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Abstract

The diverse and complex modern workloads pose a major
challenge for cache to remain effective across all scenarios,
degrading the performance of critical systems such as web
caches. Adaptive cache eviction algorithms promise to ad-
dress this challenge by observing access patterns and adjust-
ing their behavior accordingly. However, existing ones fail
this promise, even underperforming static policies. Our anal-
ysis shows that this is because they adapt only to a few typical
patterns, incurring poor performance on others. Moreover,
they adapt by switching between supposedly complementary
algorithms, which turn out to interfere with each other.

We present MERLIN, an efficient adaptive algorithm that
robustly handles diverse access patterns while maintaining
low overhead and high multicore scalability. The efficiency
of MERLIN stems from a principled pattern characterization
method that can express a wide spectrum of access patterns
rather than a few typical ones. This is achieved by charac-
terizing at the level of individual objects while accounting
for both access locality and cache size. Furthermore, MERLIN
cleanly decouples responsibilities among its components,
with each component performing a single task, thereby elim-
inating the costly interference between base algorithms. Our
evaluation across 11 datasets with 5423 traces shows that
MERLIN achieves robust improvements in hit rate over exist-
ing algorithms, increasing throughput by 1.4 to 7.8 .

1 Introduction

To improve performance, modern computing systems widely
employ software caches, such as in-memory key-value stores
in data centers [3,8,9,13,30,58,59,68], edge caches in content
delivery networks [3,7,12,16,33,43,52,61,68], and page caches
in operating systems [14,15,27,35,42,46,48,78]. The efficiency
of such caching systems largely depends on their eviction
algorithms, which manage limited cache space to exploit
access locality in the workload. The effectiveness of eviction
algorithms, in turn, hinges on how well their underlying
assumptions match the workload access patterns.
However, prior studies [12,35, 45,48, 67,69,70,77] show
that modern workloads exhibit diverse and varying access
patterns. We confirm the above conclusion through an anal-
ysis of 11 real-world datasets (§3.1). To express workload
diversity, prior work [48] classifies access patterns into four
primitive types: 1) LFU-friendly (high-frequency access),

2) LRU-friendly (high-recency access), 3) Churn (objects ac-
cessed periodically), and 4) Scan (objects accessed only once).
The workload’s access pattern is often a varied combination
of these primitives, while also shifting rapidly over time.

The complex access patterns are a key challenge to evic-
tion algorithms, as they must remain effective across all pat-
terns. Nevertheless, decades of advancements in the field
have mainly focused on static algorithms [8, 13,17, 27,35, 40,
71,72,78], which use fixed policies to manage cache regard-
less of access patterns. Despite many elegant proposals, the
inherent rigidity of static algorithms limits their ability to
deliver the best performance across diverse workloads, as
our evaluation shows in §3.

To tame workload diversity, a general system design prin-
ciple is to introduce adaptivity, which has seen great success
across multiple domains, such as scheduling, resource alloca-
tion [23,24,75] and fuzzing [26,29,66]. In the context of cache
eviction, an adaptive algorithm involves two key aspects: 1)
Pattern characterization, i.e., observing and characterizing
workload access patterns; and 2) Policy adjustment, dynami-
cally changing its policy to suit the observed patterns. Such
adaptivity promises an effective way to treat the diverse
access patterns in modern workloads.

However, existing adaptive algorithms [6,45,48,55] fail
to fulfill this promise, to a degree that they often underper-
form their static counterparts across real-world workloads,
as we measure in §3.2. Indeed, designing effective adaptive
algorithms is challenging. Prior work [71] shows that a sim-
ple yet effective static algorithm already performs well on
common workloads, while making itself adaptive only offers
marginal gains in the rare adversarial workloads. This sug-
gests that the complexity cost of adaptivity may outweigh its
benefits. Our work revisits this problem by studying how to
design an effective adaptive algorithm with low complexity.

This paper presents MERLIN', a cache eviction algorithm
that adapts to a broad spectrum of access patterns with low
management overhead and high multicore scalability. To de-
sign MERLIN, we begin with an in-depth analysis of the typi-
cal patterns where existing adaptive algorithms fail (§3.3).

Through the analysis, our key observation is that existing
adaptive algorithms are designed to be effective for a few typ-
ical patterns, thereby incurring poor performance in many
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other cases. Algorithms like ARC [45] and CAR [6] adapt cache
space for accesses dominated by 1) objects accessed only once
recently, or 2) objects accessed multiple times recently. As
both categories represent short-term accesses, they do not
effectively capture long-term access patterns. Cacheus [48]
adapts by switching between two complementary base al-
gorithms, each effective for two of the four aforementioned
primitive patterns. Thus, Cacheus fails to adapt when ac-
cesses deviate from these typical patterns.

To overcome the above limitations, MERLIN advances in
both key aspects of adaptivity. In pattern characterization,
state-of-the-art mechanisms classify access sequences into
only a few typical patterns, failing to extract the characteris-
tics of many access traces. This is due to a failure to meet the
challenge of devising an approach for accurately expressing
the full spectrum of access patterns.

To address the above challenge, we identify three key re-
quirements. The characterization must 1) be flexible, i.e., not
limited to a small fixed set of access patterns, 2) reflect the
degree of locality, the key to caching effectiveness, and 3)
account for cache size, since the same access sequence can
behave differently under different cache sizes. Prior charac-
terization approaches do not meet all these requirements,
explaining their ineffectiveness across diverse patterns.

MERLIN’s principled characterization approach meets all
the above requirements. MERLIN characterizes by classify-
ing objects based on two dimensions: hotness and popular-
ity into four types: hot-popular, hot-rare, cold-popular, and
cold-rare. Hotness and popularity denote short-term and long-
term access counts, respectively, capturing both recency and
frequency aspects of locality, therefore meeting the second
requirement. To meet the third requirement, MERLIN sets the
total number of hot and popular objects to fit the cache, with
an intuition that only the hottest and most popular items
are stored. With this object-level classification, MERLIN accu-
rately captures a wide range of access patterns using counts
of the four object types, satisfying the first requirement.

Regarding policy adjustment, prior work uses complemen-
tary base algorithms or data structures that turn out to inter-
fere with each other when neither is particularly effective,
leading to poor performance (§3.3). Thanks to its principled
characterization, MERLIN adapts using a simple policy that
avoids such interference: prioritize hot-popular objects, then
hot or popular objects, and filter out cold-rare objects, as the
object type counts reflect the access pattern.

MERLIN’s design is based on a unified and cohesive archi-
tecture that embraces recent advances in multi-queue FIFO-
based algorithms [71]. It consists of multiple components
with cleanly decoupled responsibilities, each performing a
single task. MERLIN uses 1) a small FIFO queue to filter cold-
rare objects, 2) a core queue and a staging queue, two large
FIFO queues to prioritize hot-popular objects, followed by
hot or popular objects, 3) a ghost queue [6, 36, 45, 48, 71]
to accurately identify hot-rare objects, and 4) a count-min

sketch [21,22,27,31] to spot cold-popular objects.

We evaluated MERLIN with 16 algorithms on 5423 real-
world traces from 11 datasets across various domains, includ-
ing CDN, KV stores, and VM management/storage caching,.
Our evaluation shows that MERLIN achieves robust improve-
ments in hit rate over prior work, while incurring low man-
agement overhead and offering high multicore scalability,
improving throughput by 1.4 to 7.8 .

In summary, this paper makes the following contributions:

» Analysis. We show that prior adaptive algorithms fail
to cover the wide spectrum of access patterns, mainly
because of their overly simple pattern characterization.

« Pattern characterization. We identify the key require-
ments for access characterization and contribute a prin-
cipled approach that expresses diverse patterns.

« MERLIN. We design MERLIN, an adaptive cache evic-
tion algorithm with a unified, cohesive architecture.
MERLIN delivers robust performance across diverse pat-
terns, while offering low overhead and high scalability.

2 Cache Eviction Algorithms

A cache system’s efficiency hinges on its eviction algorithm,
since it decides which objects? utilize the scarce cache space.
This section briefly reviews state-of-the-art cache eviction al-
gorithms, covering both static (§2.1) and dynamic ones (§2.2).

