valid data and invalid data. Valid cache data will
be accessed in the future whereas invalid cache data that have
no luck to be accessed again in the future. Our cache replace-
ment scheme aggressively evicts invalid data from the cache,
thereby boosting cache hit ratio and preventing deterioration
in flash memory.

IV. SYSTEM OVERVIEW

Fig. 2 depicts the ML-based NCache implemented inside
a computational SSD, which is furnished with a comput-
ing unit to perform the ML model and feature collection
inside the SSD. The I/O interface module receives user /O
requests converted into a page-size data. By using page request
information, the feature collection module harvests workload
features—the input parameters of the ML module. The ML
module analyzes the features and makes decisions to assist
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NCache in dividing cache pages into valid data and invalid
data. The cache replacement module preferentially destage
invalid data into flash memory. NCache stores valid data in the
cache as much as possible. The flash translation layer (FTL)
manages flash memory, including address mapping, GC, and
wear-leveling. The pipeline module performs feature collec-
tion, ML module, NCache scheduling, and FTL in parallel. If
only cache service is sparked (i.e., cache hit), the ML module
and the caching scheme are concurrently performed in paral-
lel. When the cache is full and cache misses, the ML model,
caching scheme, and FTL can perform in a pipeline manner.

In Fig. 3, at time t = ¢, user data D1 and D2 enter the
cache. At time ¢t = 1, this is the current state of the cache that
data D1 has been accessed more than once; then, there are n
(n > 1) cache hits for D1. At time r = f,, D1 is a hot data
according to its historical cache hits. The term “/hits” denotes
the number of cache hits for cache data from time f. to the
point when the data are evicted. At time ¢ = 7., the future hit
ratio (¢hits) of data D1 and D2 is set to a default value of
zero. At time ¢ = t,; and f,;, these are the current states of
the cache replacement occurrence for D1 and D2. If there are
n cache hits for D2 before it is evicted, data D2 is marked as
valid data (i.e., shits > 1), whereas D1 is invalid because D1
has not been accessed (i.e., shits = 0).

We employ valid data and invalid data as the reference met-
rics for classification prediction results in NCache: metrics
valid and invalid correspond to “label = 1” and “label = 0”
as articulated in Section V-B. NCache predicts I/O accesses
in the cache in advance based on workload features. Then,
we determine the data in the future I/O access patterns to be
valid or invalid. Amid cache data replacement, NCache strives
to evict invalid data (e.g., D1) in favor of accommodating valid
data.

In addition, we shed bright light on the discrepancy between
hot data and valid data. Hot data are discovered from statis-
tics of I/O access patterns in workloads. Hot data are elected
from past-access features, whereas valid data are detected
from future-access predictions. For example, hot data D1 is
frequently accessed during a time interval from it entering
cache (time ;) to the current time (f = t.). In the LRU, hot
data are determined by an interval (the number of I/O requests)
between two consecutive accesses. The smaller the access
interval is, the hotter the data item becomes. Unfortunately,
this method is ineffective when I/O access patterns dynami-
cally change; the traditional scheme fails in swiftly identifying
such dramatic pattern changes. When it comes to hot data, fre-
quent I/O accesses in the past entail a high priority. However,
if hot data are not accessed for a long time, the data are evicted
in the future, but the data occupy the limited cache space for a
long period. From time ¢, to time f,,, D1 has not been accessed
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before it is evicted; thus, data D1 is envisioned as invalid data.
Our proposed valid and invalid data that are related to future
I/O access patterns in the workload rather than the hot data.

V. DESIGN OF NCACHE

Fig. 4 plots a procedure of serving an I/O request in NCache.
The request restructure module is an extension of the host
interface logic module (HIL).! As the first step, this mod-
ule divides an I/O request into page requests according to the
page size in flash memory. A new page request is composed
of two fields, namely, label and site. The feature collection
& deal module obtains the LPA and serial number of a page
request. Then, this module gleans the page-request features
based on frequency, site, recency, timetolive, and lifetime,
which are transmitted to the ML module. The ML module
in turn generates label information for the page request. The
label information and serial number is used to update the label
value and site value of the new page request. The NCache
scheduler undertakes cache replacement.

Notably, the ML model training is an offline procedure,
which imposes no effect on SSD performance. The ML model
is executed when the SSD runs workloads. Updating an ML
model while SSD is handling requests is abominable because
updating the ML model and data write operations consume
internal bandwidth that impairs user performance. For this
reason, we opt for updating the ML model when SSDs are
sitting idle.

A. ML Model in NCache

The decision-tree algorithm [35], [36], a supervised ML
algorithm, offers high precision and small footprint cost. Thus,
we adopt a decision-tree model in NCache.

We choose an ML method with high precision and low com-
plexity to predict I/O behaviors of the cache. The ML models,
including SVMs, decision tree, and random forest, are popu-
larly applied to uncover I/O patterns in workloads. Regarding
the choice of ML models, we ought to make tradeoff among
model size, accuracy, computational cost, and interpretability
because the ML model is deployed in SSDs furnished with
limited resources. A decision tree is featured with lightweight,
adequate accuracy, and less computational cost than the SVM
and random forest counterparts. On the interpretable side, the

n an SSD, the device-side system includes the HIL, FTL, and NAND
flashes. When arriving at the SSD, the I/O request is inserted into the request
queue in the HIL that divides the request into page-sized subrequests.
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decision tree catered for classification is easily understood
either in the graphical form or a set of “If-Then” rules con-
verted [37]. The decision tree can summarize the classification
rules from the samples of a training set, and these rules are
used to classify data, which in turn predict future I/O access
patterns. In a prior study [30], the performance of several ML
algorithms is evaluated under realistic traces: the results reveal
that the decision-tree algorithm is the winner.

