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Abstract The future storage systems are expected to contain a wide variety of storage media and layers due to the rapid

development of NVM (non-volatile memory) techniques. For NVM-based read caches, many kinds of NVM devices cannot

stand frequent data updates due to limited write endurance or high energy consumption of writing. However, traditional

cache algorithms have to update cached blocks frequently because it is difficult for them to predict long-term popularity

according to such limited information about data blocks, such as only a single value or a queue that reflects frequency

or recency. In this paper, we propose a new MacroTrend (macroscopic trend) prediction method to discover long-term

hot blocks through blocks’ macro trends illustrated by their access count histograms. And then a new cache replacement

algorithm is designed based on the MacroTrend prediction to greatly reduce the write amount while improving the hit ratio.

We conduct extensive experiments driven by a series of real-world traces and find that compared with LRU, MacroTrend

can reduce the write amounts of NVM cache devices significantly with similar hit ratios, leading to longer NVM lifetime or

less energy consumption.

Keywords non-volatile memory (NVM), solid state disk (SSD), cache, endurance

1 Introduction

In recent years, NVM (non-volatile memory) tech-

niques are evolving rapidly. Flash-based SSDs (solid-

state drives) [1] have been widely deployed in many en-

terprise environments. Intel and Mircon have launched

their 3D XPoint products 1○. In addition, PCM (phase-

change memory) [2], ReRAM (resistive random access

memory) [3], and STT-MRAM (spin-torque transfer

magnetic random access memory) [4] are on their ways.

For the storage media, a trend of diversity has been ob-

served in the storage hierarchy, and future storage sys-

tems may contain more layers consisting of DRAM (dy-

namic random access memory), PCM, ReRAM, STT-

MRAM, 3D XPoint, flash, or disks, each of which has

different hardware features. As a result, more cache re-

placement behaviors will happen in a storage system,

no matter in the application level, the OS level, or the

device level.

However, most of these emerging NVMs have their

own problems in writing, especially when performing as

cache devices. For example, flash devices, 3D XPoint,

PCM, and ReRAM have limited write endurance com-

pared with traditional DRAM caches. Each cell of MLC

(multi-layer cell) flash-based SSDs can only be updated

for 5 000–10 000 or even fewer times [5] before wearing
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out for mainstream enterprise SSDs 2○− 4○. The write

amplification phenomenon of flash chip shortens the

lifetime of SSDs further [6]. Intel’s latest Optane Mem-

ory (i.e., 3D XPoint) just achieves three times write

endurance of NAND flash 5○. The maximum allowed

write count of the ReRAM prototype is 10 000 times

less than that of DRAM, while PCM is 10 million times

less [7]. What is more, when promoting the storage den-

sity of NVMs for practical use, write endurance usually

becomes further lower. For instance, the MLC form of

the PCM cell can only endure 105 overwrites [8], 10 000

times lower than the SLC (single-layer cell) PCM pro-

totype. On the other hand, STT-MRAM has another

kind of the writing problems, i.e., writing cells of STT-

MRAM consume too much energy, about 100 times

higher compared with DRAM [9].

In this paper, we focus on the situation when NVMs

perform as read caches. In this case, NVMs usually

suffer the frequent data updating produced by tradi-

tional cache algorithms, such as LRU (least recently

used), LFU (least frequently used) and ARC (adap-

tive replacement cache), leading to short lifetimes or

too much energy consumption for NVMs. Therefore,

many write optimized cache algorithms have been pro-

posed, such as SieveStore [10] and LARC (lazy adaptive

replacement cache) [11]. However, these algorithms still

rely on the same prediction approaches as traditional

cache algorithms, such as recency and frequency. For

the lack of the information of request access history, the

write optimized algorithms reduce the write amount at

the cost of unnecessary performance loss.

Motivated by the observation, a new prediction ap-

proach aimed to predict the data popularity in a rela-

tively long future is necessary for NVM-based read

cache. We propose a new prediction approach named

MacroTrend (macroscopic trend). MacroTrend records

the access counts of some past time periods of each re-

quest to have a macroscopic view of the data popularity

trend. Thus, MacroTrend acquires necessary informa-

tion to predict the long future without much overhead

of the storage and computation of the information.

Based on the new long-term prediction method,

we propose a new MacroTrend cache replacement al-

gorithm to select and cache long-term hot data. In

MacroTrend, infrequent data updating is performed for

NVM-based read caches to lengthen the device lifetime

or reduce the consumed energy of writing, while the

cached blocks keep satisfactory hotness and hit rates

between the adjacent distant data updates. Our simu-

lations driven by typical real-system traces reveal that

MacroTrend reduces most of the write loads to the

NVM cache devices (e.g., 95.3% fewer on average com-

pared with LRU) based on a 24.0% higher cache hit rate

on average. Compared with SieveStore, a state-of-the-

art cache algorithm with a write reduction, MacroTrend

leads to a 50.2% higher hit rate and 85.2% reduction of

NVM writes on average.

The contributions of our paper are summarized as

follows.

• We give a deep analysis of cache algorithms and

demonstrate the necessity of a new prediction approach

for cache devices with write problems.

• We propose a novel macroscopic prediction ap-

proach to give a long-term popularity prediction,

named MacroTrend.

• We develop a MacroTrend cache replacement al-

gorithm based on the prediction method. Experimen-

tal results show that the algorithm reduces the write

amount significantly with little performance loss.

The rest of the paper is organized as follows. In

Section 2, we give a deep analysis of cache algorithms

and demonstrate our MacroTrend prediction method.

Section 3 describes the proposed MacroTrend cache re-

placement algorithm. Then, the experimental results of

MacroTrend and the state-of-the-art cache algorithms

are given in Section 4, and Section 5 presents related

work. Finally, Section 6 concludes this paper and dis-

cusses our future work.

2 Deep Analysis of Cache Algorithms

NVM-based read caches need cache algorithms with

high hit rates and a low data updating frequency.

However, traditional cache algorithms update data too

many times, while the performance of write optimized

cache algorithms is likely to be unsatisfactory. To fur-

2○Intel solid-state drive DC P3500 series: Product specification. http://www.intel.com/content/www/us/en/solid-state-drives/s-
sd-dc-p3500-series-product-specification.html, Nov. 2019.

3○Micron 9100 PCIe NVM SSD. https://www.micron.com//media/documents/products/product-flyer/9100 ssd product bri-
ef.pdf, June 2018.

4○Samsung enterprise SSD mzplk3t2hcjl (PM1725). http://www.samsung.com/semiconductor/products/flash-storage/enterprise-
ssd/MZPLK3T2HCJL?ia=832, June 2018.

5○Alcorn P. 3D XPoint SSD pictured, performance and endurance revealed at FMS. http://www.tomshardware.com/news/intel-
micron-3d-xpoint-memory32434.html, July 2017.
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ther analyse whether it is unavoidable to reduce the

write amount at the cost of performance loss, the in-

sight of the key elements in cache algorithms is required.

The core of cache algorithms can be extracted as

two key elements, prediction and updating. The pre-

diction module is responsible for giving prediction of

data popularity in the future, and the updating mod-

ule decides which data to be cached and evicted based

on the prediction results. As a result, if the predic-

tion module can only predict the data popularity in a

short time, only changing the updating behavior leads

to bad performance. It is necessary to present a novel

data prediction approach containing more information

and predicting a long future.

Thus, in this section, we first give a deep analysis of

cache algorithms in Subsection 2.1, and further demon-

strate how to predict data popularity in the long run

in Subsection 2.2.

2.1 Insight of Key Elements in Cache

Algorithms

Why do traditional algorithms require so frequent

data updating for a read cache? We can analyze this

phenomenon from the two key elements that a cache

algorithm contains, prediction and updating.

• Prediction. A cache algorithm collects necessary

accessing information and predicts data popularity in

the future.

• Updating. According to the prediction result, data

updating is performed to replace the predicted coldest

data in a cache with the hottest ones each time.

1) Frequent Updating + Predicting the Short Future.