2.1 Static Eviction Algorithms

A static algorithm always applies the same fixed set of rules
for eviction, no matter the workload characteristics. Research
over the past few decades has primarily focused on static
algorithms. Early static algorithms, such as LFU, FIFO [10,53],
and LRU [10, 25], use simple heuristics that perform well only
for a narrow set of access patterns. For example, LRU favors
accesses with high recency, but performs poorly for objects
repeatedly accessed in a round-robin fashion.

Follow-up work aims to be more robust across diverse ac-
cess patterns by using better ranking metrics [8,12,13,18,40]
and/or combining multiple components (i.e., LRU lists, and
FIFO queues) [6, 27, 34-36, 45, 71, 78]. Two notable exam-
ples are LIRS [35] and S3-FIFO [71], performing best on the
datasets we evaluated (§7). As explained in §5, MERLIN inher-
its the FIFO-based design from S3-FIFO, but generalizes it
to: 1) be adaptive, 2) account for both recency and frequency,
and 3) use a better characterization of one-hit wonders (§5.4).
2.2 Adaptive Eviction Algorithms
An adaptive eviction algorithm involves: 1) observing and
characterizing workload access patterns, and 2) adjusting its
policy (behavior) accordingly (by, e.g., automatically tuning
internal parameters) to maximize performance.

Adaptive algorithms fall into two categories: 1) size-
adaptive and 2) policy-adaptive.

A size-adaptive algorithm partitions cache into multiple

2We use the term “object” to collectively refer to various types of
data (e.g., pages, blocks, key-value pairs) stored in a cache.
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Figure 1: The object change rate of 11 real-world datasets.

parts and adapts by adjusting each part’s size based on access
patterns. The state-of-the-art is ARC [45] and CAR [6].

ARC divides cache into two lists: a one-hit list and a multi-
hit list. A new object is first placed in the one-hit list and
added to the multi-hit list on a second access. On a cache
miss, ARC checks whether it has previously evicted the re-
quested object by looking for it in the eviction history of both
lists. If so, ARC expands that list’s size and correspondingly
reduces the size of the other list. In this way, ARC adapts by
dynamically adjusting the cache space partition to favor ei-
ther 1) objects accessed only once recently (by expanding the
one-hit list), or 2) objects accessed multiple times recently (by
expanding the multi-hit list). CAR follows a similar design
but notably replaces the LRU lists with FIFO queues.

A policy-adaptive algorithm adapts by switching between
multiple base eviction algorithms depending on their effec-
tiveness under observed access patterns [55].

Cacheus [48] is state-of-the-art, working by classifying
access into four primitive patterns: 1) LFU-friendly: a small
portion of objects are frequently accessed. 2) LRU-friendly:
recently accessed objects are likely to be accessed again soon
3) Churn: all objects are repeatedly accessed with equal prob-
ability, and 4) Scan: all objects are accessed only once.

To adapt, Cacheus uses two complementary base algo-
rithms: a scan-resistant LRU variant and a churn-resistant LFU
variant, to cover all four primitive access patterns. Cacheus
maintains a weight for each base algorithm. Upon a cache
miss, Cacheus selects a base algorithm to perform eviction
using probabilities proportional to the weights of the algo-
rithms. Next, Cacheus checks whether it mistakenly evicted
the requested object, and, if so, penalizes the responsible
base algorithm by reducing its weight. Cacheus uses machine
learning to control the rate at which weights change.

3 How Modern Algorithms Perform

This section analyzes the characteristics of modern cache
workloads (§3.1), evaluates existing eviction algorithms on
them (§3.2), and identifies remaining deficiencies (§3.3)

3.1 Characteristics of Modern Cache Workloads

It is well known that modern cache workloads 1) exhibit di-
verse access patterns and 2) that their access patterns change
over time [48,49,56,57,70]. We confirm this by analyzing 11
real-world datasets with a total of 5423 traces (Table 2)
Figure 1 summarizes our analysis. As we have not found a
prior metric to quantify the diversity and variability of access
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Figure 2: Two examples of real-world access patterns. The x-axis
is the access sequence number, and the y-axis is the object ID. Each
point means that the object is accessed at that moment.
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Figure 3: The average hit rate improvement over LRU for 8 repre-
sentative eviction algorithms on 8 real-world datasets. The cache
size is 3% of the working set size. The larger the value, the higher the
hit rate, with a star showing the best algorithm (excluding MERLIN).
MERLIN achieves the highest hit rate in 5 datasets, with close to the
best performance in 3 datasets.

patterns, we propose a new metric’, the object change rate,
which measures the fraction of change in uniquely accessed
objects between consecutive time windows. As shown in
the figure, using a time window of 1% of the trace length, all
datasets exhibit a high object change rate, up to ~45% (i.e.,
nearly half of the accessed objects change in each window).

Figure 2 visualizes two examples of diverse and varying
access patterns. Following the classification in Cacheus (§2.2),
all four patterns appear in two traces with frequent switches.

3.2 Performance of Existing Algorithms

We evaluate 16 state-of-the-art cache eviction algorithms
on 11 real-world datasets. Figure 3 shows a subset of the
results (full results in §7.2), including the top-performing
algorithms in both the static and adaptive categories (§2).
We draw two conclusions. First, for static algorithms, there
is no “silver bullet” that consistently outperforms others.
S3-FIFO achieves the highest hit rate across 4 datasets (ex-
cluding MERLIN), in some cases by a significant margin over
the runner-up. In the remaining 4 datasets, LIRS is the best.
We analyze a few typical traces where LIRS and S3-FIFO
underperform and find that their deficiencies stem from their
static nature; a fixed set of rules is a poor match for the di-
verse and varying access patterns. Introducing adaptiveness
enables the two algorithms to perform better on such traces.
For example, LIRS may benefit from adjusting its promotion

% While this metric is not perfect, it is still useful to quantify accesses.
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policy or the small FIFO queue’s size, and S3-FIFO could
improve by adapting its reinsertion policy.

Second, adaptive algorithms consistently underperform
the static ones. None of the adaptive algorithms 1) achieves
the highest hit rate in any dataset; nor 2) matches the per-
formance of the best static algorithms (i.e., S3-FIF0) and
arguably the second-best one (i.e., LIRS) across all datasets.

This result is surprising, as adaptiveness should better
match diverse and varying access patterns (§3.1), expectedly.
Indeed, we view this as an anomaly in systems research, as
adaptiveness succeeds widely in other domains (e.g., schedul-
ing and resource allocation [23,24,75] and fuzzing [26,29,66]),
often resulting in significant performance gains over static
counterparts. This provides strong motivation for MERLIN,
which advances the design of adaptive eviction algorithms.

3.3 Remaining Deficiencies in Adaptive Algorithms

We analyze several representative traces to reveal three limi-
tations of existing adaptive algorithms.

Limitation #1: Failure to adapt to real-world patterns.
An inherent limitation of prior mechanisms is that they only
adapt to a small subset of access patterns. This is because
their design assumes that a given access sequence will al-
ways conform to a few fixed patterns. This assumption is
explicitly made in Cacheus (§2.2), which uses base algorithms
to cover all primitive patterns. The assumption is also made
implicitly in ARC and CAR, which model access sequences as
dominated only by short-term locality. They thus forgo long-
term locality, as we explained next. However, the diverse
access patterns in real-world workloads often deviate from
these fixed patterns. Therefore, in those cases, existing adap-
tive algorithms fail. As detailed in §4, the root cause of this
limitation is their inaccurate characterization approach.
Figure 4 shows a trace where ARC fails. This trace ex-
hibits a mix of accesses with high long-term locality (Part
A) and high short-term locality (Part B). Specifically, Part
A contains objects accessed repeatedly but often with long
intervals (that exceed the cache size) between two accesses.
Such objects are good candidates for caching. However, with
ARG, they are often first placed in the one-hit list and then
evicted before the second access. Thus, regardless of how ARC
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Figure 5: The Alibaba 269 trace. As shown in the left-most figure,
given a time window (data between vertical red lines), the access
patterns do not fall into any one of the primitive patterns; LRU
weight is the activation probability of the LRU variant. Cacheus-
fix only uses the LFU variant. MERLIN improves by identifying the
high-frequency objects in the churn pattern.

partitions the cache between the two lists, it fails to cache
these objects, leading to poor performance.