In a decision tree, each nonleaf node represents a test on a
feature attribute; each branch represents the feature attribute’s
output in a certain value range; each leaf node stores a
category. From the root node, the decision-tree-based decision-
making process tests feature attributes in the items to be
classified, the result of which is used to ensure the output
branch until it reaches the leaf nodes. The category in the leaf
node is recorded as a decision result.

According to probabilities of various cases, the decision-
tree algorithm projects feature probabilities in each sample
data. The decision tree, aiming to analyze the semantics in a
sample data, extracts a series of rules from a large-scale data
to figure out features in the sample data set. The decision-tree
algorithms include /D3 [38], C4.5 [39], and CART [35]. The
CART tree employs Gini index to evaluate the quality of clas-
sification, which simplifies the computing process. A decision
tree generally uses information gain or information gain ratio
for classification, but the two metrics have logarithmic opera-
tions bearing extra overhead. The CART tree applies the Gini
index to facilitate feature classification. The Gini index per-
forms in a similar fashion as that of the information gain and
information gain ratio without logarithmic operations, yield-
ing fast training results. By analyzing historical I/O access
patterns in workloads, we obtain a classification model in the
ML framework to unfold I/O access patterns hidden in work-
loads. According to the features of I/O requests, the ML model
provides classification results predicting I/O access patterns.

As the first step, we should determine features and labels:
we extract five features from a page request before it enters the
cache, and a request label is gleaned after data is evicted from
the cache. We employ the decision-tree algorithm to learn the
relationship (model) between features and labels during the
training phase, in which the rules are forged for classification.
Then, we obtain the ML model in NCache. Next, we predict
the future I/O access patterns in workloads: in the inference,
we take the features of a page request as input parameters in
the ML model, which foresees the values of the label in the
page (label = 0 or label = 1). When the label is zero, the cache
page request is forecaseted as invalid data that will not to be
accessed before it is evicted; then, the data can preferentially
be evicted during the cache replacement. If the label is 1, the
cache page request will be valid data that will be accessed
more than once in the future before being evicted. We use
the cross-validation method to generate training sets and test
sets from several realistic traces. In this work, we split the
datasets up into 20% training and 80% testing sets. To prevent
overfitting, we limit the depth of the tree.

B. Feature Extraction

Feature: The feature collection & deal module extracts
workload features. On the basis of LPA and site of a page
request, this module harvests features to be transferred to the
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ML module. These features are also sent to the agent module
as a part of the training dataset. The range of feature is lim-
ited to data’s lifetime in the cache. During the lifetime of
cache data, the feature collection & deal module collects the
following five features.

Frequency is the number of continue accesses to the same
LPA of the page request in a period. This term—reflecting
the hot/cold feature of I/Os—assists cache management for
incoming data.

The size of an user-1/O request. Large user-1/O requests are
divided into page-sized requests inside an SSD. The order
of LPA in these pages sequentially increases; the sequence
length affects the cache hit ratio. Innumerable partitioned page
requests that have a long consecutive-sequence length can take
up large cache space. When the LPA of a new request is largely
different from those of data residing in the cache, the workload
has a weak spatiotemporal locality giving rise to a declining hit
ratio. Otherwise, the workload exhibits a good spatiotemporal
locality, which strengthens the cache hit ratio. The sequence
length and the spatiotemporal locality in workloads directly
affect the hit ratio.

Recency is the number of I/O requests between the last
two consecutive access hits (read/write) to a cache data. A
large recency value signifies that the cache data have not been
recently used.

Timetolive is the number of I/O requests from the data in
the cache to the current accessed I/O request.

Lifetime indicates the minimum number of an LPA that
is evicted from the cache. Timetolive and lifetime denote the
serial number of the LPA in the lifetime. With a large timeto-
live and a small lifetime, the possibility of cache data being
accessed is small; thus, the cache data is trending toward
invalid data.

Notably, data statistics and calculations for duration time
and time intervals of requests will be frequently assessed.
Using “time” to calculate the two metrics will bring high over-
head and inconvenience. For example, the timetolive depends
on the interval between the current time and the time that a
request enters the cache. For the lifetime, we need to estimate
the time interval of cache data from current time to the point
when data are evicted. But it is difficult to predict eviction
time owing to frequent data replacement in cache. Hence, we
reckon that it is challenging to make use of time to gauge the
statistics for timetolive and lifetime. We advocate for employ-
ing the number of requests rather than time to obtain the two
features in NCache.

Feature Extraction Method: An 1/O request received by
the HIL module is referred to as an original request. If the
request’s size exceeds one cache page, the request restructure
module in HIL divides the request into multiple page-sized
requests. We propose in NCache a new way of organizing
I/O requests. Each page request has two data fields—1) site
and 2) label. The site field denotes the serial number of the
corresponding page request; the term label represents whether
page request LPA will be accessed in the future. Specifically,
“1” means that the page will be accessed, whereas “0” indi-
cates that the page will not be retrieved. In addition, these
multiple partitioned page-size requests are sequential; thus,
we introduce a page-request counter to register the number

1815

TABLE II
NOTATIONS AND DESCRIPTION

Notation | Description

Ser the serial number of the current I/O request.

