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Abstract

Modern computing systems rely on caching to reduce ac-
cess latency and optimize resource utilization. However, in
heterogeneous storage and cloud environments, non-uniform
access latencies across storage tiers, network locations, and in-
termediary caches undermine traditional caching. Moreover,
modern cache algorithms that attempt to capture multiple
access patterns, recency, frequency, and burstiness, often be-
come complex and difficult to maintain.

As a key contribution, we propose an adaptive caching
architecture that treats caching strategies as a pipeline of
simple, orthogonal policies, each focused on a distinct access
bias. This modular design is easier to expand, debug, and
integrate, and it self-adjusts the memory resources allocated
to each stage to optimize overall workload performance. New
heuristics can be introduced dynamically without disrupting
existing behaviors.

In addition, in latency-aware caching, one often encoun-
ters the phenomenon of delayed hits, where items not yet
available in the cache are requested repeatedly. We introduce
the Least Bursty Used (LBU) heuristic, which retains items
exhibiting high burstiness even when they are neither recent
nor frequent, thereby mitigating delayed hits that degrade
request latency. We embed LBU within our pipeline and de-
rive the Recency—Frequency—Burstiness (RFB) policy, which
balances resources among recency, frequency, and burstiness.
Evaluations on thirteen real-world storage traces from IBM,
Twitter and Meta using latencies drawn from real-life deploy-
ments show that RFB reduces average request latency by 10%
compared to the best state-of-the-art alternative, while main-
taining consistent performance, with a low standard deviation
across bursty and non-bursty workloads.

1 Introduction

Modern applications increasingly rely on remote computa-
tion, distributed storage, and continuous streaming. Examples
include Content Delivery Networks (CDNs) serving video

and music, large-scale machine learning pipelines training
on geographically dispersed datasets, and cloud or edge plat-
forms composed of interdependent services. This reliance
amplifies the cost of latency: items are often retrieved from
distant sources, and access times are affected by network de-
lays, congestion, and storage medium variability.

Caching is the standard remedy, reducing average access
time by storing frequently requested items in faster, closer
tiers. The classical cache model focuses on maximizing the hit
ratio, defined as the fraction of requests served from the cache.
Heuristics exploiting recency (e.g., LRU) and frequency (e.g.,
LFU) [20,33] have been studied extensively under this model.

While simple and intuitive, the hit-ratio model is also sim-
plistic. When access costs vary across heterogeneous storage
tiers, network distances, or intermediary caches, maximizing
hit ratio alone does not minimize latency. Two caches with
identical hit ratios may yield very different response times if
one evicts expensive-to-fetch objects in favor of cheaper ones.
Such nonuniform costs arise in diverse settings, including
search engines [7], distributed storage [12,24,26,40,41,47,50],
mobile applications [37], DNS resolution [32], and web ser-
vices [21].

To address these limitations, the community has proposed
cost-aware caching models [11,21]. These models associate
each miss with a cost reflecting latency, monetary expendi-
ture, or energy consumption, and optimize cache management
accordingly [25, 38]. Algorithms such as GDS, GDSF, and
GDS-LC [14,21,28,38] exploit such metrics but rely on fixed
heuristics and assume instantaneous admission.

When access latency is non-negligible, requests may arrive
for items that are in transit to the cache but not yet available,
resulting in a delayed hit. From the system’s perspective,
delayed hits behave like regular hits since they do not trigger
additional fetches. From the user’s perspective, their latency
falls between a miss and a hit: shorter than a full fetch but
longer than an immediate response. Explicitly modeling such
intermediate states allows cache policies to better capture
user-perceived performance and reduce access times in bursty
workloads [5, 58].
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Despite these advances, cache policies are still typically
presented as monolithic designs. Policies are devised to ad-
dress various workload characteristics, but do so within a
single design, which leads to complex algorithms that are
difficult to develop, deploy, and maintain.

We propose an alternative: a modular pipeline architec-
ture composed of simple, narrowly focused cache policies.
Each component policy targets a specific behavioral dimen-
sion, and the pipeline dynamically adjusts their relative sizes
during execution to optimize performance. To demonstrate
the approach, we extend the delayed-hits model by combin-
ing well-known recency and frequency heuristics with a new
burst-oriented policy of our own design (LBU). The resulting
adaptive pipeline achieves state-of-the-art performance while
remaining modular and easy to manage.

Contributions. This paper makes five contributions to the
study of latency-aware caching: (i) We design Least Bursty
Used (LBU), a cache policy that prioritizes items exhibiting
bursty access patterns, (ii) we formalize the concept of a
pipeline cache architecture, which composes multiple cache
policies into a unified framework capable of addressing di-
verse workload characteristics, (iii) we introduce a simulation-
based adaptive pipeline algorithm that dynamically allocates
resources across the policies in the pipeline according to the
observed performance, (iv) we propose RFB, a state-of-the-art
adaptive policy based on our pipeline framework, specifically
designed to address workloads driven by recency, frequency,
and burstiness, and (v) we evaluate RFB against 12 SoTa poli-
cies across 13 real-world traces, demonstrating an average
improvement of 10%.

1.1 System Model

We now describe our system model, inspired by [5, 44, 58],
where our ultimate goal is to minimize the average request la-
tency (to be formally defined in the sequel). Given a universe
of uniform-size items U that are available in some (remote)
data source, and a (local) cache 7 capable of storing at most
M items, we consider a sequence G of n requests arriving at
the cache, 6 = r{,ry,...,r,, where each such request r is char-
acterized by a pair (i,,#,), where i, € U is an item, and ¢, is
the issue time of the request. We will often omit the subscript
r when it is clear from the context. We let 6; denote the set of
requests that have arrived by time ¢, and we assume without
loss of generality that there is a well defined order on requests
arriving at the same time ¢, i.e., we may refer to any request
r = (i,t) as the unique request arriving at time ¢, where we
refer to requests arriving prior to ¢ as requests that appear in
G before r.

For every request r = (i,t), we define the fetch latency
of retrieving i at time #, denoted L;,, as the time required
to retrieve item i from its data source into the cache, for a
retrieval request issued at time ¢. We assume L;; is drawn
from an item-specific latency distribution, which is generally

unknown, and may well differ across items originating from
different sources. For simplicity, we sometimes omit the sub-
script ¢, when the time is clear from the context, and simply
refer to this time as L;.'

For any time ¢, we let @ denote the overall state of cache
T at time ¢, and let C; denote the set of items stored in 7.
In particular, for any request r = (i,1), C; denotes the items
stored in the cache upon the arrival of r at time 7. We now
turn to describe the concepts required for formally defining
the notion of delayed hits. At any time ¢, the cache maintains
a set of fetch requests F; C &;, and a set of pending requests
P; C 6;. We sometimes refer to F; and P; as the fetch requests
buffer (or F-buffer) and pending requests buffer (or P-buffer),
respectively. We note that these buffers should merely main-
tain the metadata of the requests, and not the content of the
items associated with these requests. We formally define these
sets in the sequel. Furthermore, for every request r = (i,t), we
will also denote by F.; and P, the sets of fetch requests and
pending requests immediately before the arrival of request r
at time ¢.

For any set of requests R, we let I(R) =
{i e U|3r=(i,t) € R}, i.e., the set of items for which
there is a corresponding request in R.

Intuitively, fetch requests in F; are requests that initiate
fetching an item from the data source, whereas pending re-
quests in P, are additional requests for items with an outstand-
ing fetch request, i.e., there exists a fetch request in F; for the
same item. F; and P, maintain the state of fetched and pending
requests, respectively.

Fetch requests. For every request r = (i,t),if i ¢ C;UI(F<;),
then we say that r is a fetch request, and we add r to F;. Such
a request represents a request for an item that is currently not
in the cache, nor is it in the process of being fetched from
the data source. In particular, note that at any time ¢, and for
any item i, there can be at most one request for item i in Fy
(since such a request is added to F; only if i is not in I(F.,)).
Intuitively, any item may have at most one outstanding fetch
request at any given time. For any time ¢, and request r = (i, 1),
if r is not the first request for i in 6, we let f; (i) denote the
last time before time ¢ where a fetch request for i was issued,
and refer to f;(i) as the fetch time of i with respect to time ¢.