Figure 5 shows a trace where Cacheus fails. In this trace,
for most of the time, the access sequences do not fall into
any one of the primitive patterns (§2.2); rather, all four of
them exist simultaneously. This renders both base algorithms
ineffective, and thus, no matter how Cacheus adjusts their
weights, it cannot deliver good performance. We further an-
alyze this trace in §5.4.

Limitation #2: Adversarial base algorithms/data struc-
tures. Related to the first limitation, another key limitation
lies in the adaptiveness approach: if the access patterns do
not fall within the assumed ones, due to the nature of their
policy- or space-adaptive design, the supposedly comple-
mentary base algorithms or data structures end up working
against each other, further reducing performance.

For space-adaptive algorithms, like ARC, with a mixed ac-
cess pattern, accesses to objects in both partitions suffer ex-
cessive cache misses. In this case, we find that the algorithm
blindly adjusts partition sizes (the right most in Figure 4),
leading to thrashing that actually evicts useful objects. Simi-
larly, in such a case, policy-adaptive algorithms like Cacheus,
blindly adjust weights (the right most in Figure 5), causing
one algorithm to evict useful objects cached by the other. In-
deed, as shown in Figures 4 and 5, for these two traces, using a
single base data structure (ARC-fix) or algorithm (Cacheus-fix)
actually outperforms the full algorithm.

Limitation #3: Poor robustness across cache sizes. Ex-
isting adaptive algorithms fail to deliver robust performance
across different cache sizes, as shown in Figure 11. Their
design does not consider the impact of cache sizes on access
patterns (§2.2). This is less inherent, as one can likely en-
hance these algorithms to overcome it. Nonetheless, MERLIN
also overcomes this limitation.

4 Characterizing Workload Access Patterns

We next show how MERLIN addresses the inherent limita-
tions of prior adaptive algorithms (§3.3) through its character-
ization approach. Later sections present MERLIN’s design (§5)
and implementation (§6), both enabled by this new way of



Short-/long-term  Cache-size
Fine-grained  Flexibility
Locality Awareness
Cacheus X X v X
ARC v v X X
MERLIN v v 4 v

Table 1: A summary of the characterization approach in state-of-
the-art adaptive algorithms. X: not considered; v': considered.

characterizing access patterns.

Challenge. Our key observation is that the inherent lim-
itation of prior work (i.e., the inability to adapt to diverse
access patterns) lies in their characterization approach. Their
mechanism cannot accurately characterize the full spectrum
of diverse and complex patterns.

MERLIN overcomes this challenge by 1) identifying four
key requirements, following general design principles in
caching literature, and 2) introducing a new characterization
approach that meets all these requirements (Table 1).

Requirements. The first requirement is fine granular-
ity; characterization should not be at the level of access se-
quences, since a sequence may involve multiple patterns (Fig-
ure 5). The second requirement is flexibility, i.e., not assum-
ing a fixed set of access patterns, since such a fixed set is
unlikely to match the diversity of real-world access patterns.

The third requirement is that the characterization should
capture both short-term access locality (commonly referred
to as recency) and long-term access locality (commonly re-
ferred to as frequency); as evident in much prior work [8,13,
36], missing either one leads to high inefficiency.

The final requirement is a cache-size-aware characteriza-
tion, since the same access sequence may require different
handling under different cache sizes [48,71]. For example,
consider a sequence that repeatedly accesses five objects.*
With a cache size of less than five, an LRU policy does not
work, as it thrashes the cache, leading to a zero hit rate. Yet,
if the cache size is larger than five, an LRU policy works well.

Object-level characterization. To meet the first require-
ment, MERLIN characterizes at the object-level, the finest
granularity possible. For an access sequence, MERLIN char-
acterizes by evaluating each accessed object using specific
metrics (specifically, hotness and popularity, as detailed next).

Flexible characterization. For the second requirement,
MERLIN characterizes by using metric distributions (i.e., the
number of objects falling into different ranges of the met-
rics). The continuous nature of metric distributions captures
patterns that a fixed set cannot express.

Reflecting short and long-term locality. To meet the
third requirement, MERLIN first divides an access sequence
into epochs, each containing as many unique object accesses
as the cache size. MERLIN measures the short-term locality

4For clarity, §4 and §5 assume all objects have a size of one. Our imple-
mentation and evaluation consider variable-size objects; see §6
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Figure 6: An example of how MERLIN characterizes access patterns.
Rand denotes an access to an irrelevant object.

of an object using hotness °, the number of times an object is
accessed in the current epoch. It measures long-term locality
through popularity, the number of past epochs in which the
object was accessed, excluding the current epoch.

Using cache size to decide thresholds. For the last re-
quirement, MERLIN accounts for cache size with two steps.
First, MERLIN introduces a threshold for both hotness and
popularity to classify objects. In the hotness dimension, an
object is marked as hot or cold based on whether its hotness
is above or below the hotness threshold. Likewise, in the
popularity dimension, an object is marked as popular or rare
by comparing its popularity with the popularity threshold.
Next, MERLIN dynamically adjusts the thresholds by con-
sidering cache sizes. Suppose that the cache size is S, the
hotness (and popularity) threshold is the hotness (and popu-
larity) count of the current S-th hottest (and the most popu-
lar) object. The reason is intuitive: the cache should hold the
hottest and the most popular objects to maximize hit rate.

Putting it together. With the above design rationale,
MERLIN’s characterization approach is perhaps surprisingly
simple. MERLIN characterizes workload access pattern by
classifying each accessed object into one of the four access
types based on its hotness and popularity: hot-popular, hot-
rare, cold-popular, and cold-rare. The cache size decides the
thresholds for hotness and popularity, and the number of
objects in each type reflects the access patterns.

Figure 6 shows an example with the cache size of 3. The
access patterns change from LFU-friendly at the end of Epoch
2 to LRU-friendly at the end of Epoch 4. The change in access
type for objects A and C captures this pattern change. Object
A is hot-popular at the end of Epoch 2; its hotness is 1, due
to an access in Epoch 2, and its popularity is 1, due to that
Epoch 1 accesses it. However, at the end of Epoch 4, object
A becomes cold-popular with a hotness of 0 (no access in
Epoch 4) and a popularity of 3 (accessed in Epochs 1, 2, and
3). Object C changes from hot-rare to hot-popular, due to its
frequent accesses in Epochs 3 and 4.

Discussion. In essence, the effectiveness of MERLIN’S
characterization approach lies in meeting all four require-
ments (Table 1). Among them, the first two are implicitly

5To avoid confusion, we use the terms hotness and popularity rather
than the more common, often overloaded terms recency and frequency. For
example, ARC uses these terms to distinguish objects accessed once from
those accessed multiple times in the recent past. In contrast, we use them
to represent short- and long-term locality, respectively.
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more accurately than ARC. The cache size is 2, with the access se-
quence repeating ABABCABD. With ARC, the initial cache state in Step
@ is identical to that in Step 5 (because the access sequence repeats).
Thus, accessing A misses and evicts B, and accessing B misses and
evicts D. In Step @, accessing C misses and evicts A. In Step @,
accessing A misses and evicts B. In Step @, both accesses miss. For
MERLIN, the table shows the characterization at the end of Epoch 1.
In Epoch 1, accessing A misses and evicts D. In Epoch 2, accessing C
misses and evicts A, and accessing A misses and evicts C. In Epoch
3, accessing B hits, and accessing D misses and evicts A.

adopted by ARC. We make them explicit here as potentially
useful guidelines for future algorithms. The last two are gen-
eral caching design principles, but prior designs such as ARC
and Cacheus do not fully incorporate them.

For the third requirement, there exist other metrics for
short- and long-term locality, such as reuse distance for the
former and total access count (with a decay factor) for the
latter. MERLIN uses count-based metrics mainly for their
efficiency, as detailed in §5 and §6.

For the fourth requirement, MERLIN contributes a new
adaptive approach that dynamically adjusts the thresholds
based on cache size. Adapting by changing thresholds departs
from the prior approach that adapts by 1) changing compo-
nent sizes (as in ARC) or 2) changing algorithm weights (as
in Cacheus). As further explained in §5.1, this new approach
is the key for MERLIN to avoid the adversarial effect of base
algorithms/data structures.