Traditional cache algorithms have to choose the fre-

quent data updating manner, because their prediction

methods can only effectively predict data hotness in

the short future. Although dozens of cache algorithms

have been proposed, they always predict data popula-

rity based on recency, frequency, or their mixture. Re-

cency is effective in identifying hot data in the short run

according to temporal locality. Frequency is fluctuating

all the time. A data block that shows a high frequency

may be a cooling block with high history accesses, a

short-term hot block with dense recent references but

few future ones, or a real hot block. It is difficult to

distinguish these data from each other. Thus, the se-

lected data may turn into cold at any moment, making

it necessary to update cached data frequently to obtain

satisfactory hit rates.

The frequent data updating manner is not a prob-

lem for traditional disk cache devices, i.e., DRAMs,

which do not have the weakness of limited write en-

durance. As a consequence, traditional cache algo-

rithms, e.g., LRU, LFU, work well in the past decades.

2) Sparse Updating + Predicting the Short Future.

In the new NVM age, however, the limited write en-

durance or the high write energy consumption raises

the requirement for new caching algorithms with high

write efficiency to achieve satisfactory hit rates with

many reduced writes compared with traditional algo-

rithms. In this case, some new cache algorithms have

been proposed to reduce the updating frequency, but

they still rely on traditional data prediction approaches.

For example, SieveStore [10] and LARC [11] improve the

difficulty of entering cache to reduce data updates,

whereas they adopt other existing cache algorithms to

predict data popularity in the future. Although the

data updating behavior is strictly controlled in L2ARC

(level 2 adaptive replacement cache) 6○, it selects cache

blocks according to the traditional ARC algorithm [12].

In WEC (write-efficient caching) [13], the average time

when the data are kept in a cache is lengthened to cut

down the count of cache replacement, but the data pre-

diction manner is still the same as LRU.

Although these algorithms adopt the sparse data

updating manner to reduce write amounts of NVM

caches, they have negative effects on cache hit rates.

The reason lies in that their traditional data predic-

tion methods cannot accurately predict hot data in the

long run. For instance, as Fig.1 shows, a trace ana-

lysis based on a real-world trace websearch (see more

details in Subsection 2.2 and Table 1) shows that LRU

and LFU cannot predict the hottest data effectively in

a long run.

In Fig.1, some trace segments containing 100 000 re-

quests were randomly selected from the trace websearch

as the access history and LRU and LFU were used to

predict the hottest data blocks in the following 100,

1 000, 10 000, or 100 000 requests based on the history

information they learned. The Y axes are the overlap

percent between the above predictions and the ideal re-

sults, i.e., the most accessed data blocks in the selected

future periods. The overlap rate measures the accu-

racy of data prediction. Different lines indicate diffe-

rent trace segments which were selected randomly.

According to Fig.1, for LRU, the accuracy of data

prediction decreases when predicting longer future in

most cases. The accuracy of LFU shows a descending

6○GreggB. L2ARC. https://blogs.oracle.com/brendan/entry/test, April 2015.
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Fig.1. Trace analysis of prediction accuracy of the traditional cache algorithms. (a) LRU. (b) LFU.

Table 1. Four Real-World Traces for Our Analysis

Trace Name Application Type Request Count Read Ratio (%)

websearch Search engine 5 047 596 99.98

finance Database 1 555 474 81.82

meta-aggr Cloud storage 144 025 93.41

meta-slct Cloud storage 91 640 94.67

trend or stays at a very low level. When the size of

the future window increases, it means that the caching

algorithm needs to find the best data blocks in a longer

period, which is obviously more difficult. Since both

LRU and LFU identify the hot data in the short run

because frequent cache updating is assumed, it is not

weird to see that the prediction accuracy drops when

they are utilized to predict the long future. Moreover,

LRU and LFU fail to get important information from

the long access history. LRU only records the latest

access time of each data block and LFU only records

the total access time of data. However, predicting the

trend of hotness needs much more information. For ex-

ample, assuming at time t, both block a and block b are

accessed and have 100 total accesses, the access density

of block a has decreased (block a may be accessed 100

times per ms at first and 1 time per ms at time t) and

the access density of block b has increased. The trends

of the two blocks are opposite but they are considered

to be the same for LRU and LFU.

3) Sparse Updating + Predicting the Long Future.

The essential reason for the limited prediction accuracy

of LRU and LFU lies in that they predict future with

too little information which is abstracted from the orig-

inal accessing records excessively. Illustrated in Fig.2,

LRU just keeps a recency order of the latest accessed

blocks, while LFU only cares about the total access

counts of cached blocks. That is to say, they only have

one value for reference when predicting a block’s future

popularity. Therefore little information may work well

in predicting the short future, but it is not enough to

predict the long future.

The other extreme is to maintain as much informa-

tion as possible, e.g., keeping all the request records, as

Fig.2 shows. This will bring too much time and space

overhead. What is more, too much request information

may introduce noise that misleads popularity predic-

tion. For example, a hot data block may be misjudged

as a cold one in its temporary short inactive duration.

A block rarely accessed during a short-lived hot period

may be considered as a very hot block. Because it is

harder to predict the long future than the short one, we

need a method that takes an appropriate abstraction

level of access information for the long-term popularity

prediction.

2.2 Analysis of Predicting Popularity in the

Long Future

To achieve high hit rates with a low data updat-

ing frequency for NVM-based read caches, a data pre-
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Fig.2. Different abstraction levels of access information in cache algorithms.

diction approach which is able to predict data hotness

accurately in the long future is necessary. Thus, in

this part, we propose to use an appropriate abstrac-

tion called MacroTrend (i.e., histograms of data access

counts within several past time periods) for observing

data blocks and improving the effect of predicting hot

blocks in the long run. MacroTrend contains much

richer popularity information than traditional methods,

but not introducing too much overhead or popularity

noises.

In this part, we first observe the relationship be-

tween long-term data popularity and the access count

histograms according to a new macroscopic trend per-

spective in Subsection 2.2.1, and then a multi-pattern

evaluation method is proposed to select the long-term

hot data more effectively in Subsection 2.2.2.

The traces used in our trace analysis are listed

in Table 1. Among these traces, websearch and fi-

nance are collected from a search engine and a finan-

cial database 7○ respectively and meta-aggr and meta-

slct are collected from the metadata node of Hive by

running BigdataBench [14], a benchmark for big data

applications, doing aggregation and select operations

respectively.

2.2.1 Observing Popularity in Macroscopic Trend

Traditional recency-based cache algorithms (e.g.,

LRU) observe data popularity in a microscopic perspec-

tive (i.e., according to the request-level information),

which fluctuates frequently and is easy to mislead the

judgment on data popularity. Therefore, the algorithms

are not appropriate for predicting long-term popularity.

Moreover, LRU makes replacement decisions according

to a short history window and is unable to utilize the

information of a long history. Although the frequency-

based algorithms (e.g., LFU) can make the prediction

according to a long history, they reduce a mass of re-

quests to only one value of a total access count. All the

details of the request records are discarded, leading to

the confusion of hot blocks and cold ones sometimes.

Therefore, we propose a new data popularity ob-

servation perspective called MacroTrend, in which we

record a series of periodical access counts to form a data

access histogram, as shown in Fig.2. The histogram is

an access count distribution of some past time periods,

containing much more information than a single value

of total access count. In this part, we first observe the

relationship between the distribution and the long-term

data hotness.

Fig.3 gives an example of analyzing the websearch

trace in a macroscopic trend view. In this figure, a

several-hour request sequence of websearch is divided

into a list of periods, each of which contains the same

number of 10 000 requests. The color of each point in

Fig.3 demonstrates the access count of every block in

each period. Darker points mean more accesses in a

period. All the blocks are ranked according to the total

access count during the entire service time in a descend-

ing order. We sample the blocks evenly in a 6.4% ratio

to plot all the results in one figure. In Fig.3, each col-

umn of the dots corresponds to one data block, and the

Y axis represents time periods.

7○Umass trace repositor. http://traces.cs.umass.edu/index.php, Nov. 2019.
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Fig.3 shows that the most-accessed blocks in the left

side experience a lot of deep-color periods distributed

in the service time. However, the hot data also have

some relatively cold stages, such as the history win-

dows marked by frame p2. Moreover, the medium data

and the cold data may have hot stages which are close

to the hot data. For example, the period p3 or even

p5 may have a similar or even larger total access count

compared with p2. In this case, it is hard for LFU

to distinguish the hot, medium, or cold data with each

other because it only relies on a single value of the total

access count and discards all the details.