Pending requests. For every request r = (i,) for which
i € I(F;)\ C;, we say r is a pending request, and we add r to
P,. Note that since i € I(F), there is a request (i, f;(i)) € F;.
Request r represents a request for an item that is currently
being fetched from data source (where its fetch time is f; (i) <
t). We note that the sets of fetch and pending requests are
always defined implicitly, certainly in hindsight, regardless
of whether a caching algorithm maintains them explicitly;
For any algorithm, and any time ¢, the identity of fetched

Prior work (e. g., [21]) has shown that, for sufficiently long workloads
and realistic latency distributions, using the most recent fetch latency provides
an effective estimate for latency-aware cache calculations. In later sections
we will use this estimation for L;.
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requests, and pending requests, as derived from the actual
decisions made by the algorithm, is uniquely determined and
well defined.

Clearing requests from the F-buffer and the P-buffer. For
any fetch request r = (i,#), we say that item i is successfully
retrieved, or made available, from the data source at time
t' =t + L;. We recall that a fetch request actually triggers a
retrieval of item i from the data source, when the item is not
available in the cache at time ¢, and no such retrieval has been
issued just prior to time #. Such a fetch request r = (i,¢) is thus
cleared from the F-buffer at time ¢’ =t + L;. We now turn to
describe how pending requests are cleared from the P-buffer.
Any pending request » = (i,#) has its unique corresponding
fetch request ¥ = (i,') € F; for ¢’ = f;(i). r is thus cleared
from the P-buffer at time ¢’ +Liy, i.e., at the same time where
the fetch request # is cleared from the F-buffer (i.e., as soon
as the item is made available in the cache).

For every request r = (i,¢) € 6, we wish to define its request
latency, c(r) = c¢(i,t), i.e., the latency between the time the
request arrives, and the earliest time in which the item is
available in the cache. We distinguish between three cases:

1. If i € C; then the request is considered to be a cache
hit. The request latency of such a request is therefore
c(i,r) =0.

2. Ifi ¢ G;UI(F), i.e., the item is not in the cache and
there is no outstanding fetch request for item i, the re-
quest is considered to be a cache miss. In such a case, r is
added to F;, and the fetch time of i is set to 7. The request
latency of such a request is the item’s fetch latency, i.e.,
C(i,t) =1L,

3. Ifi € I(F;) \ G, i.e., the item is not available in the cache,
but there is an outstanding fetch request for the item,
then the request is a pending request and is considered
to be a delayed hit. In such a case, r is added to P,
and the request latency of ris c(i,t) = f; (i) + L; ;i) — -
This captures the residual request latency for request r,
where its corresponding fetch request was issued at time

L)) <t

We will focus on designing online caching solutions that
minimize the average request latency (sometimes referred to
as the ARL) of the sequence, i.e.,

N 1
&o)==-Y c(r). ey
=
Denote by G[r1,#,] all the requests (i,¢) € ¢ such that#; <
t <1, and let o;[t],1,] denote all the requests for item i in
G[t1,1]. For any request r = (i,t), we define its accumulated
request latency as the sum of request latencies of all requests
to i that arrive within the time interval [¢,# + L;]. Formally,
sy =Y, )= Y (L7,
(i,t)€oiftt+Li) (it)€oift+L)

(@)

We note that the accumulated request latency of r = (i,) can
be viewed as the potential overall cost (over all affected re-
quests) of not caching item i at time ¢, where r = (i,¢) ends
up being a fetch request. In case r = (i,¢) is an actual fetch
request (i.e., r is added to F; at time 7), then the accumulated
request latency s(i,) accounts for the request latency of all
requests for i arriving during the interval [¢,¢ 4 L;], i.e., un-
til the item is retrieved from the data source. Out of these
requests, the first request r = (i,7) is a fetch request, and all
other requests are pending requests, which can be viewed
as implicitly associated with the fetch request r. Since every
request that is not a cache hit is either a fetch request, or a
pending request implicitly associated with a single fetch re-
quest, it follows that by taking F (o) = |, F; as the set of all
fetch requests over the entire arrival sequence, we obtain

E(cs)z1 Y, s 3)

m(i1eF (o)

This view essentially considers the request latency of each
pending request as “piggybacked” on its corresponding fetch
request.

The cache employs some eviction policy for determining
the victim item, which should be evicted from the cache when-
ever a fetched item has been retrieved and is available for
insertion to the cache at time 7 and the cache is full. We make
no assumption on the eviction policy used by the cache.

Figure 1 illustrates the cache model, showing how a size 2
cache processes requests under an LRU eviction policy.

The first request is for item A arriving at time #y. The request
is added to F; at #g, and we start fetching the item from the
data source. The item is retrieved and made available at the
cache at time 79 + L4, implying that at that time item A is
added to C,, the fetch request (A, f) is served by the cache,
and the request is removed from F;. The next request, which
arrives at time ¢#q, is for item B, which is not in the cache.
The request is added to F; at 7, and we start fetching item B
from the data source. A subsequent request for item B arrives
at time #,, where B is not yet available at the cache. Since
B € I(F,,), this request (B, 1) is, therefore, a pending request
and it is added to P, at time ;. The next request to arrive is
arequest for item C arriving at time #3, where C is not in the
cache. The request is added to F; at #3, and we start fetching
item C from the data source. As the next request at time #4,
also for item C, arrives before C is available at the cache, this
request is added to P, at time #4. At time #; 4+ Lp item B has
been successfully retrieved from the data source and is added
to the cache. The two requests (B,#;) (the fetch request in
F,) and (B,1,) (the pending request in P) for item B are thus
served and removed from F;, and P, respectively. The cache
stores at this point items A and B. At time #s an additional
request for item C is issued and added to P, since item C is
not yet available in the cache. Finally, at time #3 + L¢ item
C is successfully retrieved. Since the cache size is 2, and an
LRU policy is employed, item A is evicted to allow adding
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Figure 1: Illustration of an arrival sequence within our system model with a cache of size 2, including the timestamp of each
request and the perceived request latency. A filled square represents the arrival of an item to the cache.

item C to the cache. At this point, the three requests for item
C (one in F;, and two in P;) are served, and removed from
their corresponding sets. Figure 1 also illustrates the request
latency c(r) incurred by each of the requests.

1.2 Related Work

Cache algorithms are heuristic-based methods that attempt
to anticipate and adapt to workload patterns. Each workload
favors a different heuristic, making the best-performing cache
algorithm workload-specific. Moreover, even within the same
workload, the optimal heuristic may change over time de-
pending on period-specific variations. The seminal Belady’s
Clairvoyant policy [9] provides an upper bound on the maxi-
mal attainable hit ratio. This optimal policy looks ahead into
the future and evicts the item whose next access occurs the
furthest in time. Despite the diversity of cache algorithms,
most rely on a few simple, yet effective, heuristics. The most
common is the Recency heuristic, which assumes that re-
cently accessed items are more likely to be accessed again
soon. A widely used implementation of this heuristic is the
Least Recently Used (LRU) policy [27].

The Frequency heuristic differs from Recency by consid-
ering the distribution of accesses over time rather than indi-
vidual access events. This approach assumes that frequently
accessed items in the recent past are likely to remain pop-
ular in the near future, and is the basis of many implemen-
tations [3,4,33,52] including recent developments such as
S3FIFO [62] and SIEVE [64].

In particular, TinyLFU [20] is a popular frequency-based
caching policy. TinyLFU employs a compact oracle based on
a sketching algorithm [15,23] to estimate the access frequency
of each item and admits only items whose frequency exceeds
that of the eviction candidate.

Another noteworthy heuristic is reuse distance, which con-
siders the interval between subsequent accesses to the same
item. Prominent examples employing this approach include
HiFi [1], LIRS [31,36], LHD [8] and FRD [49].

Recent advancements in caching integrate machine learn-
ing algorithms in multiple approaches, from learning the fu-
ture access patterns in the workload [17,54,57] to dynamically
adjustable scoring functions [2, 13,51]. The most notable of
these is the LRB policy [54] which tries to mimic the perfor-
mance of Belady’s policy. These are interesting approaches
that come at a computational cost, demanding specialized
hardware, abundance of information and as a side effect, make
the decision making process less interpretable.

As systems grow in complexity, cache algorithms also be-
come more convoluted, and harder to implement and modify.
To address this shortcoming, many adaptive caches are de-
signed, balancing different heuristics to better match workload
characteristics; To the best of our knowledge, all suggested
adaptive algorithms try to balance at most two heuristics, and
are limited to tuning a single parameter, such as cache siz-
ing [16,20,45], or modifying a scoring function [11]. Notable
examples of such dynamic policies include Adaptive Replace-
ment Cache (ARC) [45], its recent improvement SHARC [16],
and adaptive TinyLFU [18]. These algorithms function by
combining two caches that work together, with adaptivity
achieved through dynamic cache resizing.