To complement the explanation with real-world traces in
Figures 4 and 5, Figure 7 provides an illustrative example of
why MERLIN characterizes access patterns more accurately
than ARC. In this example, as ARC does not consider long-
term locality, it cannot distinguish poor-locality objects C
and D and good-locality objects A and B. As a result, ARC
is effectively reduced to LRU, leading to a 25% hit rate. In
contrast, MERLIN correctly finds that objects A and B have
better locality than objects C and D. Hence, MERLIN will keep
one of the objects A and B in the cache for the subsequent
accesses (object B in this example), leading to a 50% hit rate.

5 MERLIN Design

This section presents the design of MERLIN, an efficient
eviction algorithm that adapts to a broad spectrum of pat-
terns. We present the design overview (§5.1), its compo-
nents (§5.2) and workflow (§5.3), concluding with examples
of how MERLIN adapts to various access patterns (§5.4).

@Hot ®Popular @ Hot and popular @ Cold and rare
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Figure 8: An overview of MERLIN’S key components and workflow.

5.1 MERLIN Design Overview

With its principled characterization method (§4), MERLIN’S
design accomplishes two tasks: 1) track each object’s hot-
ness and popularity over time to classify it into one of the
four access types; and 2) prioritize keeping hot-popular ob-
jects (since they have the best locality), followed by hot-rare
and cold-popular objects, while evicting cold-rare objects.

How MERLIN adapts. As patterns vary over time, MERLIN
adapts by dynamically adjusting the hotness and popularity
thresholds, which, in turn, changes the number of objects in
each access type. As shown in Figure 6, when the pattern
shifts from LRU-friendly to LFU-friendly, MERLIN adjusts its
thresholds, leading to more popular and fewer hot objects
in Epoch 4 than in Epoch 2. In this way, MERLIN correctly
captures the shift from recency to frequency. Section 5.4
provides more examples of how MERLIN adapts.

A cohesive architecture. As dynamic thresholds enable
adaptiveness, MERLINs caching architecture forgoes the use
of complementary base algorithms/data structures. MERLIN
thus overcomes the limitation in the adaptiveness approach
of prior works (i.e., Limitation #2 in §3.3).

MERLIN achieves this cohesive architecture by embracing
recent advances in FIFO-queue-based designs, as exemplified
by S3-FIFO [71]. Specifically, as S3-FIFO, MERLIN uses a small
queue to filter out objects with poor locality (i.e., cold-rare
objects), and a large queue to store main objects. Moreover,
as S3-FIFO and other works [8,35,36,45,48,55,72], MERLIN
uses a ghost queue to signal and act upon poor evictions.

As detailed next, unlike S3-FIFO, MERLIN is adaptive with
the following key differences: 1) MERLIN admits objects to
different caching components based on their access types
(rather than fixed access counts); 2) MERLIN tracks objects’
hotness and popularity, where the latter requires a new com-
ponent, the popularity recorder, implemented as a count-min
sketch (§6); and 3) MERLIN adds a staging queue to prioritize
hot-popular objects over hot-rare and cold-popular objects.
5.2 MEeRLIN Components
Figure 8 shows MERLIN’s components and workflow. The
main part of MERLIN consists of three FIFO queues: a filter
queue, a core queue, and a staging queue. In addition, MERLIN
maintains a FIFO ghost queue and a popularity recorder.

The filter, core, and staging queues store objects and their



metadata, which includes their hotness count and access type.
The ghost queue stores only metadata, while the popularity
recorder only stores the objects’ popularity count.

Task division. The filter queue is a small queue that quickly
evicts likely cold-rare objects. The core queue consumes most
of the cache space to store hot and/or popular objects. The
ghost queue stores metadata for objects evicted by the filter
queue, providing a second chance to correctly identify access
types. This is necessary since the small filter queue may
falsely filter out objects that are hot or popular. The staging
queue verifies the object types before the final eviction. The
filter, core, ghost, and staging queues also work together
to track objects” hotness; these four FIFO queues ensure an
invariant that an object is observed for at least one epoch (§4).
The popularity recorder tracks the popularity of objects.
Conceptually, it is a two-dimensional counter recording each
object’s access numbers for past epochs. The actual realiza-
tion of the popularity recorder is a count-min sketch (§6).

Space allocation. The filter queue, core queue, and the
staging queue use 10%, 85%, 5% of the cache space, respec-
tively. The ghost queue stores the metadata of one epoch,
while the popularity recorder stores the popularity of all ob-
jects accessed in the past 16 epochs. We identify these values
through sensitivity analysis (§7.5) and found that they work
well across a wide range of real-world workloads.

5.3 MEeRLIN Workflow

Overview. Asshown in Figure 8, when an object is accessed
for the first time, MERLIN places it on the filter queue and
starts observing its access type. Upon leaving the filter queue,
if its access type is cold-rare, MERLIN evicts its data and
places its metadata in the ghost queue. Otherwise, MERLIN
promotes the object to the core queue.

As the core queue is FIFO, the oldest object leaves it when
the queue becomes full. If the object is hot-popular, MERLIN
reinserts it to the core queue, since it has the best locality.
Objects of other types are placed in the staging queue, which
may lead to eviction.

For an object in the ghost queue, upon access, MERLIN must
bring it back into the cache. MERLIN examines the object’s
access type and promotes it to the core queue if it is hot
or popular. Otherwise, MERLIN promotes it to the staging
queue. In the latter case, if the staging queue later evicts the
object, MERLIN places it back in the ghost queue to complete
a full epoch of hotness observation.

As discussed earlier, the staging queue stores objects from
the core and ghost queues. Upon object eviction, the staging
queue verifies its access patterns and reinserts it into the
core queue if its access pattern is not cold-rare.

The staging queue thus serves two purposes. For objects
from the core queue, the staging queue maximizes the hit
rate by retaining objects with good locality, following the
spirit of FIFO-reinsertion [20]. For objects from the ghost
queue, the staging queue provides yet another chance to

verify their access types before eviction.

The popularity recorder tracks, for each object, its access
count in the recent epochs. It operates when an object is
reinserted into the core queue from 1) the core queue itself,
2) the staging queue, or 3) upon eviction from the ghost
queue. On these events, the popularity recorder checks if the
object was accessed in the last epoch and, if so, increments
its access count for the last epoch.

Finally, with hotness counts tracked in the FIFO queues
and popularity counts maintained by the popularity recorder,
MERLIN updates both thresholds based on their distributions.

Figure 9 shows the detailed algorithm of MERLIN.

Cache hits. On a cache hit (L2), MERLIN simply updates the
hotness of the object (L3) and the hotness distribution (L4).

Cache misses. Upon a cache miss (L5), MERLIN first checks
if the cache is full, and if so, evicts an object (L12-13). Next,
MERLIN checks if the object has been previously encountered
and resides in the ghost queue (L14). If so, MERLIN updates
its hotness (L15-16), checks the object’s access type (L17),
and inserts it into either the core queue (L18) or the staging
queue (L20). If not, MERLIN treats the object as a new object
and inserts it into the filter queue (L23-24).

Object eviction. When the cache is full, MERLIN first tries to
evict from the filter queue (L28-34). If no object is evicted (i.e.,
all of them go to the core queue), MERLIN evicts from the stag-
ing queue (L36). For this, MERLIN first reinserts hot-popular
objects to the core queue (L44-48) while moving the rest to
the staging queue (L50). Upon reinsertion, MERLIN updates
the object’s hotness and popularity for a new epoch (L45-
47). MERLIN does not directly set hotness to zero, since in
practice such a drastic demotion can lead to thrashing. Next,
MERLIN evicts objects from the staging queue (L51-63). If
an evicted object is from the ghost queue, MERLIN inserts it
back (L57-58). Otherwise, MERLIN evicts it completely (L62).

The eviction guarantees to succeed, as objects reinserted
to the core queue reduce their hotness and popularity, and
thus eventually become cold-rare ones. In practice, we found
that the eviction loop rarely iterates more than a few times.

Updating thresholds. MERLIN amortizes the overhead of
updating the hotness and popularity thresholds (L7-9) by
every ADJUST_INTERVAL (64 in our implementation) accesses.