Based on some trace analyses, we find that the pe-

riodical access count distribution has a strong relation-

ship with the long-term hotness. We first divide user

requests in a fixed length (e.g., 10 000 requests as one

period), and then a period is considered as an active

period when the total access count in this period is

larger than a specified threshold; otherwise it belongs

to inactive periods. Fig.4 quantitatively shows the rela-

tionship between blocks’ active period ratios and their
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total access counts in the entire service time (i.e., long-

term hotness), when the threshold of active periods is

set to 3, 5, 10, and 15 times of the average access count

of all blocks in one period based on the websearch trace

respectively. Figs.4(a)–4(d) with various active-period

threshold settings show the same trends. Blocks with

larger total access counts (i.e., long-term data popula-

rity) usually have higher active period ratios. When the

active period threshold is set to 3 or 5 times of the ave-

rage access count, it is easier to find the most accessed

blocks through their active period percentages. This

phenomenon confirms that we can discover long-term

hot data by observing the access count histogram.

Thus, we propose to observe data popularity in

a new macroscopic trend perspective, i.e., separating

the request sequence into periods of a fixed length

and keeping a specified number of past periods’ ac-

cess counts (e.g., 10 periods) for each recently accessed

block, as Fig.2 illustrates. Although the basic idea of

MacroTrend is to collect more information to predict

long-term data popularity, this will not bring much

space overhead (see Subsection 3.4 for overhead ana-

lysis).

2.2.2 Multi-Pattern Evaluation

So far, we have known the distribution of periodi-

cal access counts is helpful when predicting long-term

popularity, and the challenge is how to use them for

prediction. We can first make an intuitive observation

based on the popularity distribution of websearch shown

in Fig.3. Typical hot data (see frame p1) have large ac-

cess counts in nearly all periods (i.e., in the dark colors),

and typical medium hot (e.g., p4) and cold data (e.g.,

p6) have few active periods. These data are easy to

identify according to any prediction method, but there

are also many cases that are hard to distinguish hot

data from others (e.g., p2 vs p3 and p5).

The hot block indicated by p2 has no very hot period

in deep gray or black, but it has uniform user accesses

and many active periods. For the medium hot block

of p3 and the cold block of p5, they may have similar

total access counts in the whole time window, but their

active period distributions are quite different with p2,

i.e., having fewer active periods in the time window and

also having fewer adjacent active periods.

Therefore, we propose a multi-pattern evaluation

method in this part to help distinguish hot data from

others based on the MacroTrend perspective. Long-

term hot data usually not only have larger total access

counts in a history window, but also have more uni-

form access distribution, reflected in more active pe-

riod counts or more adjacent active periods. In other

words, a major difference between long-term hot data

and other data lies in that the long-term hot data of-

ten satisfy more than one feature of the active period

distribution, whereas the others usually meet none or

one feature at most. These features are summarized

as LTH (long-term hot) patterns. The more LTH pat-

terns a block satisfies in its recorded past periods, the

more likely it is a long-term hot block. The LTH pat-

terns proposed in this paper include the following three

patterns.

Stability Pattern (S-Pattern). This pattern has a

high percentage of active periods in a fixed-length time

window of a data block. S-pattern indicates that most

of the periods of this block are active periods. Thus,

the block constantly being hot is likely to be long-term

hot data (see Fig.5(a) for an example).

Continuity Pattern (C-Pattern). As Fig.5(b) shows,

although some long-term hot data do not have as high

percent of active periods as S-pattern, they are accessed

actively for continuous periods (e.g., four periods) in a

time window. This is called C-pattern. Note that a

medium hot block or a cold block unlikely exhibits this

pattern because of its few and scattered active periods

(please refer to Fig.3 for medium and cold block frag-

ments). Satisfying C-pattern increases the probability

of a block being long-term hot data.

Irregularity Pattern (I-Pattern). It means the sum

of access counts of all the periods in a past time win-

dow is usually very large among all the blocks. A hot

block that does not satisfy S-pattern or C-pattern may

have an irregular but hot active period distribution (see

Fig.5(c)).

More often than not, the activity distributions of

the medium hot and the cold data do not exhibit the

aforementioned LTH patterns. A few examples of non-

LTH cases are shown in Figs.5(d)–5(f).

Only exhibiting one LTH pattern (e.g., S-pattern,

C-pattern, or I-pattern) does not mean a data block

definitely belongs to the long-term hot data, because

data with medium activeness (e.g., frame p4 in Fig.3)

may reveal one of these patterns occasionally. Sati-

sfying more than one LTH pattern will greatly increase

the chance of a block being a long-term hot block.

Fig. 6 shows the percentage of blocks exhibiting

none, one, two, or three of the LTH patterns and

the blocks are categorized by their access counts for

the four real-world traces listed in Table 1. Based on

Fig.6, we observe that if a block is hotter, the percent-
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Fig.5. Examples of long-term hot (LTH) patterns and non-LTH patterns. (a) S-pattern. (b) C-pattern. (c) I-pattern. (d) Inactive for
all. (e) Few active periods. (f) Not enough sum of access counts.
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Fig.6. Percentage of blocks that exhibit LTH patterns. (a) websearch. (b) finance. (c) meta-aggr. (d) meta-slct.
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age of the block following all the three patterns will

be larger. This observation indicates that the multi-

pattern evaluation method is effective in discovering

long-term hot data. The more patterns one block satis-

fies, the more likely the block belongs to long-term hot

data that are worth being cached in NVM caches.

In addition, the framework of the MacroTrend pre-

diction method allows incorporating more kinds of

LTH patterns in the future, especially the application-

specific LTH patterns discovered by some methods like

machine learning.

3 Macroscopic Trend Cache Replacement

Algorithm

Powered by the effective MacroTrend prediction

method (see Subsection 2.2.2), a new write-efficient

cache replacement algorithm also called MacroTrend is

proposed in this section to manage NVM-based read

caches for longer lifetime or lower write energy con-

sumption. MacroTrend can effectively identify hot

blocks in a long run by the multi-pattern evaluation

method, and then keep them in the NVM-based read

cache for a relatively long time with lazy data updates.

MacroTrend works in hierarchical storage systems,

i.e., managing a flash-based read cache upon a disk sto-

rage or an NVM-based read cache upon a flash storage,

illustrated as Fig.7. Because the slow storage layers

(i.e., disks or flash-based SSDs) are both block devices,

the data in the read cache are also managed, measured,

and updated in the granularity of blocks. However, ex-

cept flash, the other NVMs (e.g., 3D XPoint, PCM,

ReRAM, and STT-MRAM) are byte-addressable, and

thus the requested data can be fetched from the cache

layer in the granularity of bytes, boosting the read

behavior compared with flash-based cache.

MacroTrend can be implemented in different kinds

of two-tier storage systems, for example, in an applica-

tion software (e.g., database), in the kernel of operating

systems (e.g., the page cache), or in a hybrid device

consisting of multiple storage media. In addition, our

proposed MacroTrend is a cache replacement algorithm

like LRU, but not a complete cache manager.

In this section, the overall architecture and the

workflow of MacroTrend are delineated in Subsec-

tion 3.1, followed by a series of detailed techniques,

including macroscopic observations in Subsection 3.2,

multi-pattern evaluation in Subsection 3.3, and lazy up-

dating in Subsection 3.4. Finally, the implementation

details and the overhead analysis of MacroTrend are in

Subsection 3.4.

3.1 Architecture

In order to make accurate predictions on long-

term hot data, our proposed MacroTrend scheme

adopts a macroscopic view on data popularity. First,

MacroTrend records the total access count of each block

in a long time period. Then, MacroTrend evaluates the

blocks based on overall hotness within the large period,

avoiding side effects induced by popularity noise in the

microscopic level. Second, MacroTrend discovers long-

term hot data according to the access count distribu-

tion of a series of past periods (i.e., in a coarse-grained

way). Evaluations based on the trends of access count

changes are much more accurate than those based on

a single popularity value at one point. Consequently,

MacroTrend discovers and keeps long-term hot data in
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Slow Block Device

Cache Manager
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Algorithm

NVM with Write Limitation 

(3D XPoint, PCM, ReRAM, 

STT-MRAM, etc.)
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SSD

Advanced 

Flash-Based

SSD

Disk

MacroTrend

Data Evicted Data Cached

Fig.7. Method that the MacroTrend cache replacement algorithm is integrated into storage systems.
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NVM-based read caches, thereby significantly reducing

the frequency of updating cached data into NVMs.