Our work extends cost-aware cache algorithms [7, 30, 38,
39,48, 53,63] by incorporating the possibility of a delayed
hit when accessing an item, instead of creating a new ad-hoc
approach as offered in other works [5]. Notable cost-aware
algorithms include GDWheel [38], CAMP [25], Hyperbolic
caching [11] and Cost-Aware Window TinyLFU [21]. These
algorithms incorporate the recency and frequency heuristics
while taking into account variable access times. The latter
also offers an adaptive model for fine-tuning the cache sizes,
while not taking delayed-hits into account.

The proposed Adaptive CA-W-TinyLFU algorithm can
be viewed as a two-stage pipeline of recency and frequency,
incorporating a hill-climber mechanism that dynamically bal-
ances their sizes. In addition, the authors introduce a latency-
aware variant of LRU, called Cost and Recency Aware (CRA).

Moreover, since items are of variable size, two main ap-
proaches were adopted: (i) cluster items of similar size using
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a technique such as slabbing [8, 61,62, 64], and then apply a
unit-sized cache policy (as in this work), or (ii) design cache
policies that directly accommodate large variability in object
sizes [10,14,19] .

1.3 Preliminaries and Latency Aware Policies

To conclude our introduction, we provide details on the two
policies used as example building blocks in our proposed
solutions. The CRA policy [47] extends the LRU policy for
latency-aware scenarios. CRA utilizes multiple LRU-like lists,
each storing items whose fetch latencies fall within a specific
range, determined by the latencies observed so far. When
an eviction is required, CRA considers both the time since
the last query for an item and its latency to compute a score,
which is used to select the victim item for eviction.

The access-time-aware TinyLFU [47] leverages two CRA
policies in conjunction, effectively forming a Segmented-LRU
(SLRU) policy [34]. Under this approach, an item’s score is
defined as the product of its latency and frequency. When an
eviction decision is made, the item with the lowest score is
chosen as the victim.

In our design and evaluation, we utilize these policies as
our Recency-aware and Frequency-aware policies. For conve-
nience, we refer to CRA as LRU* and the access-time-aware
TinyLFU as LFU*. Notably, in our proposed solution, we do
not use the vanilla (access-time-oblivious) LRU or LFU.

2 The Least-Bursty-Used (LBU) Policy

In this section, we introduce our new cache eviction policy,
referred to as the Least-Bursty-Used (LBU) policy, which
is latency-aware and specifically designed to retain items
accessed in bursts. That is, LBU targets items that are accessed
successively within relatively short time intervals. As we
demonstrate, in certain workloads, failing to cache such bursty
items can lead to a significant increase in average request
latency. We discuss how burst-aware caching differs from
traditional paradigms such as LRU and LFU, highlighting
key logical distinctions. To illustrate these differences, we
provide a synthetic example comparing the performance of
LBU against LRU and LFU in workloads with distinct access
patterns. Next, we introduce a metric designed to quantify the
impact of burstiness on average request latency. Finally, we
describe the design and implementation of our LBU cache,
explaining how it effectively captures and leverages bursty
access patterns to improve latency.

2.1 A Call for Burstiness Awareness

At first glance, mechanisms designed for bursty traffic may ap-
pear similar to those that favor recency-biased access patterns.
However, the key distinction lies in the length of the time
interval over which requests for an item arrive. LRU always

admits a new item upon request, making it most effective
when the cache completes the admission process before the
next request for that item occurs. However, in the presence
of bursty traffic, subsequent requests for an item often arrive
before the item has been fully retrieved from the data source,
leading to multiple delayed hits (as defined in our system
model). These delayed hits substantially increase the average
request latency, negating the benefits of temporal locality.

Thus, despite the strong temporal locality exhibited by
bursty workloads, an LRU-based policy may fail to lever-
age this locality effectively to minimize request latency. This
limitation arises because bursts may be too short-lived or scat-
tered arbitrarily throughout the workload, preventing LRU
from sustaining cached items long enough to serve subsequent
requests efficiently.

In contrast, an LFU-based policy might favor items for
which requests exhibit a bursty arrival pattern. This depends,
of course, on the overall frequency of the requests for such
an item. An LFU-based policy will often fail to distinguish
between an item whose access pattern is dense within a short
time frame (i.e., bursty), and an item whose access pattern
has the same density but is distributed over a longer time
frame. In particular, a classic LFU approach focuses on the
benefits of having an item in the cache but is oblivious to the
tolls incurred when an item is missing from the cache. The
reason for this is that LFU treats cache misses as isolated
events, which can be easily mitigated by simply (re)admitting
the item to the cache. Thus, subsequent requests for the item
would result in a cache hit, giving the impression that cache
misses have minimal impact.

However, in latency-aware settings, this approach fails to
capture the effect of not having an item i in the cache at
time ¢ on potentially multiple requests for the item during the
interval [t,t + L;].

‘We note that for many, if not most, workloads, relying solely
on the burstiness of items as a primary criterion for cache
management may not be advisable. However, incorporating
burstiness awareness can lead to performance improvements
in specific cases, as we demonstrate in the following section.
Moreover, integrating burstiness awareness into more general,
adaptive architectures presents an opportunity to achieve sig-
nificant performance gains over state-of-the-art designs. Our
adaptive pipeline cache design, described in Section 3.1, ex-
plicitly incorporates this capability. As we later demonstrate
in Section 4, our solution leverages burstiness awareness to
exploit optimization opportunities beyond those captured by
existing approaches.

As an illustration of the need for a new metric in cache
policy design, we conduct experiments on a carefully crafted
synthetic workload, which is an amalgamation of four types
of items: (i) many items exhibiting a recency bias, which
receive approximately 30 requests, uniformly distributed over
~ 20 seconds, and are never requested again, (ii) a few items
exhibiting a frequency bias, which arrive once every ~ 1
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Table 1: Performance of LRU*, LFU*, and LBU on varying
synthetic traffic patterns.

Traffic bias \ LRU* LFU* LBU \ Burst Score

Recency 65.61 390.06 606.73 1296.13
Frequency | 459.78 79.29 999.94 1295.53
Burstiness | 499.59 501.70 6.63 505000

second throughout the sequence, (iii) a few items exhibiting
a burstiness bias, which arrive in bursts of ~ 1000 requests
within ~ 1 second, with each burst occurring once every ~
1000 seconds, and (iv) many items that are one-hit wonders,
i.e., requested only once throughout the sequence. These serve
as noise and cannot be effectively cached by any policy. All
requests have a fetch latency of 1 second.

Table | compares the average request latency for LRU,
LFU*, and our proposed LBU policy (defined in Section 2.3)
across different workload biases.” The table presents the av-
erage request latency of each policy when evaluated on each
type of item in the sequence, along with the average burst
score, which we define in Section 2.2.

As shown, the LRU* policy excels in handling recency-
biased items, the LFU* policy performs well for frequency-
biased items, and the LBU policy is highly effective in man-
aging burstiness-biased items. However, each policy performs
poorly on the other item types. This highlights that burstiness-
biased items are not well-handled by common caching poli-
cies within a latency-aware framework, reinforcing the need
for a specialized approach.

In the next section, we formally define a metric for mea-
suring "burstiness" and demonstrate how this metric can be
translated into a burst-oriented cache policy.

2.2 Defining a Burstiness Score

In this section, we focus on computing a burstiness score,
denoted B;, for each item i. For LRU-based or LFU-based
policies, computing the "score" of an item i at any time ¢ is
well-defined. This typically involves tracking the number of
distinct items accessed since the last access to i, or counting
how frequently item i has been accessed up to time ¢. It is also
common to apply various heuristics in the computation of the
score in order improve computational efficiency and reduce
resource overhead.

A natural candidate for the burstiness score of an item i
at time ¢ is its accumulated request latency, denoted s(i,1).
This metric quantifies the latency cost incurred if item i is not
present in the cache at time ¢, and a fetch request for i is issued
at that moment. However, by definition, this value can only be
computed in hindsight, at time ¢ 4- L;. We note that although
the accumulated request latency was originally defined for

2We note that in our illustrating example, all items have the same fetch
latency, which implies that LRU* and LFU* behave the same as LRU and
LFU, respectively.

individual requests r = (i,#), it can still be considered for
item 7 at any time ¢, even if no actual request for i arrives at .
Nevertheless, we estimate the burstiness score of i at time ¢ by
leveraging the accumulated request latencies of past requests
for i, even when i was already present in the cache at the time
those requests were issued.