Recording objects’ popularity. As discussed, MERLIN up-
dates popularity upon three events, as shown in L39, L46, L54.
MERLIN sets the access flag x.acc to True upon an access
(L4, L6) and clears it after updating the popularity (L46, L54).

Deciding thresholds. Figure 10 presents MERLIN’s remain-
ing algorithm. To decide the thresholds, MERLIN maintains
the distribution of hotness and popularity counters (i.e., how
many objects fall under each specific counter value) (L1-11).
Afterward, MERLIN scans the distributions from high to low,
sums the counts until the total exceeds the cache size, and
uses this value as the thresholds (L24-36). This threshold
is the minimum hotness or popularity for an object to rank



1 def access(x):
2 if x in core or staging or filter: # cache hit

3 oriH = x.hotness, x.hotness = min(oriH+1, MAX_HOTNESS)
4 updateHotDist (oriH, x.hotness), x.acc = True

5 else: # cache miss

6 x.acc = True, insert(x)

7 insertCounter += 1

8 if insertCounter == ADJUST_INTERVAL:

9 adjustThreshold(), insertCounter = 0

11 def insert(x):

12 while MerLin is full:

13 evict()

14 if x in ghost: as g

15 oriH = g.hotness, g.hotness = min(oriH+1, MAX_HOTNESS)
16 updateHotDist (oriH, g.hotness)

17 if isHot(g) or isPopular(g):

18 insert x to the head of core

19 else:

20 record x.posInG, insert x to the head of staging
21 remove g from ghost

22 else: #insert new data

23 x.hotness = 0, updateHotDist(None, x.hotness)

24 insert x to the head of filter

26 def evict():

27 evicted = False

28 while not evicted and filter exceeds limitF: #evict
29 X < tail of filter

30 if isHot(x) or isPopular(x):

31 insert x to the head of core

32 else:

33 insert x to the head of ghost

34 evicted = True

35 while not evicted:

36 evicted = evictSQ

37 while ghostexceeds limitG: #evict

38 remove tail obj of ghost

39 updateHotDist(obj.hotness, None), recordPop(obj)

41 def evictSQ:

42 while coreexceeds limitC:

43 X ¢ tail of core

44 if isHot(x) and isPopular(x):

45 if x.acc: #update hotness and popularity for a new epoch
6 recordPop(x), x.acc = False

47 x.hotness -= 1,updateHotDist(x.hotness+1, x.hotness)
48 insert x to the head of core

49 else:

50 insert x to the head of staging

51 while stagingexceeds limitS: #evict

52 X <+ tail of staging

53 if x.acc: #update hotness and popularity for a new epoch
54 recordPop(x), x.acc = False

55 x.hotness -= 1, updateHotDist(x.hotness+1l, x.hotness)

56 if isHot(x) or isPopular(x):

57 x.posInG = NULL, insert x to the head of core

58 else: #evict

59 if x.posInG:

60 insert x to original position in ghost

61 else:

62 evict x completely

63 return True

Figure 9: The core algorithm of MERLIN.

among the top S objects, where S is the cache size. MERLIN
uses the thresholds to classify objects (L38-44).

Progressing epochs. MERLIN maintains a global counter,
and when the number of inserted objects reaches the cache
size (L20), MERLIN enters a new epoch (L21-22) by clearing
the popularity records of the oldest epoch. This is accurate
because the rest of MERLIN is FIFO queues, and thus each
invocation of recordpop entails a new object access.

1 def updateHotDist(oriHotness,newHotness):

2 if oriHotness:

3 hotnessDistribution[oriHotness] -= 1
4 if newHotness:

5 hotnessDistribution[newHotness] += 1
6

7

8

9

def updatePopDist(oriPopU,newPopU) :
if oriPopU:
popularityDistribution[oriPopU] -= 1
10 if newPopU:
1 popularityDistribution[newPopU] += 1

13 def recordPop(x):

14 # sum up the access counts in all epochs for popularity
15 oriPopU = sum(row[x.id] for row in popularityRecoder)

16 popularityRecoder[currentEpoch] [x.id]++

17 updatePopDist (oriPopU, oriPopU + 1)

18

19 insertedObjects += 1

20 if insertedObjects reaches CacheSize:

21 insertedObjects = 0, currentEpoch += 1

22 clear popularityRecoder of the oldest epoch

24 def adjustThreshold():

25 counter = 0

26 for hotness in reversed(hotnessDistribution):
27 counter += hotness

28 if counter > CacheSize:

29 hotnessThreshold = hotness

30 break

31 counter = 0

32 for popularity in reversed(popularityDistribution):
33 counter += popularity

34 if counter > CacheSize:

35 popularityThreshold = popularity

36 break

33 def isHot(x):
39 return x.hotness >= hotnessThreshold

41 def isPopular(x):

42 # sum up the access counts in all epochs for popularity
43 PopU = sum(row[x.id] for row in popularityRecoder)
44 return PopU >= popularityThreshold

Figure 10: The helper functions for MERLIN’s algorithm in Figure 9.

5.4 How MERLIN Adapts to Access Patterns

With the design in place, this subsection demonstrates how
MERLIN adapts to diverse access patterns.

The primitive access patterns (§2.2). With an LRU-
friendly pattern, MERLIN tracks hotness and identifies that
most objects are hot (hot-popular or hot-rare). The reinser-
tion behavior of the core and staging queues retains hot
objects in the cache, similar to LRU. With an LFU-friendly pat-
tern, most objects are popular (hot-popular or cold-popular),
and the popularity recorder behaves like LFU by tracking ob-
jects’ popularity. A Scan pattern comprises mostly cold-rare
objects, which the filter queue evicts.

The Churn pattern is interesting because MERLIN behaves
differently depending on the cache size. When the cache is
large enough to hold all repeatedly accessed objects, they
become hot-popular, which MERLIN caches to maximize per-
formance. However, if the cache is too small to store all of
them, some become cold-popular while the rest remain hot-
popular; MERLIN caches the latter to prevent thrashing.
Access patterns in prior work. S3-FIFO [71] evicts those

objects that are accessed only once, i.e., one-hit wonders.
MERLIN more accurately characterizes one-hit wonders by



classifying them as either 1) cold-rare objects that are never
accessed again, or 2) cold-popular objects that are accessed
again after the current epoch. For the former, as in S3-FIFO,
MERLIN quickly evicts them using the filter queue. For the
latter, unlike S3-FIFO, MERLIN keeps them due to their good
frequency, thereby improving efficiency over S3-FIFO.

LIRS caches objects with low Inter-Reference Re-
cency (IRR), i.e., a small number of requests between con-
secutive accesses and evicts those with high IRR. However,
this policy is suboptimal, since some high IRR objects may
still be frequently accessed and therefore good candidates
for caching. MERLIN identifies these objects as cold-popular
and caches them, thereby improving over LIRS.

Complex access patterns. For more complex access pat-
terns, such as those in Figures 4 and 5, MERLIN identifies and
caches objects with the highest hotness and/or popularity,
thereby maximizing performance.

Next, we further explain how MERLIN effectively handles
the trace in Figure 5. Initially, MERLIN sets the hotness thresh-
old to 1, allowing objects hit once (or hit in the ghost-queue)
to enter the core queue. This behavior filters out Scan (cold)
objects. As the workload evolves and more reusable objects
appear, MERLIN increases the hotness threshold to 2, pre-
venting objects hit once from entering the core queue. This
adjustment filters out relatively cold objects, that are part of
LRU-friendly or Churn patterns. Then, the threshold changes
from 2 to 5 according to the pattern. MERLIN preserves cache
capacity for hot objects, thereby improving the hit rate.

In contrast, Cacheus faces a dilemma when workloads con-
tain mixed patterns. It first inserts incoming objects into the
cache and later evicts them using a weighted combination of
scan-resistant LRU and churn-resistant LFU policies. For LRU-
friendly objects, the churn-resistant LFU policy makes false
eviction decisions, and Cacheus reduces its weight. Then,
when the Churn pattern emerges, the scan-resistant LRU pol-
icy performs poorly, causing Cacheus to reduce its weight
instead. As a result, Cacheus continuously shifts between
policies and cannot adapt effectively to the full mixture of
access patterns, resulting in lower hit rates.