Scbi the serial number of LPA in the trace corresponding to the
it node in the linked list that is latest cached.

Sobi the serial number of LPA in the trace corresponding to the
i*" node in the linked list that is first accessed.

C; the number of hits of the cache node i, the initial value is 1.

R_MAX | default maximum value of recency.

i the position of the node at the linked list from the tail to the
head.

of page requests. the request restructure module assigns the
count values to the data field site in a newly reorganized page
request. The page request provides LPA and site to the feature
collection module. This results of the ML model are assigned
to the data field label.

Cache Data Organization: The feature collection procedure
consumes time; thus, we bring forth a novel mechanism to
capture the workload features to cut back footprint and run-
time cost. Data have a lifetime in cache before being evicted.
To record dynamic features during the lifetime, we devise a
lightweighted data organization to store feature changes in
the cache because the features alter with cache replacements.
With the data organization, NCache collects features in real-
time without impairing system performance. We extend the
data organization by four fields—1) site; 2) sitefirst; 3) count;
and 4) label. Site denotes the serial number of the latest page
request that accesses to the cache data. Sitefirst records the
serial number of the first access request to the cache page
in its lifetime. Count is the total number of LPA occur-
rences in the cache. Label is a decision regulated by the ML
model.

Feature Processing: To demonstrate feature extraction, we
analyze five I/O-request features, including frequency, size,
recency, timetolive, and lifetime.

The frequency is denoted as (frequency = C; or 0). Table II
lists notation and description. When an LPA hits cache, the
frequency value is equal to C;; otherwise, the value is 0. The
data field count—a counter in the cache—records the number
of occurrences of LPA for the current cache data. Once data
enters the cache, the count is increased by one when it hits
cache. When request L; hits cache, count C; is the number of
cache hits for request L; in the past.

For recency, we have (recency = S — Scpi or R_MAX).
When the LPA hits cache, recency is the discrepancy between
Ser and S,p;; otherwise, the value is R_MAX. The cache site
records the serial number of the last cache hit. When a new
request hits cache again, its site is a new value compared with
that of cache data. Meanwhile, the distance between the last
two consecutive accesses is the difference between request site
Scr and site S¢p; in the ith cache data.

There is timetolive = S — Sopi or 0. When the LPA hits
cache, the timetolive measure is the difference between S,
and Sopi; otherwise, the value is zero. The sitefirst value (i.e.,
Sobi) in the ith cache data records its serial number in the
cache when it is first placed. Current request L; hits cache
again. The timetolive corresponding to the cache data is the
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difference between the site of request L; (S¢;) and the sitefirst
of i cache data (Sob;).

The lifetime is expressed as (lifetime = i or 0). When the
LPA hits cache, lifetime is gauged as i; otherwise, the value
becomes zero. This term indicates the distance between the
cache data hit by request L; and the end in the linked list. The
value can be acquired by traversing the linked list.

The term size is the size of an I/O request in the workload.

Training Datasets and the ML Model: In the ML model,
we obtain labels as output when provided with features of I/O
requests as input. The feature collection & deal module gleans
the features and LPA from each I/O request. The cache hits
of a page request are defined as labels corresponding to these
features. The feature and label are asynchronous because it is
opaque whether or not an I/O request hits cache after feature
collection. The messages of cache hit/miss become available
after data are evicted from the cache. Recall that a cache data
contains features sitefirst and site. When data are evicted from
the cache, two features are acquired. When sitefirst and site
values disagree, it asserts that the replaced data hits cache at
least once. In this case, two pieces of information is gathered:
1) the label of page request sitefirst is 1 and 2) the label cor-
responding to the page request site is 0. If the sitefirst and site
values are identical, the label corresponding to the site is 0.

Notably, the terms site and sitefirst are the serial numbers
of request pages and the serial numbers of features. The order
of features of I/O requests are consistent with those in the
workload. Thus, the I/Os-request location information of labels
(sitefirst and site) is the same as location of the corresponding
features in the workload. The train_model module delineates a
range in the feature information through the sitefirst and site.
There is a consistent one-to-one match between features and
labels; thus, features and labels of requests are assembled as a
dataset. We train the ML model using the dataset in the offline
mode. The model is incorporated to the NOR Flash through an
agent module. The NCache scheduler handles requests using
this model.

C. ML Model Inference

The feature collection & deal module discovers workload
features, which are handed over to the ML module for data
analysis. NCache employs CART trees for data classifica-
tion. We set the tree’s maximum depth to five, which avert
overfitting in the ML model.

There are two approaches to invoking an ML model. First,
a decision-tree model is converted into native code with zero
dependencies in a C runtime environment because the model
is a dictionary converted into an “if-else” structure to make the
decision. Second, Python functions are invoked in the C run-
time environment; afterward, the model is performed. The first
approach directly calls parameter values in the native code,
which satisfies the real-time requirements in applications. The
second one, which depends on the ML frameworks and depen-
dency libraries, passes parameters between the Python and
C runtime environments, expanding execution overhead. In
addition, it is expensive to deploy the Python library in compu-
tational SSDs with limited resources. Thus, the former method
is elected in NCache.
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Fig. 5. ML model in NCache.