Fig. 8 illustrates the architecture of MacroTrend,

which is composed of three parts. First, the macro-

scopic observation module records the access counts of

the requested blocks in a coarse granularity. The small

squares with different gray levels on the left-hand side

of Fig.8 represent the access count of each period. A

dark color means a high access count. Thus, we ob-

tain the popularity distributions of accessed blocks to

identify the long-term hot data. Note that no matter

whether a request is hit by the NVM cache or not, it

will always be recorded.

Second, the multi-pattern evaluation module

matches the access-count distribution in the past pe-

riods of each recorded block with some given good

patterns of long-term hot data (see, for example, S-

pattern, C-pattern, and I-pattern in Subsection 2.2.2).

According to the count of the matched LTH patterns,

the multi-pattern evaluation module places the blocks

into different positions of an NQ (NVM queue) for the

already cached blocks in NVMs or a CQ (candidate

queue), which buffers potential long-term hot data for

cache replacement. NQ and CQ both maintain three

subqueues, because blocks may satisfy three, two, or

one LTH pattern, respectively. The more patterns a

block matches, the higher priority the block has for

staying in or entering NVM caches. Blocks in a sub-

queue of NQ or CQ are sorted according to the recency

of the period when its latest access locates in. Note that

CQ and NQ both belong to the temporal data structure

for the current round of cache replacement, and will be

released after finishing the data updating.

Finally, the lazy updating module changes the

cached data updating mode from the request level to

the period level, at which there are tens of thousands

or more of requests, reducing the NVM writes signifi-

cantly. The lazy updating interval is set in the same

level as periods, and there is a limit quota of updating

cached blocks (denoted as lazy updating throttling) for

each round.

The workflow of MacroTrend is as follows. Once

a request arrives, the macroscopic observation mod-

ule updates the access count of the current period.

Each time when a lazy data update is triggered, we

generate the latest version of CQ and NQ for candi-

dates and already cached data, respectively, according

to the method of multi-pattern evaluation. And then,

NQ evicts a specific number (i.e., lazy updating throt-

tling) of the coldest data blocks from NVMs and fetches

blocks with a high priority in CQ.

3.2 Lightweight Macroscopic Observation

The lightweight macroscopic observation module

contains a record of the access counts of 10 history pe-

riods and one current period for each accessed block to

illustrate the long-term popularity distribution of this

block. The data structure is implemented as a hash ta-

ble in RAM (random access memory) and updated per

request.

This module is designed to form a macroscopic pop-

ularity distribution by recording the total access counts

of each period. Let us use a simple example to describe

Candidates 
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(3)
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NVM Queue

Evict

Past Time Window
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Lazy Updating
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Fig.8. Architecture of MacroTrend.
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its procedure. We assume that there are five requests

in each period, and the request sequence is a, b, c, a, d;

b, a, a, b, a; c, b, e, e, d. The popularity distribution of

block a in the three periods is 2, 3, 0, and that of block

b is 1, 2, 1. Unlike the traditional caching schemes (e.g.,

LFU) that only record a single value of the total access

count to evaluate popularity, MacroTrend decides if a

block is likely to be a long-term hot block by comparing

the block’s popularity distribution of the past periods

with some given LTH patterns (see Subsection 3.3).

Fig.9 shows that the past time window of one block

usually contains 10 history periods and one current pe-

riod. When a block is accessed, the access count of

the current period increases by 1. If the current period

reaches its end, this period becomes a history period

and the oldest history period (e.g., period 1 in Fig.9)

is removed from the past time window. Meanwhile, a

new current period is created to record the new access

count.

The period length of MacroTrend is usually set as

tens of thousands of user requests. The setting depends

on the active data size of a storage system. If there are

a large number of unique accessed blocks, the period

should be set to a large value. Otherwise, the access

count in each period is too small to be recognized ac-

cording to the long-term hot data patterns. Although

the optimal setting of the period length is difficult to

obtain for a given application, we have found that there

are some empirical values of the period length that can

achieve satisfactory effects in most cases (see Subsec-

tion 3.5.2 for more). In order to reduce the space cost

of recording access information, only the blocks that

have been accessed during the current period are re-

quired to be tracked instead of logging all the blocks in

storage devices.

3.3 Multi-Pattern Evaluation

Recalling Subsection 2.2.2, there are three LTH

patterns adopted in this paper, namely S-pattern, C-

pattern and I-pattern, for discovering long-term hot

data. MacroTrend uses several thresholds to decide

whether a block satisfies these patterns. These thresh-

olds are self-adaptive and the implement details can be

found in Subsection 3.5.

Fig.9 shows that each time when data updating of

an NVM cache is triggered, MacroTrend scans all the

recorded information in the history time windows to

calculate the following metrics to decide the number of

LTH patterns that the accessed blocks satisfy.

S-Pattern. The percentage of the active periods in

a time window is compared with a specified threshold

of active period percentage of S-pattern. If the percent-

age of the active periods is no less than the S-pattern

threshold (e.g., 50%), the block will satisfy S-pattern.

C-Pattern. If a block has at least a specific number

of continuous active periods (e.g., 4) in the time win-

dow, the block will satisfy C-pattern. After obtaining
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Fig.9. Workflow of the macroscopic observation module and the multi-pattern evaluation module.
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the active period distribution, we compute the value of

the maximum continuous active period count in the ob-

serving window to check if a block satisfies C-pattern.

I-Pattern. A block is considered to be a long-term

hot data candidate with an irregular pattern, if the

block’s total access count in the past time window is

larger than a specified threshold, no matter how its

periodical access counts distribute. Note that when a

block only has access records since the 5th history pe-

riod, the access counts of the previous periods are set

to 0 representing that there is no access to the block.

After evaluating the LTH pattern count that blocks

satisfy, MacroTrend discards blocks that do not match

any pattern. The other blocks are placed into the diffe-

rent subqueues of CQ or NQ according to the number

of satisfied patterns. Of course, the more LTH patterns

a block matches, the more likely the block is to be kept

in or fetched into NVM caches.

Note that the access count threshold of active peri-

ods is self-adaptive in MacroTrend. It is determined by

the actual block accessing status (see Subsection 3.5.2

for more details).

3.4 Lazy Updating

In MacroTrend, we perform a lazy data updating

manner, i.e., a certain amount of cached blocks will be

replaced with new ones every one or multiple periods,

which usually contain at least tens of thousands of re-

quests because most cached data in NVMs can keep hot

for a long time. In our implementation, the cache data

updates are triggered per period.

When a data updating process is triggered, the best

blocks of CQ are fetched into NVM, resulting in evict-

ing the worst data blocks in NQ with the same amount.

The best blocks are the blocks satisfying the most pat-

terns in CQ, and thus the blocks of the subqueue match-

ing three patterns of CQ have the highest priority to be

fetched into the NVM cache. The maximum number

of the updated blocks each time is limited by a value

of lazy updating throttling, which is used to avoid an

excessive number of unnecessary data updates. The

impacts of different throttling settings can be found in

Subsection 4.6.2.

3.5 Implementation Details and Overhead
Analysis

3.5.1 Data Structure and Workflow of MacroTrend

The most important data structure of MacroTrend

is history table, i.e., a hash table to record blocks’ ac-

cess counts in history. It is implemented as a hash table,

whose key is the data identifier, and the value is a list

of 11 access counts. Ten of them are the access counts

of the 10 past history periods, and one is for current pe-

riod whose requests have not reached the period length.

Another hash table is used for looking up the cached

data blocks, similar to other cache algorithms.

And there are some temporal data structures that

only exist in the process of cache updating, including

the above mentioned CQ and NQ. Both NQ and CQ

usually contain three subqueues for the blocks that sat-

isfy 3, 2, or 1 LTH pattern respectively.

The detailed workflow of MacroTrend can be di-

vided into two major parts, record operations and up-

date operations. When a request arrives, MacroTrend

performs record operations to record necessary infor-

mation with low overhead. Update operations are pro-

cessed when there is periodical data updating for the

NVM cache. In other words, record operations are con-

ducted at the request level and update operations are

conducted at the period level.