There are a few caveats to consider when using accumu-
lated request latency as a measure of burstiness. First and
foremost, workload patterns may change significantly over
time, meaning that items previously identified as "bursty" may
become less bursty, and vice versa. However, we note that
this issue is not unique to burstiness estimation, as similar
challenges also affect other caching heuristics, such as LFU.

Second, the accumulated request latency can be highly
sensitive to the timing of an item’s first appearance in the
workload. For instance, a single isolated request for an item
i might result in a very low burstiness score. However, this
same item i might soon be followed by multiple requests
within a short time interval. If burstiness is estimated solely
based on the initial isolated request, it may underestimate the
true bursty nature of i. In contrast, an estimate made on a
subsequent request for i might yield a much higher burstiness
score, which more accurately captures the actual burstiness
pattern of i.

Because accumulated request latency serves as the founda-
tion for our burstiness score, this score should be re-evaluated
periodically, even when the item is still in the cache. Failing
to update the burstiness score in a timely manner could lead to
significant degradation in average request latency. Ideally, one
would evaluate (and update) the burstiness score [3; for item
i at every time 7 when a request r = (i,7) arrives. However,
doing so could introduce significant overhead, particularly
in terms of memory usage required to compute all potential
scores. In what follows, we introduce the Least-Bursty-Used
(LBU) policy and present an efficient method for estimating
the burstiness score of distinct items.

2.3 The LBU Policy

For every request r = (i,t) for item i, our LBU policy cal-
culates the accumulated request latency associated with a
constant number of requests, denoted by ¢, arriving during
[£,¢ + L;] (in a sliding-window manner). This ensures that
no more than ¢ values are maintained for every item i. The
burstiness score [3; is then set to be the maximum over these ¢
values. This score serves as an estimate of the exact burstiness
score (as discussed in Sec. 2.2). The fact that 3; is estimated
along a sliding window whenever a new request for i arrives,
ensures that the estimation follows the burstiness dynamics
of the various items being handled. The parameter ¢ serves to
balance the tradeoff between the accuracy of the estimation
(which improves as / is larger) and the overheads incurred by
computing the estimation. We employ an aging mechanism
to ensure that rare outliers do not remain in the cache for
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prolonged periods of time. Whenever the cache is full, and a
new item is offered for admittance (after it has been retrieved
from the data source), the eviction policy mandated by the
LBU policy picks the item with the smallest burstiness score
(over all items currently in the LBU cache, along with the
newly arrived item) as the victim designated for eviction.

A vanilla implementation of LBU can be performed us-
ing a heap, with time complexity of O(logM) per operation.
However, in our implementation of the LBU policy, we attain
a worst-case time complexity of O(log M) for evictions, and
O(1) for testing a new candidate, at the cost of a slight relax-
ation of ensuring that the item with the minimum burstiness
score is indeed chosen as the victim. This includes periodic
self-adjustments of the data structures at constant-time amor-
tized cost. The formal description of our estimated burstiness
score and the full implementation details can be found in
Appendix A.

3 A Pipeline Caching Architecture

This section presents our pipeline method for designing com-
plex cache policies from simple independent cache blocks
that are pipelined sequentially. In this setup, the victim of a
cache block is the input to the next cache block in the pipeline.

This concept has been explored on a limited scale in prior
work, such as in [18, 20], which can be interpreted as a
pipelined design of LRU and TinyLFU. Our work formalizes
and generalizes this pipelined design pattern. Each pipeline
exposes a spectrum of policies that vary by the sizing of the
pipelined blocks.

One of the primary motivations behind our general design
is to incorporate an LBU cache into an already very successful
pipeline that combines recency and frequency. As previously
mentioned, we do not expect LBU to be a standalone policy.
It does not attempt to get a high hit ratio but to store in its
cache bursty items which LRU and LFU based policies might
miss. By adding LBU to a pipeline, we avoid designing a
rigid, ad-hoc cache architecture that tries to do it all in one
complex algorithm.

We assume the total memory allowance for the entire cache
architecture to be M. At any time ¢, we consider the cache
C; as being partitioned into a sequence of m cache blocks,
denoted B, ..., B;,. The size of each cache block B'; at time
t is given by |B’/| = o;M, where o; € [0, 1] and }; o, = 1.’
Each cache block B’j operates as a separate caching mecha-
nism, which can be managed using different cache policies,
such as LRU, LFU, or LBU. We now proceed to describe the
inner workings of our Pipeline Cache architecture, for which
the pseudocode is provided in Algorithm 1.

The pipeline handles two types of events: (i) incoming
request events r = (i,t) € ¢, which are requests originating

3We make a slight abuse of notation and let B’j refer to block j at time 7,
while ‘ B’j ‘ denotes the amount of memory allocated to block j at time ¢.

at the client and arriving at the cache, and (ii) retrieved item
events of item i at time ¢, where ¢ is the time at which the item
arrives at the cache from the data source. We note that for
each such retrieved item event of i at ¢, there exists a single
fetch request r = (i, f; (i) € F;.

We first describe the behavior of the pipeline cache for in-
coming request events. Consider the arrival of a new request
r = (i,t). The policy first checks whether item i is available
in G, i.e., whether it is stored in one of the blocks B}, ..., Bl,.
If the item is available in some block, the request is served
from this block, and its metadata is updated (e.g., recency,
frequency, burstiness, and possibly other metadata, as we dis-
cuss in the sequel). We recall that as part of our latency-aware
model, incoming requests for which the requested item is
not available in the cache (i.e., it is not stored in any of the
cache blocks) are inserted into either the fetch requests buffer
(in which case a fetch request is issued to the backend data
source) or the pending requests buffer, as described in our
system model. These buffers are maintained by the pipeline
architecture, rather than by the individual cache blocks.

We now turn to describe the behavior of the pipeline cache
for the second type of events, retrieved item events. These
events occur when an item, previously being fetched from the
data source due to the arrival of an incoming fetch request,
arrives at the cache and becomes available. First, any out-
standing fetch request for i, as well as any additional pending
requests for i, are served. This is followed by an update to
the relevant item’s metadata and the removal of the request
from the corresponding request buffer (F; or P;). Once all
outstanding requests for i are served, the cache blocks apply
their logic in sequence.

Let iy = i denote the item that was thus retrieved at time
t. In what follows, for every j =1,...,m, block B’j would be
offered a virtual request (i;—1,t) for admittance to B; This is
performed by the admit call in line 20 in Algorithm 1, which
either returns i; = null in case there is available memory in
block Btj and item i is retained in block B’j, or the victim item
i; destined for exclusion from block B’j (as prescribed by the
policy employed at B’l-). In the former case, no further action
is needed (as no item should be evicted from the pipeline). In
the latter case, the victim i}, is chosen out of the set of items
currently available for block B;, along with the new item
being offered for admittance, ;1. This victim item i; is then
offered to B, (if j < m), or dropped (if j = m). The above
behavior is formally defined in Algorithm | and illustrated in
Figure 2. It is important to notice that items can be offered to
cache blocks only in the predefined order of the pipeline and
that no item is contained in more than a single block at any
given time. The order of the blocks in the pipeline may well,
and indeed often does, affect the behavior and performance
of the overall pipeline cache architecture.
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Figure 2: An overview of a flow of an item within the pipeline

Algorithm 1 HandleEvent(T', e = (i,1))

Require: pipeline ', event e = (item i,time ¢)
1: if e is an incoming request event then
2 apply HandleIncoming(r = (i,7)) in
3: else > e is a retrieved item event
4 apply HandleRetrieved(i,¢) in '

5: procedure HandleIncoming(request r = (i,t))

6 if i € C; then

7: serve r, and update metadata

8 elseif i ¢ I(F,) then > (i,) is a fetch request
9 F + FU{(i,1)}

10 fetch item i from data store

11 else >i€I(F),ie. (i,t) is a pending request
12: P+~ PU{(i,t)}

13: end procedure

14: procedure HandleRetrieved(item i, retrieval time t)
15: for every request r = (i,t') € FUP, do

16: serve r, and update metadata

17: remove r from F; U P,

18: ig=1

19: for j=1,...,mdo

20: ij < admit(B}, (ij—1,t)) > extract BY’s victim i;
21: if i; is null then > B'; was not full
22: return

23: drop i,

24: end procedure

3.1 An Adaptive Pipeline Architecture

In this section, we introduce a self-adjusting, adaptive
pipeline cache, which dynamically (re)sizes the blocks within
the pipeline while maintaining a constant overall cache size.
For practicality, we assume that the partitioning of the avail-
able memory is performed in a coarse manner, i.e., in quanta
of non-negligible size Q. We further refer to K as the number
of possible quanta in a cache of size M, such that: k- Q = M.
Forany j=1,...,m, and any time 1, we let ¢; be the size of
block B’j, i.e., the number of quanta allocated to B‘j at time ¢.