Fig. 5 shows the procedure of calling the ML model from
the firmware. The model is stored in NOR Flash memory in
the form of a dictionary. It can be updated through the agent
module in Fig. 4. When initializing the SSD or updating the
ML model, the firmware can find the ML model according
to its name and location in the configuration file. The model
abstract module converts the ML model into a tree structure
that is instantiated as a model function in the firmware. It must
be noted that the ML model is abstracted and instantiated in the
stage of SSD initialization and model updating. Classification
conditions of the decision tree are converted into the “If-Else”
conditions in the model function. Leaf nodes are referred to
as the return value of the function. The feature of requests is
set as parameters of the function. Then, the function outputs
the judgment result.

Because the model is converted into a function, the com-
putational cost of the model is negligible. The extra cost of
NCache mainly includes the feature collection module. We
use the cache to obtain feature of requests through a cus-
tomized data structure; thus, the feature collection of requests
is transformed into an access to the cache. We design a
pipelined mechanism to reduce the feature-collection cost (see
Section V-E).

The model outputs two values (0 and 1). O indicates that
the LPA of a page will either be accessed after a long time or
not be accessed at all. 1 signifies that the LPA will soon be
accessed again. Each page is given a unique result through the
ML inference. NCache accurately evicts cache items marked
with 0 to free up space for data labeled with 1. To improve
the hit ratio, NCache evicts cache items with O in line with
the flash state (e.g., GC). Although the ML model discerns
valid data from invalid ones, it is prudent to assign priority
levels to the valid (or invalid) data. An LRU-linked list reflects
the priorities of cached items. In a linked list, these cache
items with 0 and 1 may be staggered but the priority of the
resident cache item with 1 must be higher than that of 0. The
priority of a cache item close to the list’s head is higher than
that of an item near the list’s tail. To enhance the efficiency,
we develop a doubly linked list in NCache to manage cache
data.

D. Cache Replacement

When the request restructure module assigns a value to the
label, NCache serves I/O requests. Fig. 6 depicts that the cache
replacement is orchestrated by the new cache data organization
accompanied with the new linked list structure.

The Cached Linked List Structure: The ML model predicts
and registers the predicted result for each cached item, and
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Fig. 6. Doubly linked list in NCache.

the cache linked list uncovers the priority of data access: the
tail node has the lowest priority. NCache provides priority
to searching invalid data, which may not be a tail node in
the traditional LRU. Then, we ought to traverse the linked
list to access invalid data. It is time consuming to traverse
a linked list, but this problem is solved by implementing a
doubly linked list, including linked list L1 and linked list L2
in NCache. Let LinkLl and LinkL2 represent linked list L1
and linked list L2, respectively. We deploy LinkL.2 to manage
invalid data in an LRU manner.

Fig. 6 plots the data structure of NCache’s linked list, where
a cache data item has two data fields: 1) ¢fc and 2) nc. Field
nc stores pointers in traditional cache data (pointers next and
prior), whereas field nc holds newly added pointers for NCache
(pointers N_next and N_prior). The four pointers determine a
node position. The pointers next and prior are referring to
the next- and prior-location cache data, respectively. These
nodes comprise the LinkLI, which contains all data nodes in
the cache. In contrast, pointers N_prior and N_next are used
for invalid data nodes that will not be accessed according to
predictions made by NCache. These cache data nodes form
LinkL2. When cache data are replaced, the nodes in LinkL2
are preferentially evicted.

Discussion: We demonstrate the overhead of the doubly
linked list and pointer manipulations in NCache. First, the
doubly linked list induces space overhead. Each cache item
has four numerical values, three integers, and one bit. It is
supposed that the cache size is 1 MB while the page size is
8 kB. Each integer occupies 4 B; then, cache data consumes
an extra 12 and 1-bit cost. The space consumption caused
by the new data organization is 1552 B. Second, we directly
locate invalid data rather than traversing the linked list. The
access performance of NCache is equivalent to that of LRU. In
addition, the pointer manipulations are merely to assign extra
N_prior and N_next pointers to nodes in the linked list. The
overhead of the pointer assignment manipulations is minimal,
which can be ignored in NCache.

The Window Mechanism: There are two access patterns
for cache data in NCache—1) accessed and 2) nonaccessed.
Although a data item has recently been loaded into the cache,
it may be evicted when its corresponding label marked as
0. The inaccurate results of NCache can impair the cache
performance; thus, we put forth a window mechanism. NCache
cache replacement is only performed within the window. When
there are no cache data in the window that meet the condi-
tions for replacement, the traditional replacement scheme is
launched. The node from LinkL2 is first selected. If LinkL2
is not empty, a data node at the linked list’s tail is chosen.
Otherwise, there is no on-demand data in the window; then,
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Algorithm 1 NCache-Based Cache Replacement Algorithm
Require: the user page requests LPAI, LPA2, ... LPAI...

1: procedure NCACHE-BASED SCHEMES
2 if LPA hit node i in data cache then
3 Update_linked_list(LinkL1)
4: if page request is write request then
5: Update_data_node(7)
6: end if
7 if Node i is within the window then
8 Update_linked_list(LinkL2)
9: end if
10: else
11: if Buffer is full then
12: if LinkL2 is empty then
13: Evict_tail_data(LinkL1)
14: else
15: Evict_tail_data(LinkL2)
16: end if
17: Write_to_buffer(LPAQ)
18: Update_linked_list(LinkL1,LinkL2)
19: else
20: Write_to_buffer(LPAi)
21: Update_linked_list(LinkL1)
22: if Affects LinkL2 management data range then
23: Update_linked_list(LinkL2)
24: end if
25: end if
26: end if

27: end procedure

we select a new data node from LinkLI. We delineate the
caching scheme in NCache as follows.