Record Operations. When a request arrives,

MacroTrend first looks up the hash table of cached

blocks. For a write hit, the hit block in the cache

becomes out of data and will be discarded, because

MacroTrend only manages NVM-based read caches, as-

suming write requests are served by other modules. For

a read request, we will increase the access count of the

current period in the history table for the target block.

The following processes are very similar to other cache

algorithms.

When the accumulated read requests of the current

period have reached the specified period length (e.g.,

100 000), the current period becomes a history period,

and the record of the oldest history period will be reset

and used as a new current period.

Update Operations. When MacroTrend starts an

updating procedure, it needs to decide which data to

be updated into cache and which data to be evicted

from cache. We first create two temporal structures,

i.e., NQ and CQ, and then scan the history table to

calculate the count of satisfied LTH patterns of all the

recorded blocks. The already cached blocks will be put

into NQ, while the others will be put into CQ.

Assuming MacroTrend’s lazy updating throttling is

N , the top N data blocks in CQ form the updating

dataset, in order to replace the worst N blocks in NQ.

During this period, the values of all the self-adaptive

parameters are also calculated and recorded for the use

of the next period. The detailed calculation will be
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introduced in Subsection 3.5.2.

There are two reasons to use the value in the next

round of data updating instead of the current one.

First, calculating the values requires parsing the whole

history table, which has a large time overhead. This will

put off getting the plan of data updating and the proce-

dure of cache replacement. Second, the deviation of the

temporal locality of workloads tends not to change so

greatly. During our experiments, we find that the val-

ues of the parameters are similar between consecutive

periods.

Although the above update operations are complex,

they happen in a low frequency and can be processed

in background.

3.5.2 Parameter Tuning

This part introduces how to tune the parameters of

MacroTrend. There are five important parameters in

MacroTrend, 1) the period length, 2) the threshold of

active periods, and 3) three thresholds of three LTH

patterns.

In our implementation, some cached blocks are up-

dated after each period is ended; thus the period length

influences both the update frequency and the data ac-

cess histograms used for identifying long-term hot data.

When the period length is too large, more memory

space and time are needed for recording and comput-

ing of the history information, and the data updating

frequency may be too low. If the period length is too

small, the history information may be not enough for

long-term hot data prediction.

In fact, the best period lengths vary with different

applications, and it is hard to get the optimal value of

each given application. However, there are some empir-

ical values of the period length that can provide good

enough effects for most traces. According to our experi-

ments, 100 000 is an appropriate length for most cases.

More details can be found in Subsection 4.6.

The other four parameters of MacroTrend are all

self-adaptive. The threshold of active periods is a value

determined by the access distribution of each trace.

Each time when a round of cache updating is triggered,

assuming N is the count of updated cache blocks each

time (i.e., the value of lazy update throttling), we will

order the access counts of the history periods and the

N -th access count will be determined as the active pe-

riod threshold of this period. The setting of the other

three patterns is similar. The thresholds of S-pattern,

C-pattern, and I-pattern are all set as twice of the ave-

rage values of the history periods.

3.5.3 Space Overhead

MacroTrend has a low space requirement for the

metadata maintenance, including the history table, the

hash table for the cached blocks, NQ and CQ. For ex-

ample, assuming each block is 16 KB (kilobyte), an

8-byte identifier can be used to pinpoint any block of

a storage system with 16 PB (petabyte) active data.

Assuming that there are 100 000 requests in a period,

the past time window maintains 10 history periods, and

there are 60 000 unique accessed blocks in one period

on average, the space overhead of history table, NQ,

and CQ is analyzed as follows.

• The history table only needs to record the blocks

that have been accessed during the past 10 periods and

the current period, namely, 660 000 unique blocks. The

access count of a block in one period needs 2 bytes to

store; thus the past time window only requires 13.2 MB

(megabyte) (660 000 × (8+2) × 2) space in RAM (as-

suming the hash table requires two times larger space

than the stored items).

• The hash table of the cached data has similar

space overhead compared with other cache algorithms.

• CQ stores the candidate blocks which are a par-

tition of the blocks recorded in the history table. And

NQ stores the metadata of cached blocks. As a re-

sult, the space overhead of NQ and CQ is limited and

MacroTrend keeps the memory for CQ and NQ to avoid

the frequent memory allocation operations.

Thus, the additional space overhead introduced by

MacroTrend is small.

3.5.4 Time Overhead

The time consumption of MacroTrend can be di-

vided into two parts.

1) MacroTrend’s additional runtime to process each

request lies in adding a block’s access count in the his-

tory table. The time cost is O(1) for both searching

and inserting into the hash table. As a result, com-

pared with traditional algorithms, MacroTrend brings

little additional time overhead.

2) Occasional process time (e.g., once for hun-

dreds of thousands of requests) for each round of

MacroTrend’s lazy update comes from organizing CQ

and NQ and updating data blocks in the NVM cache.

To manage CQ and NQ, MacroTrend needs to traverse

the history table to decide blocks’ locations in CQ or

NQ. The time complexity is O(M × logM), where M

is the average capacity of the history table.

Importantly, most of the updating time of NVM

cache lies in the I/O time. Thus, MacroTrend can
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reduce the updating time significantly since it has

achieved much fewer cache updates compared with

other cache algorithms. What is more, all the above

operations can be run in background, without obvious

impacts on the system performance.

4 Evaluation

In this section, we will demonstrate the evaluations

on our proposed MacroTrend algorithm and a series of

existing cache algorithms. And MacroTrend is short-

ened as MT in this section.

After introducing the experimental setup in Subsec-

tion 4.1, the overall results under typical configurations

are given in Subsection 4.2 followed with the results un-

der different NVM cache size settings in Subsection 4.3.

Subsection 4.4 explains why MT can achieve a good ef-

fect through a deep quality analysis of cached data and

Subsection 4.5 demonstrates the average response time

of NVM devices. Finally, the impacts of several para-

meters of MT are revealed in Subsection 4.6.

Since MT is a general write-efficient cache algorithm

for a variety of NVM devices, including flash NAND,

PCM, ReRAM, and STT-MRAM, the simulator does

not include the device-specific features.

4.1 Experimental Setup

We conduct extensive experiments using a trace-

driven simulated caching system. The simulation plat-

form is designed and developed by us, simulating the

behaviors of a cache system including request process-

ing, metadata maintenance, cache replacement, statis-

tics, etc.

The system is developed with about 3 000 LOC in

Python.

Besides MT, LRU, LFU, ARC, pdLRU (Peri-

odLRU), LARC and SieveStore are implemented in our

system. LRU is the most widely utilized cache algo-

rithm for its simplicity and good performance.

LFU is a good representative of the traditional

caching replacement algorithms. ARC [12] is optimized

for NVM devices which combine LRU and LFU to

adapt to different workloads. As a common-sense cache

algorithm, pdLRU employs LRU for data popularity

prediction and updates the same amount of data as MT.

Among the advanced write-optimized caching schemes,

LARC and SieveStore are good representatives of the

data-filtering cache algorithms, while MT also fits into

the same category.

In this part, we avoid using the traces in Table 1

which were already used in our previous analysis in

Subsection 2.2 to motivate the design of MT. Instead,

MSR (Microsoft Research) Cambridge traces [15] col-

lected from typical enterprise data centers are replayed

in our experiments. As Table 2 shows, our evalua-

tions cover all the 12 application categories of the MSR-

Cambridge traces.

The comparison between MT and these schemes can

reveal the importance of identifying long-term hot data

for achieving high hit rates with limited data updating.

Thus, two performance metrics are employed to eva-

luate these cache algorithms, the cache hit ratios and

the write amounts of cache devices. The write amount

directly affects the NVM lifetime or the write energy

consumption of an NVM device like STT-MRAM.

4.2 Overall Performance

In the first group of experiments, we present the

overall performance of MT along with other algorithms.