Our dynamic scheme enables a variety of cache behaviors,
allowing it to adapt to the underlying workload and approx-
imate the best overall policy. We note that the exact seman-
tic characterization of the resulting overall policy cannot be
explicitly determined. At the core of our adaptive pipeline

is a continuous search for improved sizing of the pipeline
blocks. We note that this allocation process is a moving target,
as workload variations also modify the required allocation.
While sizing-based adaptivity is commonly employed, it has
traditionally been implemented in an ad-hoc manner between
only two competing options [18,45]. In what follows, we
present our design for multiple (i.e., possibly more than two)
pipeline blocks, where in Section 4 we discuss the perfor-
mance of a concrete example of a 3-block pipeline.

The pseudocode for our adaptive architecture is provided
in Algorithm 2. We make use of a fixed-step hill-climbing
algorithm that simulates multiple possible adaptation steps
and applies the most promising one among the tested op-
tions. Each simulated reallocation in our algorithm is referred
to as a ghost cache, or oracle. For every such ghost cache,
only items’ metadata is utilized, without modifying the ac-
tual cache contents. The configuration-change decisions are
performed periodically, every pre-defined number of requests
relative to the cache size, and we refer to the time between two
consecutive configuration-change decisions as a simulation
interval. to ensure statistically significant resource realloca-
tions rather than random fluctuations. The chosen adaptation
step is applied at the end of each such period, following an
adaptation event. In our design, such an event coincides with
the arrival of a request, once every 10 - M requests.

Our hill-climber only considers adaptation steps that reduce
the size of one pipeline block by a single quantum (i.e., a
fixed amount Q) and increase the size of another block by
the same fixed amount. This approach restricts the number
of considered options while still exploring a broad range of
possible configurations.

Specifically, given a pipeline cache with m blocks, there
are 2- (7)) = m(m— 1) possible ghost caches to consider. For
example, in a three-block pipeline (as discussed in depth in
Section 4), there are six possible adaptation steps to consider
at each adjustment opportunity (see Table 2).

We note that the limited reallocation of a fixed amount of
resources in each adaptation step is intentional, as our goal is
not to find a local minimum, but rather to avoid allocations
that result in unnecessary performance degradation. As we
demonstrate in the sequel, the resulting performance remains
competitive even if the optimal allocation is not attained;
merely being near a good allocation is sufficient.

When performing an adaptation step at time ¢, we do
not evict items from the cache. Instead, we relocate items
from the reduced-size block B'; to the expanded block B’j,.
This is achieved by virtually "removing" the lowest-priority
items from B’j (according to its eviction policy) and virtually
"adding" them to the newly available space now allocated to
Btj,. The priority of these items in B’, is determined by the
eviction policy of the target block. We emphasize that this
process only involves updating metadata within the pipeline,
avoiding any costly data copying and preventing unnecessary
evictions from the cache. This reconfiguration of the main
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pipeline cache 7' is captured by the applying the configura-
tion of the best ghost (in case its performance is indeed better
than the performance attained by the main pipeline cache),
captured by the “assignment” in line 7 of Algorithm 2. The
adaptation step ends by resetting all the ghost caches to the
new configuration of the main pipeline cache 7', and then
resizing the blocks in each ghost cache according to the sim-
ulation it is destined to perform (lines 9-10 in Algorithm 2).
Even though Algorithm 2 is formulated with ARL as its op-
timization objective, it can be easily adapted to target other
objectives.

Given a starting configuration, we simulate all adjacent
configurations obtained by moving one chunk between poli-
cies. At each decision point, we compare the results of these
simulations and switch to the best-performing configuration,
or retain the current one if it remains superior.

Our approach is similar to prior work [18,21], which also
relies on decision intervals and adaptive resizing. The key
differences are: (i) previous approaches are limited to two
policies and resize one only at the expense of the other, and
(ii) the previous work do not use simulations. Instead, it per-
forms an adaptation step (e.g., increase LRU and decrease
LFU) and repeat the step if performance improves; if per-
formance declines, they revert the change. This makes the
previous work vulnerable to missteps when workload fluctua-
tions, rather than configuration changes, affect performance.
By contrast, our method avoids this issue by simulating all
candidate configurations within the same interval, ensuring
adaptation decisions are based on consistent evidence.

In the full ghost caches, we simulate the altered cache
configuration on all incoming requests. However, such a sim-
ulation can become prohibitively expensive as the number
of pipeline blocks m increases. To see that, consider that for
each request, many ghost caches require a state update. Thus,
we employ a sampling method inspired by MiniSim [56],
which considers only a fraction of the incoming traffic. We
refer to oracles implemented with this sampling approach as
sampled ghost caches, and we provide further details of the im-
plementation in the following. Sampling drastically reduces
overheads, both in terms of memory required for maintaining
ghost caches and the processing overhead associated with
updating their states. As we demonstrate in Section 4, the im-
plementation costs of our improved design are comparable to,
and at times superior to state-of-the-art caching architectures.

We now turn to describe our simulation using sampled
ghost caches, where these sample ghost caches have a signifi-
cantly smaller footprint in terms of memory and computation,
when compared to the full ghost caches. The simulation takes
into account a sample of the sequence of incoming requests,
which captures all requests that are associated with some sub-
set of items. This is achieved by using a single random hash
function which identifies the (random, but fixed) set of items.
The underlying idea of this sampling approach is to extrap-
olate the behavior of a full-size cache handling all requests

Algorithm 2 PipelineReconfigure(event e = (item i, time ¢))

Require: main pipeline cache ', ghost pipeline caches G',,
j=1,....m(m—1)
1: apply HandleEvent (7', e)
2. for j=1,....,m(m—1) do

3: apply HandleEvent(G';,e) > update state of ghost

4: if e is an adaptation event then
requests

> once every 10- M

5 Jj* < argmin; {ARL(G')} > best ghost cache
6: if ARL(G'.) < ARL(n') then > ghost G is better
7: 7' + Configuration(G'.)

8: for j=1,...,m(m—1) do

9: G’ <7 b reset ghost cache to 7'’s content
10: reallocate resources in G;

11: else

12: for j=1,....m(m—1) do

13: Reset G, stats.

from the behavior of a smaller cache that processes only the
sampled sequence of requests. Intuitively, if we sample with a
probability 0 < R < 1, henceforth referred to as the sampling
rate, then we can estimate the performance of a ghost cache
of size M by observing the performance of a ghost cache of
size R- M. By using hash-based sampling rather than uniform
sampling, we ensure that all occurrences of sampled items
appear in the sampled stream, thus retaining all information
about those items, including their burstiness and frequency.
We compute the average request latency for the sampled sub-
sequence and use it as an estimate of the average request
latency for the entire request stream.

We note that using uniform sampling would result in inac-
curate statistics, particularly in terms of frequency and bursti-
ness, as not all requests corresponding to an item would be
sampled. Our hash-based sampling approach, while utilizing
a smaller simulated cache, is inspired by MiniSim [56]. How-
ever, our use case is novel, as the authors of MiniSim focused
on mitigating performance cliffs, whereas our work aims to
enhance adaptive caching algorithms. *

We note that the sampling approach improves both the
memory and computation overheads of simulating the ghost
caches. Observing the ghost caches, when no sampling is
applied, we simulate - (m — 1) full ghost pipelines, one for
each configuration change possible. When using sampled
ghost caches, we simulate m - (m — 1) + 1 ghost ghost caches
(one more ghost cache simulation is required for the current
cache configuration). Each of these caches is of size R- M, and,
on average, only an R fraction of the requests are handled in
the simulation. This implies that the overhead in the sampled

4We note that employing our sampled ghosts requires a slight modification
of Algorithm 2: One needs to also simulate ' using the sampled sub-universe
in order to ensure a sound reset of the ghosts in line 9.
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Table 2: Example of the six ghost caches maintained by FGHC
in a pipeline with three blocks. Each ghost cache differs from
the main cache by reducing one block by one quantum and
increasing another block by one quantum.