Algorithm 1 shows the process of NCache schemes for page
requests. For a page request LPAi, NCache first checks whether
it hits cache. If it hits a cache node i, NCache updates LinkL1.
The hit node i moves the head of the linked list. If the request
is a write, the node i needs to be updated. LinkL2 manages
invalid data in the preset window. When node i is also located
in the window, the LinkL2 is updated. If the cache misses,
when the cache has free space, the data is written into the
cache, and LinkL1 is updated. If the data is invalid and the
number of cache nodes is smaller than the window size, Linkl2
is be updated; otherwise, LinkL2 does not need to be updated.
If the cache is full and LinkL2 is no empty, the tail node at
LinkL?2 is evicted. If LinkL2 is empty, the tail node at LinkL1
is evicted. Meanwhile, the new data is written into the cache,
and LinkL1 and LinkL2 are updated.

E. Pipelined NCache

NCache introduces the overhead cost of the feature collec-
tion and ML model computation processes (FC_ML for short)
in cache management. The FC_ML is given a high priority
at the beginning of each page request service. The cache-
hit procedure of NCache embraces FC, ML, judging cache
hit/miss, data update, and linked link update. In the case of
cache misses, we have FC, ML, judging cache hit/miss, evict,
write back, data update, and linked list update. Herein, the
write requests are taken as an example within a full cache.
A request may be divided into multiple page requests. In the
nonpipelined NCache, page requests are sequentially served,
causing high time overhead as illustrated in the upper part of
Fig. 7. We advocate for a computing pipeline to accelerate
NCache’s speed. When NCache handles the first-page request
in an I/O request, the priority is given to the FC_ML process.
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Fig. 7. Processing of requests in the pipelined and no-pipelined NCache
schemes. REQi represents the ith request. SI-S7 denote pipelined stages.

The pipeline scheme is adopted for the feature collection of
the subsequent pages. According to the hit-miss status of the
current page and its following one, we have four cases—1)
(hit, hit); 2) (hit, miss); 3) (miss, hit); and 4) (miss, miss). In
Fig. 7, REQI1, REQ2, and REQS are cache-hit cases, whereas
REQ3 and REQ4 are cache-miss cases.

(Hit, hit): Upon the completion of FC_ML for REQI,
FC_ML of REQ?2 is running in parallel with the cache service
(stages S6 ~ S7) for REQ1. While collecting data field life-
time in feature collection, the linked list is traversed. During
REQ2’s collecting data field lifetime, the system figures out
whether REQ1 impacts the feature collection process of REQ2.
If REQI has a smaller lifetime than REQ?2, the process of
REQ! affects that of REQ2. The approach to eliminating
influence is to minus 1 for lifetime value.

(Hit, miss): When FC_ML of REQ2 is completed, REQ3
starts to perform FC_ML that is in parallel with REQ2’s
cache service (S6 ~ S7). Because REQ3 misses, the feature
collection is initialized without special processing.

(Miss, miss): When FC_ML of REQ3 completes while the
cache replacement item is selected, FC_ML of REQ4 are con-
currently carried out with the cache services of REQ3 (S5 and
S6), which conducts a cache replacement. Deciding whether
REQ4 hits or misses is undertaken after the cache replacement.
REQ4 misses in this case and; then, the feature collection is
kicked off.

(Miss, hit): The FC_ML of REQ4 finishes; meanwhile,
the cache replacement item is fixed. The FC_ML of REQ5
starts in conjunction with REQ4’s cache services (S5 and S6).
When the cache replacement affects the data field lifetime
in REQS, the impact from REQ4 needs to be mitigated by
decreasing the lifetime value by one.

Fig. 7 illustrates that the pipelined NCahce has a
performance edge over the nonpipelined NCache.

VI. EXPERIMENTAL SETUP

Testbed: We employ a popular event-driven SSD
simulator—SSDsim—to validate NCache (see Table III).
SSDsim accurately simulates the components of an SSD. We
have ten configured cache sizes in experiments. NCache is
focused on write-intensive workloads. Thus, we selected five
traces with high-ratio write requests (proj_0, prxy_O, prn_0,
finl, and stg_0) and two high-read-ratio traces (hm_1 and
Websearchl) in Table I to study the performance of NCache.
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TABLE III
CONFIGURATION PARAMETERS OF SSDSIM

SSD Capacity: 16 GB, two channels, two chips
Organization | per channel

Flash Micro- | 8-KB page, 492-Bytes metadata per page,
architecture 128 pages per block, 1024 blocks per plane,

two planes per die, two dies per chip
Read latency: 25us, Program latency:
200us, Erase latency: 1.5ms.

GC Threshold: 0.3, Mapping scheme:
page-level mapping.

Flash latency

FTL

Alternative Caching Schemes: We implement NCache as
well as five existing caching schemes. LRU is a widely pop-
ular cache replacement scheme. The CFLRU is designed for
flash memory, replacing clean data to minimize replacement
cost. In this test, we set the write-back window to C/2, where
C is cache capacity. CFLRU leverages the read-write cache
mode and write-back methods. The GC awareness replace-
ment policy (GCaR) is one of the latest caching schemes.
Load-aware cache replacement (LCR) considers a chip load
in cache replacement.