6 Realizing MERLIN

We implemented MERLIN in both CacheLib [11], a develop-
ment library for caching systems deployed at Facebook, and
libCacheSim [2], an efficient cache simulator. We choose
these two frameworks because many eviction algorithms (§7)
are already implemented on them. We also contributed im-
plementations of ARC and CAR to CacheLib, and an implemen-
tation of CAR to libCacheSim.

Realizing the popularity recorder. A challenge MERLIN
overcomes is minimizing the popularity recorder’s space
overhead. A naive approach that records object names (e.g.,
block/page addresses, key values) and popularity counts
would incur significant overhead.

Following W-TinyLFU [27], MERLIN minimizes such over-

head using a count-min sketch [21, 22, 31] with a sliding
window. A count-min sketch operates similarly to a count-
ing bloom filter [32,54] with # hash functions. It also has
H arrays of counters. Each hash function maps an object
to one counter in a row. When an object arrives, the sketch
increments all mapped counters. Upon query, the minimum
counter value is used as the estimated count. Therefore, a
count-min sketch forgoes the need to store an object’s name.

In addition, rather than using a count-min sketch for each
epoch, MERLIN uses a single sketch to reduce space and per-
formance overhead. To approximate access counts in past
epochs, MERLIN maintains a global counter and increments
it when an object arrives. Once the global counter reaches
16 (the number of epochs MERLIN tracks) times the cache
size, MERLIN clears it and halves all counters in the sketch.
W-TinyLFU [27] shows this approach is accurate, supported
by both theoretical error bounds and evaluation results.

Common optimizations. MERLIN applies several common
performance and space optimizations in prior work. First,
following CacheLib’s implementation, MERLIN uses a hash
table to index all cached objects, minimizing the lookup time.

Second, following [71], MERLIN implements the ghost
queue with a hash table. For each ghost object, MERLIN stores
its fingerprint, hotness counter, and a sequence number in
the hash table, for a total of 8 bytes. MERLIN uses the se-
quence number to identify if an object is still in the ghost
queue, facilitating lazy object deletion. MERLIN increments
a global sequence number upon each insertion to the ghost
queue. Thus, any object with a sequence number less than
the global sequence number minus the ghost queue’s size has
already been evicted from the ghost queue. Thanks to the
sequence number, MERLIN lazily removes an evicted ghost
object from the hash table only upon its access.

Accounting for object sizes. For clarity, the discussion
thus far assumes that all objects have a unit size of one.
The actual implementation of MERLIN handles variable-sized
objects. For example, it counts epochs by the total size of
unique objects accessed, not their count. It sets the hotness
and popularity thresholds for the counts of the hottest and
most popular objects whose total size matches the cache size.

Other optimization/implementation. MERLIN’S cur-
rent implementation uses a linked list to implement FIFO
queues, while one can also implement them with ring buffers.
MERLIN performs an optimization to avoid deleting the ob-
ject from the ghost queue upon its promotion to the staging
queue (L20 in Figure 9). Therefore, MERLIN does not need
to record each object’s position in the ghost queue. This is
possible since a stale object in the ghost queue does not affect
the correctness of MERLIN; MERLIN only checks whether the
object is in the ghost queue upon a cache miss (L6) in which
case the object must not be in the staging queue.

Tradeoff between cache hit rates and overhead. The
count-min sketch and a hash table for the ghost queue may



reduce the hit rates of MERLIN. For the former, multiple ob-
jects may map to the same counter, and the reset operation is
an estimation. For the latter, MERLIN may falsely believe that
an object is in the ghost queue due to fingerprint collisions.
However, our evaluation shows that the impact is negligible.

6.1 Overhead Analysis

This section presents a qualitative analysis of MERLIN’S over-
heads with quantitative analysis in §7.3.

Space overhead. The space overhead of MERLIN mainly
comes from 1) per-object metadata, 2) the ghost queue, and 3)
the popularity recorder. Each metadata is 5 bits, consisting of
a hotness counter (3 bits), a 1-bit flag recording if the object is
from the ghost queue (L14 in §5.3), and a 1-bit access flag (L4).
The ghost queue stores the same number of objects as the
main cache, and each object consumes an additional 8 bytes.
The count-min sketch uses, on average, one byte for each
object with a false positive error rate of 1% [21,22,31,32,54].
Consider a typical object size of 4KB; the space overhead of
MERLIN is 0.31% of the cache size.

Management overhead. The ultimate goal of a cache is to
deliver low latency and high throughput. However, a high hit
rate does not guarantee either, since an algorithm may incur
high management overhead, e.g., in metadata maintenance.
The management overhead in MERLIN is low. Upon a cache
access, MERLIN searches the object in the hash table. A cache
hit only requires updating the hotness counter (L3-4 in §5.3),
the access flag, and the hotness map, incurring minimal over-
head. On a cache miss, most of the processing time comes
from evicting items from the filter or staging queues, involv-
ing reinsertion to the core queue. However, as discussed in
§5.3, such reinsertion is rare. The rest of the operations (e.g.,
updates hotness distribution) incur minimal overhead.
Multicore scalability. Multicore scalability is increasingly
important for modern caches, which rely on many CPUs to
handle the large volumes of requests they receive [6,8,71,72].
Indeed, the design of MERLIN is scalable. Following
S3-FIFO [71] and SIEVE [72], MERLIN builds on FIFO queues,
which are scalable; unlike LRU lists, FIFO queues avoid lock-
ing the entire queue on every access. The rest of MERLIN’s
design also avoids coarse-grained locks; MERLIN uses atomic
operations for metadata updates, while the indexing hash
table and the count-min sketch deliver good scalability.

Complexity. The complexity of MERLIN is modest. While
MERLIN is more complex than algorithms like LRU, LFU, and
SIEVE [72] for it uses multiple components, we argue that
MERLIN is simpler than machine-learning-based algorithms
such as LRB [51] and HALP [52]. In addition, the complexity
does not translate to high space or management overhead,
as discussed earlier. We found that MERLIN’s behavior is
easy to reason about (§7.6) thanks to its intuitive pattern
characterization and clean task division among components.
Self-tuning. Tuning parameters is notoriously difficult for
eviction algorithms [6,45,48,55,71]; MERLIN adjusts the hot-

Datasets Type  #Traces #Requests # Objects
(million)  (million)
AlibabaBlock [1,41,60]  Block 609 20038 1676
Cloudphysics [57] Block 106 2115 492
FIU [37] Block 10 514 19
Systor [38,39] Block 6 3531 409
TencentBlock [73,74] Block 4611 33593 2172
MSR [5,47] Block 14 410 73
Meta CDN [3] Object 3 231 76
TencentPhoto [76,77]  Object 2 5649 1038
Wikimedia [4] Object 3 5667 105
Meta KV [3] KV 5 13314 371
Twitter [69,70] KV 54 253440 26123

Table 2: The datasets evaluated in this work.

ness and popularity thresholds with complete automation.

6.2 Discussion

Dynamically adjusting component sizes further im-
proves MERLIN’s adaptiveness. The filter queue size decides
how long a new object stays in the cache: a larger queue
increases the chance of retaining objects with good locality,
thereby improving performance, but it wastes space if the
objects’ locality is poor. The staging queue reflects a similar
tradeoff for previously accessed objects that remain classified
as cold-rare in the ghost queue, since they are promoted to
the staging queue on access (§5.3).

However, how to adapt size remains an open challenge,
as shown by the poor performance of existing size-adaptive
algorithms (§3.3). Our view on the poor performance is that
they lack a theoretical model to guide the adaptation. As
future work, we plan to follow prior performance analysis
work (§8) to develop a theoretical model for size adaptation.

Extremely small or large caches may degrade perfor-
mance for MERLIN. For extremely small caches, MERLIN can-
not rely on short-term access behavior as objects are evicted
quickly. With extremely large caches, as a single epoch may
span multiple phases with different access patterns, hotness
may not accurately reflect the current phase’s access pattern.
Despite the above, with the configuration in §7.2, MERLIN
ranks first in 5 datasets under an extremely large cache (20%
of WSS), and ranks first or second in 7 datasets under an
extremely small cache (0.3% of WSS). Figures are not shown.