Cache name: H Block O | Block 1 | Block 2
Main Cache 0 0 0
Ghost cache 1 +1 -1 0
Ghost cache 2 -1 +1 0
Ghost cache 3 +1 0 -1
Ghost cache 4 -1 0 +1
Ghost cache 5 0 +1 -1
Ghost cache 6 0 -1 +1

pipeline is no more than an

m(m—1)

fraction of the overhead required for the full ghost pipeline.

As an illustration, consider a sampling rate of R = % to sim-
ulate a pipeline cache with m = 3 blocks. We need to simulate
a total of m(m — 1) = 6 blocks (as shown in Table 2), resulting
in overall metadata overheads of g, which implies that we
increase our cache’s metadata for ghost entries by 75% for
adaptivity. As calculated above, the operational overhead is
merely 15% of the overhead required for using the full ghost
simulation, and generally, we perform 0.875 additional opera-
tions in computation for metadata updates per request. While
such overheads are not negligible, they remain comparable to
those of similar algorithms such as FOMO [42] (100% ghost
entries), ARC [45] (100% ghost entries) and LIRS [31] (200%
ghost entries). Furthermore, these overheads are significantly
more manageable than those incurred by full simulations,
which require six metadata updates per item (which can be
done in parallel to the actual cache management), and a 600%
ghost entry overhead.

4 Performance Evaluation

This section introduces an empirical study where we evaluate
the performance of our proposed designs on various work-
loads against leading alternatives. In our study we explore
the design choices in our proposed architecture, as well as
provide insight into the real-time adaptivity of our solutions.

The datasets: We use real traces from IBM’s Object-
Storage solution [22] with varying lengths, along with addi-
tional traces from Meta’s KV Storage [59] (those who contain
request timestamps) and Twitter’s memcached [60] which
are available online [29, 46]. Due to space constraints, we
present our evaluation results for a subset of the available
traces, which exemplify workloads with diverse characteris-
tics. The diversity is further exemplified by the fact that the
optimal static RFB configurations across the various traces ex-
hibit distinct allocation of resources to the constituent blocks,

Table 3: Survey of the traces used, including the best static
RFB pipeline configurations (column RFB), the best static RF
pipeline configurations (column RF), and the improvement
of RFB over RF (column Diff). For both RFB and REF, the
optimal configurations are denoted as (x,y,z) and (x,y), re-
spectively, where x quanta are allocated to the recency block,
y to the frequency block, and z (for RFB) to the burstiness
block. The total number of quanta is 16.

[ Trace H Requests [ Cache Size [ RFB [ RF [ Diff ]
IBM10 13,193,532 512 (14,2,0) | (14,2) 0%
IBM12 532,892 1,024 (1,1,14) | (1,15) 19%
1BM24 || 33,370,453 512 (1,14, 1) | (1,15) | 0.8%
IBM29 505,631 512 (16,0,0) | (16,0) 0%

TBM31 || 31,580,010 | 65,536
TBM34 || 19,368,658 16,384
IBM45 || 28,277,611 4,006
MetaZ || 199,999,962 | 8,192
Metad || 199,999,942 | 8,192
Twil || 200,006,207 1,024
Twi3 || 38,080,953 1024 | (0,16,0) | (0.16) | 0%
Twi9 || 200,003,272 | 4,006 | (0,16,0) | (0,16) | 0%
Twi28 || 200,000,000 | 4,096 2.9.5 | 6.1 | 44%
Concat || 85,263,358 512 @, 12,0) | 4,12,0) | 0%

14,00 @14 | 0%
(13,2, D) | (4,2) | 02%
(16,0,0) | (16,0) | 0%
(0,15, ] 0,16) | 1.1%
14D | (1,15 |12%
(©0,15.1) | (0,16) | 02%

as shown in Table 3.

The traces include the issue time for each request, but are
devoid of information regarding the items’ fetch latency. We
thus enrich the traces by associating each request with a la-
tency drawn from real-world distributions reported for AWS
distributed systems [40] and model every read as a full item
retrieval. We note that [40] reports a range of latency pro-
files. We simulate a representative deployment configuration
of three sites: Oregon, Ohio, and Ireland, where measured
latencies from these sites to Victoria, Canada have ranges
100—-140ms, 315-365ms, and 650-700ms, respectively. We
assume items are distributed uniformly at random across sites.
For cache misses, the latency is drawn from a normal distri-
bution calibrated such that 90% of the samples fall within
the specified ranges, following the methodology of [40]. The
results appear in Table 4.

We note that similar distributions were reported in addi-
tional work (e.g., [26]).

Determining the Cache Size: For each trace, we target
evaluating its performance using a cache size that avoids get-
ting trivial results for the trace. First, the cache size should
not be too large to avoid the case in which most items can
fit within the cache. Second, the cache size should not be too
small, so most requests will not be considered misses or de-
layed hits. In order to find a sizing that attains these two goals,
we conducted experiments testing the performance of LRU*
against various cache sizes (powers of 2) and picked the size
corresponding to the Pareto front that minimizes the distance
to the origin, thus balancing these above requirements.

Concrete Pipeline Policies We make use of our pipeline
cache architecture and define a new policy called the Recency-
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Table 4: Comparison of policy performance (ARL, in %) relative to the best static RFB pipeline across various traces (lower is
better). The average performance of each policy over all native traces is shown in blue, and our proposed policies are shown in
green, whereas the performance for the concatenation of traces (described in Section 4.2) is marked with yellow. For completeness,
we also report LBU in isolation, although it is not intended as a standalone policy outside our pipeline. Best-performing policies

(within one point of the optimum) are marked in gray. Policies are ordered by average performance, from worst to best.

Policy IBM10 | IBM12 | IBM24 | IBM29 | IBM31 | IBM34 | IBM45 | Meta2 | Metad | Twil Twi3 Twi9 | Twi28 Average = STD | concat
GDW [38] 6.1% | 71.0% | 51.3% | 6.4% | 19.7% | 148.3% | 84.5% | 126.8% | 130.7% | 501.0% | 126.0% | 225.6% | 110.4% || 123.7% =+ 129.6% | 37.3%
LAC [58] 45.2% | 138.0% | 39.9% | 33.8% | 47.2% | 185.3% | 143.9% | 96.7% | 102.5% | 163.2% | 167.3% | 120.4% | 97.1% || 106.2% + 52.4% | 36.5%
LRU* [47] 02% | 76.5% | 49.5% | 0.0% | 60.6% | 1.0% | 0.0% | 57.3% | 58.5% [318.9% | 28.8% | 97.5% | 26.1% 59.6% + 84.3% | 32.0%
LBU 44.0% | 24.0% | 382% | 32.5% | 41.7% | 65.6% | 133.3% | 36.6% | 33.4% | 19.2% | 17.6% | 18.6% | 22.7% 40.6% + 30.9% | 32.7%
LFU* [47] 41.5% | 771% | 31% | 33.0% | 21.3% | 115.0% | 134.9% | 11% | 3.0% | 02% | 0.0% | 0.0% 9.3% 33.8% +46.4% | 8.0%
LHD [8] 1.3% | 78.8% | 352% | 9.5% | 33.8% | -3.1% | 0.7% | 42.9% | 44.2% |101.3% | 17.7% | 23.1% | 28.6% 31.9% + 30.6% | 20.8%
ACA TLFU [47] || 37.8% | 55.7% | 12% | 29.0% | 43% |108.4% | 1263% | 02% | 2.8% | 0.7% | -01% | -01% | 11.4% 29.0% £43.1% | 5.9%
ARC [45] 03% | 254% | 42.6% | 0.1% | 44.0% |-147% | 0.0% | 41.4% | 43.6% | 100.4% | 10.5% | 18.1% | 14.8% 25.1% £29.9% | 26.8%
FRD [49] 22.0% | 31.8% | 21.1% | 18.7% | 15.6% | -8.1% | 34.6% | 39.3% | 41.1% | 55.7% | 9.5% | 18.8% | 13.8% 24.1% £ 163% | 16.2%
SIEVE [64] 21.1% | 25.1% 8.6% |-11.2% | 13.2% | 43.0% | 54.0% 5.0% 6.9% 473% | 30.7% | 32.8% | 20.1% 22.8% + 18.7% 7.1%
HLA [11] 18.8% | 50.7% | 25.9% | 10.6% | 39.1% | 21.8% | 31.1% | 4.2% 6.0% | 20.0% | 10.3% | 9.3% 3.9% 19.3% + 143% | 18.6%
S3Fifo [62] 162% | 22.7% | 13.4% | -12.0% | 43% | 16.7% | 33.4% | 30.6% | 25.7% | 27.6% | 4.3% 8.8% | 11.6% 15.6% £ 12.6% | 9.6%
LRB [54] 04% | 481% | -79% | 0.1% | 252% | 10.5% | 0.0% | 26.9% | 352% | 153% | 3.2% 7.8% | 25.3% 14.6% +16.5% | 4.8%
RF | 01% | 353% | -05% | 01% | 127% | 1.9% | 0.0% | 202% | 168% | 1.9% | 0.7% 1.1% 6.2% 7.4% +£109% | -4.0%
RFB 1/4 01% | 168% | -1.7% | 0.1% | 11.7% | 3.4% | 01% | 24.2% | 15.0% | 3.8% 1.1% 1.8% | -0.5% 5.8% + 8.3% -4.6%
RFB | 0.0% | 11.7% | -2.6% | 0.1% | 27.1% | 2.0% | 01% | 16.0% | 3.3% 3.7% 1.3% 1.0% | -0.8% 4.8% + 8.5% -5.5%