Performance Metrics: We apply five metrics to quantify
the performance of NCache. Average response time (Avg. RT)
measures an SSD’s performance from the perspective of indi-
vidual I/O requests. This metric is the time interval between
an I/O request entering the SQ queue and the host receiving
feedback from the SSD. Write amplification (WA) is a ratio
between the amount of data written to the flash memory and
the amount of data issued by a host. A low value indicates
that the amount of data written to the flash memory is small.
WA reflects an impact of the tested cache schemes on SSD
lifetime. Erase count is the most conspicuous manifestation
of SSD lifetime. Each block in flash memory has a maxi-
mum number of erase operations. Write/Read hit ratio (Write
HR/Read HR) is the probability of an I/O request hitting the
cache. Valid data ratio is the proportion of cache data that will
be accessed in the future when cache replacement occurs.

VII. PERFORMANCE EVALUATION

We conduct experiments to validate the performance of
NCache in terms of avg. RT, erase, WA, and hit ratio.

Average Response Time (Avg. RT): Fig. 8 unveils that
NCache has an edge over the existing caching schemes. Under
proj_0, prn_0, financiall, prxy_0, and stg_0, the NCache-
based caching schemes reduce avg. RT by up to 36.0%, 15.4%,
40.0%, 64.9%, and 16.2%. Under hm_1 and Websearch_1, the
NCache reduces the avg. RT by up to 56.7% and 12% in the
8- and 512-MB cache.

The avg. RT drops as the cache size increases. When it
comes to high spatiotemporal-locality traces (hm_1), the avg.
RT changes with the varying cache size. When the cache size
is larger than 8 MB, the avg. RT decreases slowly with the
increasing cache. For proj_0 and stg_0 with small spatiotem-
poral locality, the avg. RT hardly changes with a small-sized
cache, but it significantly decreases with 128-MB cache. For
WebSearch_1 with weak locality, the avg. RT has a little
increment with the large cache size. For hm_1, the 2-MB
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Fig. 9. y-axis represents erase count, normalized to that of the LRU scheme
under each trace. The x-axis denotes cache sizes.

NCache achieves the same performance as that of the tra-
ditional caching schemes with 4-MB cache. For prn_0 with
small spatiotemporal locality, 16-MB NCache has the same
performance as that with 64-MB cache. For WebSearch_1, the
512-MB-cache performance is similar to that of NCache with
64-MB cache. Unlike NCache, the spatiotemporal-locality
caching scheme is inadequate to optimize performance under
weak-locality traces.

Erase Count: Fig. 9 reveals that NCache is a winner among
its peers in terms of erase count. NCache saves footprint for
valid data, thereby lessening frequent I/O accesses to flash
memory and cutting back the number of erasures by the
valid data. Under write-intensive workloads, NCache provides
noticeable improvement for erase count with the cache size
increment. The erase count decreases with a large-sized cache.
In the case of 2-MB cache, NCache presents no erasure by
improvement 100% at best under financiall. With 512-MB
cache, the erase count is 0 under proj_0. Under prxy_0 and

1819
LRU CFLRU GCAR_LRU GCAR_CFLRU LCR
LRU_N CFLRU_N GCAR_LRU N GCAR_CFLRU_N LCR_N

5 0.4+
0.4 HHH

%nmmmwmm,|
B |11 T e e—
o |-
LA O

2 e

0 1 TS

M 2M M M 16M 32M 64M  128M 256M 512M

financiall

stg 0

=}
o0
L

WebSearchl

Fig. 10. y-axis denotes WA under different traces and cache sizes.

stg_0, the erase count becomes zero when the cache size is
128 MB. The erase count improves by up to 62.3% and 55.3%
under prxy_0 and stg_0, respectively. There are always block-
erase operations under prn_0. NCache improves erase count
by up to 16.5% with an increasing cache size.

WA: Recall that WA indicates write-back operations of
caching schemes to flash memory, see Fig. 10. NCache opti-
mizes WA by up to 48% and 40.9% under proj_0 and prxy_0,
respectively. Under stg_0, prn_0, and financiall, the improve-
ment of WA achieves up to 6.8%, 15.9%, and 13.9% with
the 32-, 128-, and 256-MB cache, respectively. Under read-
intensive workloads with 128-MB cache, NCache-GCaR_LRU
brings down WA by 20.5% under hm_1. WA drops because
NCache improves footprint and cuts down flash memory
operations. Websearch_1 almost has no write requests; the
WA becomes one. For read-intensive workloads, NCache
reserves cache space for read requests and evicts write requests
into flash memory in advance. Write requests are dirty data
spurring out-place updates in flash memory. The other caching
schemes except LRU preferentially replaces clean data without
writing flash memory; thus, WA is reduced.

Discussion: Given any large-sized cache (256 or 512 MB),
NCache-based WA and erasure count have no superiority com-
pared to the other schemes (see Figs. 9 and 10). CFLRU,
GCaR, and LCR are write-back cost-oriented caching schemes
that preferentially evict clean data rather than writing dirty data
into flash memory, reducing WA and erase count. Combining
with NCache, the caching schemes consider the write-back
cost and the prediction result of NCache. Clean data are fore-
casted as valid data retained in cache; however, dirty data may
be written back into flash memory, increasing WA and erase
count. NCache-LRU stays away from these anomaly results
because LRU is nonwrite-back-cost-oriented scheme, in which
NCache imposes zero impact on write-back cost.