Figs.10 and 11 illustrate the hit rates and the NVM

Table 2. Real-World Traces from Microsoft Research Cambridge Used in Our Evaluations

Trace Name Application Type Request Count Read Ratio (%)

usr User home directories 38 975 431 96.13

proj Project directories 40 366 612 5.93

prn Print server 17 635 766 19.79

hm Hardware monitoring 8 985 487 32.65

rsrch Research projects 3 254 278 11.22

prxy Firewall/web proxy 22 642 550 3.61

src Source control 2 999 229 12.45

stg Web staging 6 098 667 31.76

ts Terminal server 4 216 457 25.89

web Web/SQL server 9 642 398 53.59

mds Media server 2 916 662 29.61

wdev Test web server 2 654 824 27.30
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write amounts of read caches of the 12 real-world traces

listed in Table 2 and the average values of them respec-

tively. The cache size is set to a default value, i.e., 10%

of the storage capacity. The period length and other

parameters of MT are set based on experience. And

for a fair comparison, MT and SieveStore make deci-

sions according to the same amount of history data ac-

cess information. In addition, the miss count thresholds

of SieveStore for data filtering are adjusted to achieve

similar cache hit rates compared with LRU and MT.
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Fig.11. Overall write amount results.

As Fig.10 plots, MT achieves cache hit rates, either

the highest (e.g., rsrch, stg, wdev, and web) or very

close to the highest (e.g., ts, mds, and Avg.) among all

the evaluated algorithms. Compared with the classical

LRU scheme, MT’s hit ratios are higher for eight traces

and a bit lower for five traces. The highest hit rate im-

provement of MT occurs at trace rsrch, in which MT

promotes the hit ratio to 2.6 times of LRU’s. Mean-

while, the worst case is a 12.6% reduction for trace usr.

On average, MT improves the hit ratio by 12% com-

pared with LRU. Though the hit rates of MT are only

higher than those of LFU in four out of 13 cases, the

average hit ratio of MT is only 7.7% lower than that of

LFU. As for ARC and LARC, the average hit ratio of

MT is close to theirs, i.e., 94.9% of ARC’s and 94.4% of

LARC’s. MT exhibits higher hit rates than SieveStore

in 11 out of 13 cases. The average hit ratio improvement

of MT based on SieveStore is 16.1%. When compared

with pdLRU, MT has a higher hit rate in all 13 cases

and achieves a 30% improvement on average.

Fig.11 exhibits that the NVM write amounts of MT

are always much fewer than those of all the other algo-

rithms except pdLRU for all the traces. Note that for

each trace, the NVM write amounts of all the caching

algorithms in Fig. 11 have been normalized based on

the MT’s write amount. Compared with LRU, for ex-

ample, MT reduces write amounts at most 117.44 times

(rsrch) and at least 10.24 times (stg). The average write

amount reduction is 28.76 times. MT reduces the writ-

ing pressure of NVM devices by 24.79 times, 25.58 times

and 2.643 times, compared with LFU, ARC and LARC,

respectively. Compared with SieveStore, the writing re-

duction of MT reaches 6.75 times on average.

The results plotted in Figs.10 and 11 confirm that

MT is conducive to discovering the long-term hot data,

thereby reducing the NVM write amount significantly

without unnecessary performance loss.

4.3 Results Under Different Cache Sizes

The experimental results of the hit rates and the

NVM write amounts under different NVM cache sizes

driven by traces wdev and prxy are given in this part.

The hit ratio of MT for the trace wdev is higher than

that of LRU and is a bit lower for prxy. We pick these

two different kinds of traces to provide good coverage

of different cases.

Fig.12 and Fig.13 plot the hit ratios under wdev and

prxy respectively, and the capacity ratios between cache

and storage range from 4% to 16%. From both figures,

the hit ratios of all the cache algorithms increase along

with the ascending cache sizes.

Fig.12 reveals that the hit rates of MT for trace wdev

are either the highest or very close to the highest in all

cases. For example, compared with the classical LRU,

MT improves the hit ratio by an average of 38.7%. LFU

has the best performance except for MT and the ave-

rage hit ratio of MT increases by 1.74% compared with

LFU. For trace prxy, the hit rates of MT are slightly

lower than those of the other cache algorithms. Consi-

dering the one or two magnitudes lower write amount,

such a slight hit rate loss is acceptable for MT.
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Fig.12. Hit ratios under different cache sizes for wdev.
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Fig.13. Hit ratios under different cache sizes for prxy.

Fig.14 and Fig.15 exhibit the write amounts of the

seven caching replacement algorithms. Note that all

the results in Fig.14 and Fig.15 are normalized based

on the write amount of MT when the cache size is 4%

of the entire storage.

The results indicate that MT significantly reduces

the SSD write loads in all the cases except for pdLRU.

For example, when the cache size is 4% of storage capac-

ity, MT reduces the write amounts by a factor of 163.82

compared with LRU, 12.52 compared with LARC and

46.67 compared with SieveStore for wdev. Moreover,

MT reduces the write amounts by 84.69 compared with

LRU, 10.37 compared with LARC and 13.93 compared

with SieveStore for prxy.

Along with the increase of the cache size, the write

amounts of LRU, LFU, ARC and SieveStore keep de-

clining. This trend is attributed by increased hit rates.

pdLRU and MT limit the allowed block count for data

updating proportional to the cache size. Therefore,

MT’s write amount increases as the cache size goes up.

In fact, this scheme of MT is more appropriate than

the others, because a large cache device can stand more

write pressure than a small one.
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Fig.14. Write amounts under different cache sizes for wdev.
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Fig.15. Write amounts under different cache sizes for prxy.

The case of LARC is more complex. For trace wdev,

the write amount keeps declining, but for trace prxy,

the trend is the opposite. This is driven by the size of

the filter inside LARC which stays larger and generates

more updates for trace prxy. When the cache size is

16% of the storage capacity, MT still reduces the write

amounts by a factor of 8.1 (wdev) and 13.93 (prxy) com-

pared with LRU. Compared with LARC which achieves

the lowest writing amount apart from MT, the average

updating amount of MT reduces 6.18 times for wdev

and 5.99 times for prxy. It means that MT has length-

ened the device lifetime or decreased energy consump-

tion by 6.00 times.

4.4 Quality Analysis of Cached Data

From Subsections 4.2 and 4.3, we can find that MT

achieves similar or even higher hit rates with much

fewer data updates in many cases. The reason lies in

that MT promotes the quality of selected cache blocks

by utilizing MT prediction, and thus we do not need to
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update the cached contents frequently to ensure a high

hit rate.

In this part, we will take a deep quality analysis of

cached data based on the wdev and prxy traces from

MSR-Cambridge [15] to explain why MT can achieve

such good effects. LRU and SieveStore are chosen to

be compared with MT since they are good represen-

tatives for traditional caching algorithms and writing-

optimized caching algorithms. Specifically, we intro-

duce two different metrics in Subsections 4.4.1 and 4.4.2

to measure the cached data quality respectively.

4.4.1 Global Rank of Cached Data

In this part, we use the global rank of the total ac-

cess count among all the accessed blocks as the metric

of long-term hotness. Obviously, the lower the value of

a block’s global rank is, the more popular the data block

is in a long run. For a specified cache algorithm, we can

calculate the average global rank of all the ever cached

blocks according to this algorithm. A good cache algo-

rithm should lead to a small value of the average global

rank, indicating that the algorithm is good at identify-

ing long-term hot data for NVM caches.

Based on the traces wdev and prxy, we first rank

all the accessed blocks according to their total access

counts. And then we record the global rank value of

each cached block that has ever entered the cache, and

calculate the average global rank finally. The results

of LRU, SieveStore, and MT under the wdev and prxy

traces are shown in Fig.16. It is obvious that MT ach-

ieves the best average global ranks for both traces.

The average global rank of MT is only 18.3% for

prxy, and those of LRU and SieveStore are 44.4% and

36% respectively. For the wdev trace, the value of MT

is as small as 6.7%. And the global ranks of LRU and

SieveStore are 25.3% and 20.5% respectively. The re-

sults indicate that MT can effectively find the long-term

hot data, which is a driving force behind MT’s high hit

rate with its reduced write amount.
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Fig.16. Quality analysis of cached data.

4.4.2 Distribution of Four Quadrants

In order to maintain a hit rate with fewer NVM

writes, we need to achieve two goals: 1) identifying

long-term hot data accurately, and 2) keeping them for

a long time in the NVM-based read cache, but not evict-

ing them too early. Therefore, in this part, we classify

all the cached data blocks into four quadrants based on

both their popularity (i.e., the total access count) and

the count that they have been written into the NVM

cache repeatedly during the whole trace.