Frequency-Burstiness pipeline (RFB pipeline), which consists
of a pipeline with three blocks: the first is LRU*, the second
is LFU*, and the third is our new LBU policy (presented in
Section 2.3). For each trace, we consider both the (best) static
RFB pipeline (which is obtained by a grid search over all
possible configurations, and can only be known in hindsight),
as well as our adaptive pipeline (as presented in Section 3.1).
For the latter, we consider both the full-ghost, as well as sam-
pled ghosts, implementations. We refer to RFBg as the RFB
pipeline with a sampling rate of R. E.g., RFB; is the adaptive
pipeline which uses full ghost caches (i.e., with a sampling
rate of 1), whereas RFB; /4 is the adaptive pipeline with sam-
pled ghosts, where items are sampled with probability %. In
our evaluations, we also consider a simpler pipeline that does
not have an LBU block, denoted by RF; (in the full ghost
implementation). In all evaluations of pipeline policies, the
cache resources are initially divided equally across the blocks.

4.1 Competitive Evaluation

Table 4 summarizes our results, comparing the performance of
our proposed solutions (namely, pipeline policies) with state-
of-the-art alternative solutions. A positive number indicates
an increase in latency, while a negative number indicates
that the algorithm achieves a lower latency than the baseline.
The table specifies the size of the cache used for each trace
according to the guidelines specified earlier in this section.
Table 3 shows that different traces are best handled by
distinct configurations, with LBU providing clear benefits in
some cases (e.g., IBM12, Twi28, and minor improvements
in Twil, Meta2, Meta4, IBM34, and IBM24). More impor-
tantly, in many traces the incorporation of LBU in only part
of the pipeline yields better results, as reflected in the average
performance of RFB compared to RF; in Table 4.

The table further shows the performance of the state-of-
the-art policies and the individual components of the RFB
Pipeline, which, on average, perform at least 10% worse
than the baseline policy and exhibit a larger standard devia-
tion than our proposed adaptive solution. Indeed, for some
traces, some state-of-the-art policies outperform the baseline
(i.e., Adaptive CA-WTinyLFU [21], ARC [45], SIEVE [64],
S3FIFO [62]). However, none of these state-of-the-art policies
fares consistently well across all traces.

When considering the performance of our proposed adap-
tive pipeline policies, they all outperform the state-of-the-art
policies. In particular, our full ghost RFB pipeline policy per-
forms within 4.8% of the baseline on average, with a small
standard deviation. This amounts to almost 10% performance
improvement when compared with state-of-the-art policies.

Our results further unveil some of the reasons for the
improvement in performance; First, we note that our RF;
pipeline policy may seem similar to the architecture underly-
ing the Adaptive-CA-WTinyLFU policy. A significant differ-
ence between these policies is the new hill climber algorithm
employed in our pipeline architecture. We note that, on aver-
age, RF; exhibits an improvement of almost 25% when com-
pared with Adaptive-CA-WTinyLFU, which can be mostly
attributed to our novel hill-climbing approach.

Second, we note that, on average, our sampled ghost pol-
icy RFBy /4 achieves nearly the same performance as the full
ghost hill-climbing pipeline (within 1 percentage point) and
delivers on average a 9% improvement over the next-best
state-of-the-art algorithm. This highlights that most benefits
of our approach can be attained while keeping the computa-
tional and memory overheads at bay, representing an overall
significant improvement over state-of-the-art algorithms.
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Figure 3: Analysis of adaptation over the concatenated traces
IBM24, IBM10, IBM12x10, IBM24. The concatenation
points are marked by the vertical lines in the plots.

4.2 Adaptive RFB-Pipeline: Under the Hood

We next evaluate the adaptivity of our hill climber for the RFB
pipeline under shifting workloads. To this end, we construct a
synthetic trace by concatenating IBM24, IBM10, and IBM12
(repeated 10 times), followed by a final IBM24. Keys are re-
placed between repetitions to prevent the cache from reusing
prior state, ensuring that it must adapt at each transition. The
cache size is fixed at 512, which is optimal for IBM10 and
IBM24, and half the optimal size for IBM12.

Based on the best static RFB configurations in Table 4,
the expected behavior is clear: IBM24 favors LFU*, IBM10
favors LRU*, and IBM12, characterized by bursty access pat-
terns, allocates most resources to LBU with smaller shares to
LRU* and LFU*.

We recall that our adaptive architecture seeks to identify
resource reallocation opportunities and respond to workload
dynamics. Figure 3 shows the behavior of the RFB pipeline
on the concatenated trace, highlighting the reallocation of
resources across blocks (Figure 3a) and the average request
latency in each segment (Figure 3b).

Thanks to its adaptive nature, our approach responds to
changes in real time and avoids many of the misses that occur
under static misconfigurations. On the concatenated trace,
our method outperforms the best static pipeline by 4-5.5
percentage points and achieves up to a 10% improvement
over the closest competitor, LRB. These results show that our
approach can effectively learn the workload on the fly and
quickly adapt, yielding consistent performance gains. This
is evident in the rapid resource reallocations at the start of
IBM10 and again when IBM12 begins. We also note that the
similar dynamics observed in both runs of IBM24 indicate
that RFB’s performance and behavior are largely independent
of the initial allocation of resources.

The adaptability also explains why our algorithm outper-

forms the best static configuration for traces IBM24 and
Twi28 (Table 4), by dynamically adjusting quota allocations
as needed.

Lastly, we note that adaptive RFB reallocates resources
in a manner closely matching the best static RFB for each
trace independently, as shown in Table 3. Consistently, the
average request latency follows the same trends observed for
the independent traces in Table 4.

5 Discussion and Future Work

Our work tackles bursty traffic, which undermines the classic
hit-or-miss cache model by introducing delayed hits accesses
that arrive while an item is still being fetched into the cache.
In particular, we design a burstiness-aware policy, LBU, that
targets reducing the tolls incurred by such delayed hits, while
ignoring other biases in the workload.

We further design a generic, and modular, pipeline caching
architecture, which combines modules implementing distinct
policies which target distinct biases. Our approach dynam-
ically allocates space across these modules by periodically
simulating candidate resize operations on the pipeline and
applying the best-performing configuration to subsequent
requests. We are able to maintain metadata and compute over-
heads of performing such simulations at bay by employing
a lightweight sampling technique inspired by MiniSim [56].
Thanks to its adaptability, adaptive RFB can exploit trends
within the trace and surpass the best static RFB configuration
as is evident in IBM24 (Table 4).

Moreover, the results show that RFB’s performance and
behavior are largely independent of the initial resource al-
location: in both segments where trace IBM24 appears, the
observed dynamics are very similar despite significantly dif-
ferent initial allocations.