Read Hit Ratio (Read HR): In Fig. 11, NCache-based
caching schemes boost read HR by up to 42.2%, 32.7%,
29.5%, 12.7%, and 52.9% in the 32-, 16-, 256-, and 16-MB
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cache under write-intensive traces prn_0, proj_0, prxy_0,
financiall, and stg_ 0, respectively. NCache-GCaR_CFLRU
boosts read HR by up to 59.62 times and 59.9% under
Websearchl and hm_1 with the 1-MB cache.

The hit ratio is impacted by the cache size under hm_1
with a good spatiotemporal locality. As the cache expands,
the hit ratio rapidly goes up. After the hit ratio of tradi-
tional cache schemes reaches the peak at the 8-MB cache,
the hit ratio is flattened. Obviously, 4-MB-cache NCache
achieves the best hit ratio. Under WebSearchl with the
weak locality, the traditional cache schemes make the same
performance improvement. NCache’s hit ratio in the 64-MB
cache is the same as that of the traditional cache schemes
in the 512-MB cache. Under write-intensive traces, the hit
ratio rises as cache size is enlarged. The improvement is
not stunning with the small-sized cache due to weak local-
ity. For stg_0, prxy_0, and proj, the hit ratio starts to
change insignificantly with the increasing cache size. In the
128-MB cache, we observe a sudden increase in the hit
ratio.

Write Hit Ratio (Write HR): NCache is adept at optimizing
the write HR, see Fig. 12. In the 64-MB cache, NCache-
GCaR_CFLRU improves the write HR by up to a factor of
1.35 under proj_0. NCache-LRU boosts the metric by a fac-
tor of 66.33 under Websearchl. NCache achieves high write
HR thanks to its full cache utilization—an increased amount of
valid data is served in the cache. But, the hit ratio of other com-
bined NCache solutions declines under Websearchl. NCache
writes little dirty data back into flash memory, conserving
space for reads and reducing the write HR. Except LRU, other
cache schemes preferentially replace the clean data generated
by reads.

The optimization degree of NCache varies with the cache
size. The write HR is improved by 22% and 12.7% under stg_0
and financiall, respectively. The improvement of NCache
becomes small with a large cache size. Under proj_0, prxy_0,
and prn_0, the optimization of NCache is pronounced as cache
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Fig. 12.

size becomes large. The optimization degree reaches the peak
at 64-, 2-, and 4-MB cache, respectively. The most remark-
able improvement of the write HR is 135%, 10%, and 10.6%
under proj_0, prxy_0, and prn_0, respectively. Afterward, as
the cache size is expanded, the optimization degree of NCache
is shrinking. The best optimization degree is a factor of 3.65
with the 128-MB cache under hm_1. NCache-LRU achieves
the highest improvement of a factor of 66.3 under Websearchl
with the 64-MB cache because NCache gives a high priority
to reads and Websearchl almost has no writes.

VIII. SCALABILITY EVALUATION

We also study the benefits of NCache from two perspec-
tives: 1) the impact of valid data ratio in memory on the
cache performance and 2) the impacts of the depth parameter
in decision trees on accuracy and performance.

Valid Data Ratio: Valid data ratio is the ratio of valid data
to the total cached data. It denotes a caching scheme’s cache
space utilization. Fig. 13 shows the valid data ratios in the
NCache-based caching schemes under four workloads with the
1-MB cache. The NCache-powered schemes outperform the
non-NCache counterparts in terms of cache space utilization.
NCache-GCaR delivers a better performance improvement
than NCache-LCR. GCaR offers the most significant improve-
ment whereas LCR provides subpar improvement. Under
the read-intensive workloads, the NCache-enabled and non-
NCache schemes exhibit relatively stable valid data ratios.
The trend means that the spatiotemporal locality applied in
the LRU-based schemes changes little.

The read-intensive workloads rarely triggers GC; thus, the
cache performance is mostly determined by the hit ratio. In
the above experiments, the traditional caching schemes almost
have no performance discrepancy. The valid data ratio varies
under the write-intensive workloads. The caching schemes take
advantage of flash memory features; there is a performance
gap among all the LRU-based schemes.
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Fig. 14. Accuracy, avg. RT, and hit ratio of the model at the depth of 4,
5, and 6 in x-axis. Avg. RT is normalized to that of depth 4. (a) financiall.
(b) WebSearchl.

Depth Parameters in Decision Trees: During model train-
ing, we decrease the decision-tree depth to shorten the training
time and overfitting. When the tree depth under financiall rises
from four to five, the accuracy and performance are brushed
up (see Fig. 14). The accuracy, performance, and hit ratio
enjoy an improvement by 0.39%, 23%, and 0.1%, respec-
tively. However, the improvement of the metrics becomes
marginal when the tree depth changes from five to six.
Specifically, the accuracy, performance, and hit ratio increases
by 0.14%, 0.14%, and 0.022%, respectively. Such a tendency
is also applicable for Websearchl. We observe that accuracy,
performance, and hit are improved by 0.05%, 0.032%, 0.57%,
when the tree depth rises from four to five. These three mea-
sures have a meager improvement when the depth is altered
from five to six.