Dynamic memory budgets. MERLIN assumes a fixed
cache size, but in multi-tenant or elastic environments, cache
capacity may change dynamically. Such changes can inval-
idate the hotness and popularity thresholds, since they de-
pend on cache capacity. It requires MERLIN to re-adjust these
thresholds, which we left as future work.

7 Evaluation

Our evaluation answers the following questions:
« Does MERLIN adapt to various real-world workloads
across different cache sizes (§7.2)?
« Does MERLIN achieve high throughput and scale with
thread counts (§7.3)?



« Is MERLIN friendly to flash-based cache systems (§7.4)?
« How sensitive is MERLIN to different parameters (§7.5)?
« Why is MERLIN robust and effective (§7.6)?

7.1 Evaluation Setup

Environment. Our evaluation platform is a 2-socket ma-
chine equipped with a 192-core AMD EPYC 9965 Processor.
The system runs Debian 12 and Linux kernel 6.13.8. We dis-
able hyperthreading, turbo boost to obtain stable results.

Workload. We used 11 open-source datasets with 5423
traces to evaluate MERLIN, as shown in Table 2. These traces
are diverse in both application domains, including key-value,
object CDN, and block caches, and time periods, spanning
from 2008 to 2023. In total, these datasets contain 338 bil-
lion requests, 33 billion objects, and 11 PB of traffic for a
total of 1837.2 TB of data. The object size varies from 1B to
4 GB across workloads. Following prior work [71], we split
Tencent CBS [73] and Alibaba [1] into per-tenant traces.

To demonstrate the effectiveness of MERLIN on different
cache types, we evaluate both scenarios: fixed-size objects
and variable-size objects. In total, we ran 38.5 trillion re-
quests, using a million CPU hours.

Baseline. MERLIN is compared with 16 eviction algorithms,
including 1) classical algorithms: LRU, LFU, FIFO and 2Q [36],
2) recent static algorithms: S3-FIFO [71], LIRS [35], LHD [8],
W-TinyLFU [27], GDSF [18], Hyperbolic [13], SIEVE [72], 3)
existing adaptive algorithms: ARC [45], CAR [6], Cacheus [48],
LeCaR [55]. and 4) a machine-learning-based algorithm: GL-
Cache [68]. We follow the default configurations of these
algorithms. Given the large number of baseline algorithms,
presented figures show only the best performers for clarity.

Configuration. We evaluate for three aspects: hit rate,
throughput (for management overhead and multicore scala-
bility), and flash-friendliness (for applicability in flash caches).
For hit rates, given the thousands of traces, we follow the con-
ventional approach [8,48,68,71,72] to evaluate with a cache
simulator: 1ibCacheSim [2]. We evaluate throughput with
Cachelib (§6). For flash-friendliness, we evaluate MERLIN on
an extension of 1ibCacheSim.

7.2 Hit rate

Hit rate improvement. Figure 11 shows the hit rate of
evaluated algorithms. Following [6, 27,35, 45,48], we report
the improvement over LRU (i.e., %ﬁ%)’ since hit rate
ranges widely given many traces and baselines. MERLIN sig-
nificantly outperforms others. On average, MERLIN improves
the hit rate over LRU by 10.4% when cache size is 10% of the
working set size (WWS). In contrast, S3-FIF0, Cacheus, and
ARC achieve 7.1%, 6.8%, and 6.1%, respectively. In terms of
robustness, MERLIN ranks first in 6 out of 11 datasets. As a
comparison, S3-FIFO is the best runner-up, ranking first in 3
datasets. MERLIN ranks second in another 3 datasets, closely
matching the best performance with only 0.5% difference.

Furthermore, as shown in the figure, the performance of

MERLIN remains robust across different cache sizes; MERLIN
is always the best in 6 out of 11 datasets and ranks second
in another 3 datasets for all cache sizes. The performance
of ARC and Cacheus varies significantly with cache size. (See
Cloudphysics, Systor, FIU, and TencentPhoto datasets.)

Comparison to dominant algorithms. To further evalu-
ate robustness, we compare MERLIN to a dominant algorithm,
defined as the best-performing algorithm for each trace un-
der a given cache size.

Figure 13 shows the results of datasets with more than 100
traces, illustrating the robustness of MERLIN. For example, in
Tencent CBS dataset with a 10% WSS cache size, MERLIN’S
value at the 1% CDF point (P1) is roughly 88%. This means
that, for 99% of traces, MERLIN achieves at least 88% of the
dominant algorithm’s hit rate (note that the dominant algo-
rithm may vary across traces). In contrast, S3-FIFO0, Cacheus,
and ARC achieve only about 83%, 76%, and 76%, respectively.
Among the 4,611 Tencent CBS traces, Cacheus and ARC have
about 138 traces (P3) whose performance falls below 87% of
the dominant algorithm, while MERLIN achieves 92.5%.

Adversarial workloads for MERLIN. To understand the
limitations of MERLIN, we analyze the traces where MERLIN
underperforms the best-performing algorithm by more than
5%. These adversarial traces account for 2.9% of all traces.
Among them, we identify two representative classes.

The first class is unpredictable workloads, where the past
access history does not reflect future reuse behavior. This
breaks an inherent assumption of adaptive algorithms, mak-
ing MERLIN, other adaptive algorithms, as well as most static
algorithms, underperform.

In particular, we observe three main patterns in this class
of objects. First, the trace repeatedly accesses a small set
of objects for a long period, but accesses these objects only
rarely afterward. Second, the trace accesses a set of objects
for a certain amount of time, and then accesses a mostly
different set of objects. Third, the trace repeatedly alternates
between two phases: (a) a scan phase that touches many
objects once, and (b) a phase that repeatedly accesses a small
set of hot objects, with the hot set changing in every iteration.
In the above cases, MERLIN may cache the wrong objects for
a certain period of time (due to their hotness or popularity
in the past), leading to a lower hit rate.

Another class is workloads that cause high false positives
in the count-min sketch (§6), therefore making MERLIN mis-
classify unpopular objects as popular. These workloads ac-
count for 1.1% of the total traces.

The small amount of adversarial workloads may poten-
tially include correlated workloads, where objects that are se-
mantically related are accessed together. For example, when
a user visits a profile page, it may access a set of objects se-
mantically related to that page, e.g., the user’s profile picture,
recent posts, and friend list.

MERLIN (and many prior algorithms) do not consider the
semantics of objects, and thus cannot handle such workloads
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Figure 11: Hit rate of evaluated algorithms. The x-axis shows hit rate improvement over LRU. Only the best-performing baselines are shown.
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Figure 13: Relative hit rate compared to the dominant algorithm.
The y-axis reports the relative hit rate, and the x-axis presents the
ascending-sorted cumulative distribution of traces.

well. We did not report the portion of these correlated work-
loads, as it is difficult to manually identify them without a
semantic-aware caching algorithm.

Byte hit rate improvement. The hit rate measures the frac-
tion of requests served from the cache, while another metric
is the byte hit rate, i.e., the fraction of requested bytes served
%) This metric considers object
sizes, and is important for CDN, which cares about band-
width savings. Figure 12 shows the results, where MERLIN
exhibits trends similar to Figure 11.

7.3 Throughput

from the cache (or

To evaluate the throughput and management overhead in
complex scenarios, we identify typical diverse and shifting

access patterns and generate a representative mixed trace,
following prior work [8,71]. We analyze thousands of traces
across all datasets and find that most exhibit four primitive
access patterns at scale (millions of requests).

We use four distributions to represent four primitive access
patterns and randomly shuffle them. They are 1) a Zipfian
distribution, 2) a uniform distribution, 3) repeated sequential
accesses, and 4) scan accesses. Then we randomly shuffle
them to approach the mixed access patterns in real traces,
generating a 200M-request trace with 2M objects. We simu-
late a 10 us backend latency when there are cache misses.

Multicore scalability. Figure 14 (a) shows the through-
put of evaluated algorithms under thread counts from 1 to
32. MERLIN outperforms others significantly, achieving 1.4 x
to 7.8 x higher throughput than others at 32 threads. The
reasons are twofold. First, MERLIN achieves a high hit rate,
reducing backend accesses. For this reason, MERLIN outper-
forms S3-FIFO by around 1.4 across different thread counts.
Second, MERLIN demonstrates strong scalability due to its
multi-FIFO queue design (§6.1), while LRU and ARC suffer from
lock contention on the LRU list.