Our results demonstrate a plug-and-play design philoso-
phy that enables rapid composition and evolution of cache
strategies: to address a new access pattern, one merely adds
a simple policy (akin to LBU) to the pipeline and allows the
adaptive mechanism to self-tune allocations. We believe this
approach will catalyze innovation in adaptive caching across
diverse domains.

Looking ahead, we aim to integrate RFB into existing open-
source projects. RFB already has a strong starting point, as
it is implemented within Caffeine’s simulator. Caffeine [43]
itself is widely adopted and heavily used by the community,
making it an ideal deployment target.

The primary challenge is to develop a Caffeine branch
that replaces its internal caching policy with RFB, and to
evaluate this branch on real-world projects that already rely
on Caffeine, without requiring changes to their application
logic. From a systems perspective, the main technical hurdle
is efficient parallelization, which is not currently addressed in
our simulation-based implementation.

Availability: Our full artifact is available at GitHub [35].
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A LBU Implementation Details

At this section we detail the implementation choices made in
order to generate the results in the paper.

We begin by describing how we evaluate the burstiness
score of an item i, at any time ¢. For any request r = (i,¢)
which is a fetch request (i.e., i ¢ C; UI(F;)), we issue the
fetch request from the data source, and calculate s(i,t). By
definition, this value is available at time ¢ + L;. L.e., as soon
as i is made available in the cache (at time 7 + L;), we set its
burstiness score to be B; = s(i,1).

As discussed in the section 2.2, the burstiness score asso-
ciated with a fetch request might fail to capture the actual
burstiness of the item. In order to address this possible hand-
icap we perform additional evaluations of the burstiness as

long as i € C; UI(F,;) as follows: Forevery k=1,2,... we con-
sider the first request for item i, r = (i,#’), arriving after time
fir(i) + k- L, for some constant £. We recall that f;:(i) is the
(latest) fetch time of i prior to time ¢'. For each such request
r=(i,t'), if s(i,") > B;, we update the burstiness score of i
to be B; = s(i,#"). We note that this value is available only at
time ¢’ + L;. Figure 4 illustrates the division of the time frame
to calculate the burst score. It follows that for every item i,
there is a constant number (i.e., £) of outstanding accumulated
request latency values being computed, corresponding to a
sliding window of length L;. This makes sure that the memory
and computational overheads of estimating [3; are kept at bay.
We note that the value of ¢ is a parameter governing the trade-
off between how often we attempt to improve our evaluation
of B;, and how much memory is required to calculate such
an improved evaluation. In particular, as ¢ increases, we test
to see if B; can be better evaluated against the accumulated
request latency of more requests.

To ensure that LBU does not retain items with high bursti-
ness scores indefinitely, we introduce a decay mechanism for
the P; values. For every item i whose burstiness score 3; has
not been updated in the past A - L; time, we set its new value to
Bi(1— o), where o € (0, 1) is a decay parameter. This mech-
anism guarantees that items that were highly bursty in the
distant past do not indefinitely gain priority over items that
exhibited more recent bursty behavior, even if they were less
bursty overall.

We now finalize our description of the proposed LBU pol-
icy by providing additional implementation details. Whenever
a new item is offered for admittance into the LBU cache, and
the cache is full, LBU seeks to evict the item i with the lowest
current burstiness score [3;. That is, if the newly offered item
itself has a burstiness score lower than the minimum [3; among
all items currently stored in the cache, then LBU rejects the
new item and the cache is unchanged.

We begin by targeting an implementation where no aging
is performed on the burstiness scores of items in the LBU.
The state of the LBU cache may change in reaction to two
types of events: When an arriving request corresponds to
an item that is currently in the LBU, and when an item is
admitted to the LBU and some other item is evicted. Since no
aging is performed, then a simple priority queue implemented
as a binary Min-Heap would result in a time complexity of
O(log M) for each of the above events.

Regardless of the underlying cost model, cache policies
are often presented as monolithic designs. As a result, even a
policy intended for delayed hits must incorporate recency and
frequency heuristics that were originally studied under the
simpler hit-ratio model. Attempting to handle all aspects in a
single design leads to complex algorithms that are difficult to
develop, deploy, and maintain.

We propose a different path: a pipeline architecture com-
posed of simple, narrowly focused cache policies. Each policy
addresses one aspect of access behavior, and the pipeline dy-
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Figure 4: To calculate the burst scores when an item is already
in the cache, we divide the time frame into L;/¢ windows
(in this illustration, ¢ = 4) and select the first query in each
window as a virtual fetch request. These virtual fetch requests
are then used to compute the burst value within a L; time
frame. Upon receiving a new query, we update at most ¢
accumulators by computing the time difference between the
current query and each of these virtual fetch requests.

namically adjusts their relative sizes during execution to im-
prove performance. To demonstrate the approach, we formed
a state-of-the-art policy by designing the simple LBU pol-
icy to handle just bursts, and combining it with two existing
policies for the well known recency and freugnecy heuristics.
Thus, we made a state-of-the-art policy by adding the logic to
handle bursts, and we did not have to create a new monolith.

In our implementation we make use of a lazy-updates
heuristic which reduces the running time for handling re-
quests in the LBU cache; We rebuild the heap every &- M
requests (for some constant §). This yields an amortized com-
plexity of O(1/8) per request. Whenever a request for an item
in the LBU arrives, we update its burstiness score accordingly,
and perform a single transition of the item down the heap
if valid. Our goal is to keep the heap ordered as possible,
while not performing costly O(log M) operations as possible.
Performing this single step takes O(1) operations, and allows
propagating less desirable items up the heap, so after a while
these may be considered as the victims of the policy.

Furthermore, whenever an item is offered for admittance to
the LBU, we only compare it against the item residing in the
root of the heap, which encompasses an O(1) toll in terms of
complexity. Only in case that an actual eviction is performed
(i.e., the item offered for admittance has a higher burstiness
score than the item at the root), do we actually evict the item
at the root, and push the newly admitted item down the heap,
at a cost of O(logM) in terms of complexity. This heuristic
results in an overall amortized complexity of O(1+1/3) per
request, plus an O(logM) toll for every actual eviction. It
should be noted that this lazy approach might fail to evict the
item with the minimum burstiness score (since the item at
the root of the heap might not be the item with the minimum
burstiness score at the time of eviction). The possible “non-
minimality” of the item at the root of the heap increases as
we move further away from the most recent rebuilding of
the heap (or the most recent eviction), however, since we do
partially perform the necessary update in the heap, the items
residing near the root of the tree are less desirable then other
items that moved down the heap.

In addition to the heap management, aging is applied to
each item in the LBU cache when the heap is rebuilt (once
every &- M requests). Therefore, thanks to the definition of the
burstiness score, between heap rebuilds, the values of items in
the cache may only increase, thus, an item’s score may only
grow, thus pushing it further from the root of the heap, and
making it a less likely candidate for eviction.
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B Artifact Appendix

Abstract

The artifact contains the scripts and utilities used to conduct
the experiments described in section 4, and serves as an ex-
tendable foundation for future experimentation. The codebase
is documented in detail within the README.md file in [35].

Scope

The artifact is intended to provide a straightforward means of
reproducing the paper’s main results within a fully configured
execution environment, while granting complete access to
the underlying code to facilitate extension of the proposed
methods. Concretely, it contains the code that generated the
raw data used to produce Table 4 and the figures presented in
section 4.2. The artifact does not, however, include the traces
on which the experiments depend; these must be obtained
from their respective sources, as described in the artifact’s
README.

Contents

The artifact consists of the following modules: (i) mechanisms
for trace processing, (ii) a fork of the Caffeine’s simulator in
which the pipeline policy has been implemented, alongside the
majority of the contending algorithms, (iii) a script running
the experiments performed in this paper, (iv) a script that
creates the graphs of section 4.2, (v) the LHD simulator, and
(vi) LRB simulator. Components (i)-(iv), which are based on
the latest OS and Python versions, were packed into a single
container, whereas components (v) and (vi), which require a
legacy environment, were packed into a separate container.

The code and configuration files provided in this artifact
serve as a reference for further experimentation, including ex-
ploration of varying settings. We also provide the Dockerfiles
within the artifact to allow creating the container images from
scratch.

Hosting

The artifact is publicly available on GitHub [35], with the con-
tainer images hosted on Docker Hub. The required traces
can be retrieved from their original sources: the SNIA
IOTTA Repository [55] for the IBM and Twitter traces, and
GitHub [6] for the Meta traces.
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