The results suggest that the depth of decision trees ought to be
limited when features have continuous values. Amid training for
decision trees, the discrete attributes that have been used do not
appear again in the subsequent classification. Thus, when there
are five discrete features, the tree depth is five. Nevertheless, the
same attribute may appear multiple times because of different
nodes in a tree for continuous variables. Without the depth
limitation, the decision tree continues growing. A large depth
of the decision tree leads to long training time and overfitting,
which is detrimental to the improvement of accuracy, avg. RT,
and hit ratio. To address this concern, we set the depth of the
decision tree to five. Besides, our empirical study confirms that
the depth of five offers a good tradeoff between training cost
and performance measures in decision trees.
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Performance Comparison of ML Models in NCache: We
studied the performance of NCache when the SVM and
random forest models are deployed in NCache. The two
models are also used in the cache replacement procedure
[28], [29]. S-NCache and RF-NCache denote the NCache vari-
ants equipped with the SVM and random forest models,
respectively. Without loss of generality, we employ five cache
sizes under write-intensive traces (financiall and stg_0) and
read-intensive traces (hm_1 and WebSearchl).

SVM is a supervised learning-based binary classification
model. To classify the samples, we adopt SVM to find the
classification hyperplane with the largest interval in a feature
space. Given large-scale samples, it is difficult to discover the
optimal classification hyperplane. There may be misclassifica-
tion points, causing inaccurate classification. SVM is time and
space consuming when it comes to training with large-scale
samples. A training model is too large to be accommodated
inside SSDs. Random forest is a classifier that uses multiple
trees to predict. Each tree randomly selects a subset of features
for training purposes, reducing the number of features. The five
workload features have vital connections and are crucial for
predicting valid data. The subset of features can downgrade
prediction accuracy.

In Fig. 15, NCache has a lower avg. RT than the other
schemes. Under hm_1, the 64-MB NCache achieves the
improvement of 38% and 23% over S- and RF-NCache
because NCache provides a better prediction for valid data,
improves cache space utilization, and averts access to flash
memory. For weak spatiotemporal-locality in WebSearchl, the
avg. RT values of the three schemes are similar: Ncache has
the best enhancement (3.2%) in the 128-MB cache.

Figs. 16 and 17 show that NCache’s erase count and WA
are lowest. Erase count rarely occurs under read-intensive
workloads. NCache has no erase count under financial and
stg_0 after 4 and 128 MB, respectively. SVM and random
forest have lower cache space utilization than NCache due to
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inaccurately prediction for valid data; thus, there are many
erase counts. The 64-MB NCache has a 39% and 23% reduc-
tion compared with SVM and random forest under stg_O
because NCache fully utilizes cache space and reduces the
operation in flash memory to curtail WA. Under WebSearchl,
WA is one thanks to the lack of write requests. Under hm_1
and 128-MB cache, NCache slashes WA by up to 42% and
35% compared with S- and RF-NCache.

In Fig. 18, NCache exhibits the highest read HR among
the three schemes. The 4-MB NCache improves the read
HR by up to 30% compared with S- and RF-NCache under
stg_0, respectively. For the read-intensive traces, NCache opti-
mizes the read HR by up to 47% and 50% over S- and
RF-NCache, respectively, under WebSearchl. These improve-
ments are made possible by NCache’s high cache utiliza-
tion contributed by accurate predictions. In Fig. 19, NCache
achieves the highest write HR than the other alternatives. The
16-MB NCache boosts write HR by up to 14% and 13% over
S- and RF-NCache, respectively, under stg_0. Under the read-
intensive traces, the 4-MB NCache achieves 94% and 95%
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advancements over S- and RF-NCache in terms of write HR
under WebSearch1. The reason is that NCache has a high-write
request accuracy leading to enormous valid data that pushes
up cache space utilization.

IX. CONCLUSION AND DISCUSSION

Conclusion: In this article, we proposed a caching scheme,
NCache, to take advantage of an ML model to boost hit ratio
through valid data discovery. NCache expands the proportion
of valid data in the cache by replacing data that are less likely
to be accessed according to the ML model prediction. NCache
is highly accurate because it is conducive to distinguishing
data classes in cache. NCache rarely sacrifices the hit ratio
to optimize the SSD performance. When I/O requests are
not closely correlated, locality-based caching schemes have
an arduous process to guarantee high hit ratio and cache
performance. NCache overcomes this problem by fully utiliz-
ing cache’s workload traits rather than historical I/O access
information. For example, we compared NCache with five
existing caching schemes. Under write-intensive trace prn_0,
the NCache-based schemes shorten avg. RT by up to 15.0%.
Besides, under read-intensive trace hm_1, the NCache-based
schemes significantly cut back avg. RT by up to 56.7% with
an average of 27.5%.

Discussion: In this study, we opted for a binary classification
model instead of a multiclass classification model to classify
cache data into two camps—1) valid data (Class-1, 1) and
2) invalid data (Class-1, 0). For the multiclass classification
model, the 5-level decision tree may not fulfill the prediction-
accuracy requirements. To grapple with this challenge, we
enlarged the decision tree’s depth to achieve the stipulated
accuracy, but this approach eventually introduces more clas-
sification conditions, making the model’s time overhead tool
high to be executed inside SSDs. We sorted in NCache data
with the same class in a linked list, aiming to realize various
data priorities in the same class. This method achieves the
multiple-class function offered by a multiclass classification
model. Recall that LinkL1 registers all cache data, and Link[.2
merely stores invalid data predicted by the ML model. The
tail node in LinkL2 is preferentially replaced due to the low-
est priority. Conversely, when all cache data are categorized
as Class-1, LinkLL1 manages these data, and the tail node also
will be evicted from the cache.
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