Management overhead. Figure 14 (b) removes backend
latency to evaluate management overhead (§6.1). MERLIN
incurs low overhead, thanks to the optimizations in §6, and
delivers 16% higher throughput than S3-FIF0. Both MERLIN
and S3-FIFO achieve 2-3x higher throughput compared to
them with backend latency, showing that cache operations
are not the bottleneck in real systems. In contrast, LRU and
ARC continue to suffer from lock contention.

7.4 Flash-friendliness

Modern datacenters use both DRAM and flash devices for
caching [28,44,50]. In this setup, a key metric is how much
data is written to flash, since excessive writes reduce device
lifetime. This subsection evaluates this scenario.
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Setup. MERLIN naturally fits this setup due to its modular
design (§5.2): its small filter queue and metadata sit in DRAM,
while the staging and core queues reside in flash. We also
evaluate several representative baselines. For Flashield [28]
and S3-FIFO [71], we use their original designs. For ARC, we
set its one-hit list into DRAM and frequency list in flash. For
Cacheus, we split the SR-LRU list, keeping the SR portion in
DRAM and the R portion in flash.

Adaptiveness in flash-friendliness. Figure 15 shows the
flash-friendliness of evaluated algorithms, where we vary 1)
the cache size from 1% to 10% of the WSS and 2) the DRAM
size from 0.1% to 10% of the cache size. MERLIN achieves the
highest hit rate with low write bytes. Compared to adaptive
algorithms, ARC and Cacheus, MERLIN reduces write bytes by
70% and improves absolute hit rate by 1-2%. Compared with
S3-FIFO, MERLIN produces nearly the same write volume but
has 1% absolute hit rate improvement. Flashield reduces
write bytes but at the cost of a substantial drop in hit rate.
MERLIN performs well in DRAM-Flash hierarchical
caching due to both its task-division design (§5.2) and its
accurate access-pattern characterization (§4). Compared to
Cacheus and ARC, MERLIN’S component separation avoids un-
necessary flash writes. Compared to S3-FIFO, more accurate
access-pattern identification further improves the hit rate.

7.5 Sensitivity Analysis

This subsection evaluates the sensitivity of MERLIN’S tun-
able parameters, including 1) the sizes of the filter, staging,
and ghost queue; 2) the length of epoch to decide popular-
ity (§5.2); and 3) the size of the count-min sketch (§6).

Queue sizes. Figure 16 shows, across all datasets, how
different queue sizes affect MERLIN’s hit rates. We find that
for the evaluated ranges of the filter (5% - 15%), staging (1%
- 10%) queues, and ghost (50% - 200% of the cached objects)
queues, the hit rate of MERLIN is stable; only a few traces
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Figure 16: Sensitivity evaluation of the filter, staging, and ghost

queue sizes (%). The filter queue ranges 5%, 10%, and 15%; the staging
queue is set to 1%, 5%, and 10%; and the ghost queue varies across
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Figure 17: Sensitivity evaluation of the filter and staging queue
sizes (%) in Cloudphysics dataset. The queue sizes range from 1%
to 20% of the cache size. Cache size ranges from 1% to 10% of WSS.

show more than 1% hit-rate variation. Among these config-
urations, the 10% filter, 5% staging, and 100% ghost queues
achieve the best overall performance.

Sensitivity across different datasets. To further under-
stand the impact of queue sizes, we evaluate 1) a wider range
of queue sizes; and 2) the hit rates across different datasets.

Figure 17 shows the results of CloundPhysics, which rep-
resents the behavior of most datasets. MERLIN’s hit rate is
stable in a wide range of filter and staging queue sizes (5%-
15%) with all cache sizes. MERLIN only underperforms in
two extreme cases: 1) a small filter queue (<5%) under a
small cache size (1% of WSS); and 2) a large filter or staging
queue (>15%) under a large cache size (10% of WSS).

A few datasets show a slightly different behavior. Specif-
ically, for Meta CDN and Tencent Photo with a 10% WSS
cache size, a large filter queue increases the hit-rate improve-
ment over LRU by up to 3%. For Wikimedia with a 1% WSS
cache size, a small filter queue, and a large staging queue
achieves up to 5% improvement.

The length of recorded epochs and the size of the count-
min sketch. We evaluate the sensitivity of MERLIN to the
recorded epoch length (Figure 18) and the count-min sketch
size (Figure 19) across all datasets. In summary, MERLIN
achieves robust performance across a wide range of con-
figurations. For the recorded epoch length ranging from 4
to 128, the hit rate of MERLIN is stable in most traces. For a
wide range of count-min sketch sizes, corresponding to false
positive rates from 0.1% to 5%, MERLIN achieves a robust
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performance, with a few traces benefiting from larger sizes.

In a subset of workloads (8% of the total traces), the
recorded epoch length and the count-min sketch cause more
than 1% variation in hit rate improvement over LRU (figures
not shown). This includes around 25% of CloudPhysics traces,
17% of Alibaba traces, 5% of Tencent CBS traces.

Epoch length. With MERLIN, the epoch length is set to the
cache size. We note that this is not a tunable parameter, as
MERLIN uses the properties of FIFO queues to track objects
within an epoch (for hotness), as discussed in §5.2.

Therefore, to understand the sensitivity of epoch length,
we use the ghost queue size to approximate it. Specifically, a
small ghost queue approximates a shorter epoch, as MERLIN
observes hotness for a smaller amount of time. Vice versa, a
large ghost queue approximates a longer epoch. As shown
in Figure 16, varying ghost queue sizes has little impact,
suggesting that MERLIN is robust to different epoch lengths.

7.6 Why is MERLIN effective?

To evaluate why MERLIN is effective, we measure the preci-
sion and average hit count of objects promoted from ghost
queues across different adaptive algorithms. The precision
is the fraction of promoted objects that are later accessed
again, indicating the decision accuracy. The average hit count
captures how valuable these promoted objects actually are.

Figure 20 reports precision and average hit counts across
Twitter and FIU traces. MERLIN performs well on both met-
rics, demonstrating its accurate identification of hot and/or
popular objects. In comparison, ARC and Cacheus show much
lower precision and hit counts, demonstrating that they do
not make good caching decisions.
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Figure 20: Precision of access pattern identification.

8 Other Related Work

The most important related work (e.g., Cacheus and ARC) has
been discussed throughout the paper.

Machine learning based algorithms. LRB [51] and
HALP [52] model access sequences and feed object fea-
tures (e.g., timestamps, gaps, and frequencies) into machine
learning predictors to select eviction candidates. These ap-
proaches incur high management overhead due to their on-
line training and inference costs.

Performance analysis. HOTL [65], Counter stack [62], and
Footprint sampling [63,64] provide theoretical analysis and
approximation methods to predict the hit rate. SHARDS [57],
Miniature [56], and Kosmo [49] build small-scale models
to estimate cache performance for different configurations.
Such work complements MERLIN.

Cliff removal. Ideal eviction policies yield convex hit-rate
growth as cache size increases, but real-world policies often
show non-convex “cliffs.” Talus [9] and Clifthanger [19] mit-
igate this by segmenting the cache without modifying the
underlying algorithm. This work is orthogonal to MERLIN.

9 Conclusion

This paper presents MERLIN, an adaptive cache eviction algo-
rithm that achieves high hit rates across diverse real-world
workloads. MERLIN’s effectiveness stems from two key de-
signs. First, MERLIN proposes a principled fine-grained access
characterization method that also accounts for locality and
cache size. Specifically, MERLIN classifies objects into four
types based on hotness and popularity, where the cache size
determines the thresholds, and the distribution of types re-
flects the access patterns. Such a classification allows MERLIN
to accurately capture a wide spectrum of access patterns be-
yond a few typical ones. Second, MERLIN employs a unified
and cohesive architecture that cleanly separates component
responsibilities, thereby eliminating the interference seen
in prior designs. Evaluations on 11 datasets and 5,423 traces
show that MERLIN achieves high efficiency, scalability, and
low management overhead.
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