As Fig.17 shows, the cached blocks located in QA

have a good popularity and they are accessed uniformly

without long time absence, and thus they are rarely

evicted from the NVM cache. QB is for the data

that are often evicted from NVM cache because there

are often some time periods without any accesses, and

then they will be reloaded into the NVM cache due

to their high popularity. The other quadrants of QC

and QD contain the unpopular data. In a word, an

ideal cache replacement algorithm for NVM-based read

cache should lead to a large proportion of QA and small

proportions of the other three quadrants.

QA QB

QC QD

Reload 

Counts

Popularity

High

Low

HighLow

Ideal Data for 

Caching

Fig.17. Concept of four quadrants.

For the wdev and prxy traces, we perform the above

classification, in which the top 20% data blocks are

considered as hot and a block is not ideal for cache if

the block has been updated in and evicted from cache

more than five times.

Fig.18 shows the percentage distributions of the four

quadrants for the three cache algorithms under the two

traces.

The QA portions of MT are larger for both prxy and

wdev in all cases. Compared with LRU and SieveStore,

the QA portions of MT reach up to 67.9% (prxy) and

87.3% (wdev), while LRU only has 0.3% and 1.9%, and

SieveStore leads to 17.3% and 17.51%, respectively.
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Fig.18. Four-quadrant distribution results under wdev and prxy. (a) LRU: wdev. (b) SieveStore: wdev. (c) MT: wdev. (d) LRU: prxy.
(e) SieveStore: prxy. (f) MT: prxy.

This indicates that when MT limits the data up-

dates for the NVM cache, its decision is wise, i.e., most

unpopular data in the long run are kept off from the

cache and the best data with both a high popularity

and stable hotness are selected by MT. What is more,

MT protects the hot data well in NVM caches, without

loading hot blocks repeatedly. All of these above rea-

sons lead to MT’s good effects on both high hit ratios

and low data updating amounts.

As Section 1 and Fig.1 explained, traditional caching

algorithms fail to predict the long future of data hotness

effectively because they do not utilize enough access in-

formation for prediction. The deep quality analysis of

cached data verifies the conclusion and the effectiveness

of MT in finding long-term hot data.

4.5 I/O Response Time

In order to evaluate the performance of different

cache algorithms on practical I/O devices, our simu-

lator supports performing practical I/Os on cache and

storage devices, including serving read/write requests

and cache replacements. In this part, we will illustrate

and analyze the average I/O time of running the whole

workloads. We set an 800 GB (gigabyte) PCIe (periph-

eral component interconnect express) SSD as the read

cache and adopt a 2 TB (terabyte) HDD (hard disk

drive) as the data storage. The data storage and the

cache are associated with a large file on HDD and the

other one on SSD, respectively. The requests are sent

to devices sequentially and the total time of I/O devices

is recorded.

Fig.19 plots the average I/O response time when

running workloads for five times each for the two rep-

resentative workloads coupled with LRU, SieveStore,

and MT, respectively. The average I/O response time

of running a whole workload can directly reflect the per-

formance, i.e., a shorter I/O response time indicates a

better performance. Among the three algorithms, MT

achieves the shortest average I/O response time under

both traces, and SieveStore usually leads to the longest

I/O time.
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Fig.19. Average I/O response time.
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Though some data requests need to be loaded from

disk several times before it eventually enters cache in

MT, it also avoids unnecessary cache misses, which

significantly reduces the response time.

4.6 Impacts of MT Parameters

In this part, we have made a series of experiments

based on the traces wdev and prxy to evaluate the im-

pacts of the key parameters of MT, including the period

length and the throttling values of lazy updating.

4.6.1 Period Length

In our implementation of MT, the data updating

period is set the same as the macroscopic period for

observing data. Therefore when we change the value

of the period length, both the data updating frequency

and the granularity of recording data access counts are

changed at the same time. A too high or too low value

of the period length leads to too sparse updating or too

few access records to reference, resulting in bad perfor-

mance. The setting of the period length has a strong

influence on the performance of MT.

In this part, we vary the period length from 1 000 to

1 000 000 under wdev and prxy, and Fig.20 reveals the

trends of hit ratios and write amounts. Moreover, all

the write amounts are normalized by the write amount

when the period length is set as 1 000 000. The write

amount becomes smaller for larger period length setting

because the data updating frequency is lowered. When

we increase the period length from 1 000 to 1 000 000

requests, the write amount is slashed by 13.36 times

(wdev) or 2.31 times (prxy).
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Fig.20. Impacts of period length settings for wdev.

On the other side, the cache hit ratios usually first

increase and then decrease along with larger period

length settings. MT makes the judgment on data

popularity according to the access counts of the past 10

history periods. When the period length is too small,

the lack of enough access records leads to a relatively

lower hit rate. When the period length is too large, the

data updating frequency is too low to achieve satisfac-

tory performance.

However, the best settings to achieve the highest hit

rates for different traces are different. For example, the

best period lengths are 100 000 for wdev and 10 000 for

prxy.

4.6.2 Lazy Updating Throttling

For the lazy updating throttling (i.e., the maximum

updated block count in each round of data updating),

a large value leads to more writes, while a small value

results in a low cache hit rate due to the lack of new hot

data loaded into NVM caches. Fig.21 plots the experi-

mental results when the lazy updating throttling value

is set in the range of 4%–16% of cache capacity each

time. A larger lazy updating throttling value means re-

laxing the limit on cache replacements, thus increasing

both the write amounts and the cache hit rates.
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Fig.21. Impacts of period length settings for prxy.

When the lazy updating throttling increases from

4% to 16%, the NVM write amounts increase by 65.6%

(wdev) and 72.8% (prxy) respectively, and the cache hit

rate increases only 1.6% for trace wdev while the hit

rate of 16% is lower than that of 4% for trace prxy.

5 Related Work

5.1 Traditional Caching Algorithms

Traditional caching algorithms are aimed to achieve

a high hit rate without considering the data write

amount. Except for the classical LRU algorithm, many
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algorithms have been proposed in the past decades,

including FBR (Frequency-Based Replacement) [16],

LRFU (Least Recently and Frequently Used) [17],

LRU-k [18], MQ (Multi-Queue) [19], LIRS (Low Inter-

Reference Recency Set) [20], ARC [12], Clock-Pro [21],

CAR (Clock with Adaptive Replacement) [22], and

SxLRU. FBR, LRFU, LRU-k, and MQ are more ex-

pensive than LRU. Clock-Pro and CAR extend the

CLOCK strategy to trade the cache hit ratio for a low

overhead. LIRS considers the access interval to pro-

mote the hit rate, while ARC combines the recency

and the frequency. SxLRU is a series of caching algo-

rithms including SLRU [23] and many optimized caching

algorithms based on SLRU, such as DSB (a dueling

segmented LRU replacement algorithm with adaptive

bypassing) [24] and fixed SLRU (Segmented LRU) [25].

The basic idea of SLRU is to divide the cache lines into

two lists, the referenced list and the non-referenced list.

The non-referenced list is evicted first. Both ARC and

SxLRU try to combine the recency and the frequency

and ARC has been widely adopted for its performance

and adaptability. As a result, ARC was chosen as the

representative of traditional caching algorithms in our

experiments.

The SSD caches in many industrial products or

open-source systems adopt these traditional schemes.

For example, Facebook’s Flashcache 8○ employs FIFO

and LRU as its caching schemes, while Linux’s dm-

cache 9○ utilizes MQ [19].

Assuming the disk cache device is DRAM, which

has enough write endurance and low write energy con-

sumption, the traditional schemes rarely consider re-

ducing the frequency of updating the cache device and

only pursue the short-term hot data for a high hit rate.

Thus, this kind of cache algorithms should not be di-

rectly used on the emerging NVM devices.

5.2 Caching Schemes with Write Reduction

In recent years, some studies [26, 27] have focused on

applying the SSD-based cache as a popular way of

caching data for a high I/O speed. When SSDs are

adopted as cache devices, one has to limit the amounts

of updated data in SSDs at a low level, because SSDs

have very limited total bytes written in their entire life

cycle [6]. The aforementioned traditional caching algo-

rithms impose adverse impacts on the lifetime of SSDs

as mentioned before. Thus, it becomes indispensable

to propose new caching algorithms that extend SSDs’

lifetime by limiting the write amount. There have been

some cache schemes with write endurance improvement

proposed. The existing solutions mainly include the fol-

lowing three categories.

Data Filtering Schemes. The first type of schemes

adopts a data filtering method to improve the quality

of cached data for SSDs and reduce the frequency of

updating cached data at the same time.

For example, the Solaris ZFS file system adopts

L2ARC to reduce the write amount of SSD-based read

caches 10○. L2ARC fills the SSD cache with the con-

tents in the tail of an RAM cache queue. The caching

scheme of the RAM queue is ARC [12]. L2ARC selects

data cached in SSDs in the same way as ARC. In or-

der to reduce the amounts of written data in SSDs,

L2ARC periodically fills SSDs (i.e., some hot contents

may randomly be ignored) and adopts FIFO (first in

first out) as the management scheme for SSDs to re-

duce the flash write amplification. In fact, L2ARC se-

lects cached data in a sampling manner, thereby leading

to unpredictable system performance (i.e., performance

may be improved or degraded).

SieveStore [10] and LARC [11] also belong to this

category by utilizing some kinds of data filters to se-

lect cache targets for SSDs. Some industrial storage

products adopt similar caching approaches (e.g., EMC

FAST Cache 11○, Intel Turbo Memory [28], Netapp’s In-

telligent Caching 12○, and Oracle Exadata’s smart flash

cache 13○).

However, these algorithms select data based on

queueing data by traditional cache schemes which pur-

8○Srinivasan M, Saab P. A general purpose, write-back block cache for Linux. https://github.com/facebookarchive/flashcache,
Nov. 2019.

9○VISA Research Lab. Dynamic block-level storage caching. https://web.archive.org/web/20140718083340/http://visa.cs.fiu.ed-
u/tiki/dm-cache, Nov. 2019.

10○Bitar R. Deploying hybrid storage pools with Oracle flash technology and the Oracle Solaris ZFS. https://www.or-
acle.com/technetwork/systems/archive/o11-077-deploying-hsp-487445.pdf, Nov. 2019.

11○EMC FAST Cache: A detailed review. http://www.emc.com/collateral/software/white-papers/h8046-clariion-celerra-unified-
fast-cache-wp.pdf, Nov. 2019.

12○Woods M. Optimizing storage performance and cost with intelligent caching. http://www.netapp.com/us/media/wp-7107.pdf,
Nov. 2019.

13○Subramaniam M. Exadata smart flash cache features and the Oracle exadata database machine. http://www.oracle.co-
m/technetwork/server-storage/engineered-systems/exadata/exadata-smart-flash-cache-366203.pdf, March 2016.
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sue short-term hottest data. The data prediction met-

hod is not improved by these schemes to adapt to the

long-future prediction requirements of the write-amo-

unt-sensitive NVM devices. According to these algo-

rithms, a part of short-term hottest data chosen by tra-

ditional prediction methods, instead of long-term hot

data, are selected to fill NVM caches, leading to unnec-

essary performance loss.

In fact, our proposed MacroTrend algorithm falls

into this category, and thus we compare MacroTrend

with the typical SieveStore algorithm in the evalua-

tion part (Section 4). The most significant difference

between MacroTrend and other data filtering solutions

lies in that MacroTrend makes an effective improvement

on predicting long-term hot data while others follow the

short-term hot prediction manner of traditional cache

algorithms like LRU.

Compared with our previous work [29], this paper

provides a thorough analysis of cache algorithms and

gives a detailed explanation of why traditional cache

algorithms cannot be adapted to NVM devices with

write problems. Moreover, a theoretical analysis and

a detailed illustration of MacroTrend are given. We

also add experiments to analyze the inner mechanism,

the I/O response time and the parameter impacts of

MacroTrend.

Delayed Eviction Schemes. The second kind of

schemes reduces the SSD write amount by extend-

ing the staying time of already cached data in SSD-

based read cache to an appropriate level to avoid too

early eviction of popular data, such as WEC [13] and

ETD-Cache (expiration-time driven cache) [30], because

a high percentage of cached contents have been found

to be evicted too early before generating cache hits.

These algorithms can supply protection for the already

cached blocks to lower the frequency of cached data

updating. However, when the cache replacement hap-

pens, they also rely on traditional algorithms like LRU

to select data to fill the cache devices. The method

proposed in [31] is a special example of delayed evic-

tion schemes. The approach utilizes the out-of-place

update mechanism of flash devices. When a page is

evicted from the flash cache, the data of the page will

still be kept in the device physically for a short time.

Therefore, the algorithm allows the user to access the

data during this period. The approach is orthogonal to

other cache algorithms and can be combined to provide

better performance. Moreover, the approach is limited

to flash devices.

Container-Level Cache Schemes. The third group

of cache schemes aims to lengthen the lifetime of SSD

caches by reducing the inner write amplification rate

of flash chips. When SSDs encounter small random

writes, it will cause many additional data movements

for garbage collection, i.e., practical write amounts of

SSDs are amplified compared with the write operations

demanded by the users.

These algorithms manage and replace SSD cached

contents in a very large unit (e.g., 128 MB), which con-

tains many small cached blocks and is larger than the

erase unit size of inner flash chips. Therefore, write

amplification is much reduced to lengthen the SSD life-

time and to improve the SSD I/O speed. RIPQ (re-

stricted insertion priority queue) [32], Pannier [33] and

SRC (SSD redundant arrays of independent disks as

a cache) [34] belong to this kind of container-level cache

schemes. These solutions do not have any improvement

on data prediction methods, and are only effective for

flash-based SSDs but not for other NVM devices. In

fact, the idea of the container-level cache is orthogonal

to our proposed MacroTrend algorithm, i.e., enlarging

the cache replacement unit can also be integrated to

MacroTrend for further improvement, but it is out of

the scope of this paper.

In addition, some other work focuses on reducing

the NVM write amount from other aspects. For in-

stance, HEC (high endurance cache) [35] is designed

to integrate the cache replacement algorithm with GC

(garbage collection) of flash devices. GC needs to copy

valid blocks in the victim page, which causes extra write

pressure. However, for a flash cache, cold clean data

blocks can be directly evicted from cache without extra

updates. Based on this observation, the optimized GC

mechanism in HEC considers both the number of valid

blocks and the hotness of data with the assistance of

the cache replacement algorithm. However, the algo-

rithm is designed specially for flash devices and needs

to change the firmware of flash cache.

It is novel for CacheDedup [36] to integrate the data

deduplication techniques into the flash cache to reduce

the write pressure.

The objective of CloudCache [37] is to improve the

performance and lifetime of the flash cache in cloud

computing by utilizing the reuse working set to predict

appropriate cache sizes for each VM (virtual machine).

And SHARDS (Spatially Hashed Approximate Reuse

Distance Sampling) [38] can reduce the time and space

overhead of MRC (miss ratio curve). MRC is an im-

portant measurement of the temporal locality of work-

loads for estimating an appropriate cache size and is
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constructed by sampling.

In addition, CFLRU (Clean First LRU) [39] is a

caching algorithm of DRAM on the top of an SSD de-

vice, which reduces the writing pressure by evicting the

clean pages in DRAM first. The scope of this paper

is how to manage the NVM-based read cache, which

means that all the mentioned algorithms are operated

below DRAM and inside NVM. As a result, CFLRU

is orthogonal to MacroTrend and can be utilized as

the caching algorithm of memory to reduce the writ-

ing pressure of NVM devices further.

6 Conclusions

In this paper, we proposed a novel MacroTrend

prediction framework to keep track of the macro-

scopic popularity trends of a block through its access

count histogram in a history window. Moreover, we

developed a new MacroTrend cache replacement algo-

rithm based on the prediction framework to reduce the

write amounts of NVM-based read caches significantly

with maintaining high hit rates. The experimental

results driven by the real-world traces revealed that

MacroTrend achieves 12% higher hit rates and 28.76

times lower writing amounts on average compared with

LRU for NVM-based read caches.

MacroTrend has high potencial to be utilized in

numerous areas with a huge read I/O requirement,

such as machine learning and OLAP (online analytical

processing), to boost the system performance and re-

duce the device replacement cost. Moreover, under the

MacroTrend prediction framework, how to pinpoint the

long-term hot data accurately is an open problem. In

the future, we can incorporate new methods like ma-

chine learning to build a more precise relationship be-

tween the data access histograms and the long-term

data popularity to make further improvement.
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