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Abstract—Designing caching algorithms to minimize aggregate
latency is a long-standing challenge in memory-intensive and
latency-sensitive computer systems. This challenge is further
exacerbated by a recently discovered phenomenon, known as
delayed hits, which renders traditional optimal algorithms unable
to guarantee minimal latency. To bridge this gap, this paper
pioneers a comprehensive algorithmic analysis for hierarchical
caching with delayed hits. First, we analytically establish a
competitiveness lower bound for any online caching algorithm.
Second, we introduce a novel online algorithm that synthesizes
two key technical innovations: an enhanced marking policy that
executes separate marking processes for different cache layers,
and a heuristic ranking function that leverages historical request
patterns to prioritize items based on their estimated aggregate
latency per cache miss. Finally, we theoretically prove that the
proposed algorithm can asymptotically match the lower bound
under some mild conditions. Extensive experiments validate its
effectiveness and superiority over state-of-the-art solutions.

I. INTRODUCTION

Caching is a key optimization technique widely employed in
memory-intensive and latency-sensitive computer systems to
accelerate data retrieval [1]. Traditional caching architectures
typically adopt a single-layer design, where a single cache sits
between a backing store and client requests [2]. In contrast,
modern systems increasingly employ hierarchical caching ar-
chitectures [3], [4], where multiple cache layers are tailored to
different storage capacities and access latencies, thereby better
accommodating heterogeneous access patterns and stringent
latency requirements in today’s workloads. Such hierarchical
architectures are now commonplace, for instance:
• Mobile edge caching (MEC) systems deploy caches across

multiple layers from the cloud to edge servers, caching more
frequently requested content at layers closer to end users and
hence reducing overall data retrieval latency [5], [6].

• Edge-based content delivery networks (CDN) organize ori-
gin, core, and edge caches into a hierarchy to accommodate
diverse caching requirements, thereby enabling low-latency
content delivery at scale [7], [8].
A fundamental problem arising in these hierarchical caching

systems is the design and analysis of online caching policies
to minimize aggregate latency. In its generic form, a backing
store holds the complete set of distinct data items, fronted by
two cache layers: a core cache with larger capacity and non-
negligible access latency, and an edge cache with much smaller
capacity and zero access latency [7], [8]. For each request
arriving at the edge cache, there are traditionally two possible
outcomes: a low-latency cache hit or a higher-latency cache
miss. The goal is to design an online caching algorithm that

minimizes the cumulative latency incurred over all incoming
requests, which is equivalent to maximizing hit rate, a long-
standing challenge in the literature [9]–[13].

Recently, a new possible outcome for requests known as
delayed hits [1] has been discovered to significantly affect
caching performance, rendering the problem even more non-
trivial. Specifically, delayed hits occur at the edge cache when
multiple requests for the same item queue up before the
item is retrieved from the core cache or the backing store.
Under delayed hits, the traditional caching objective of max-
imizing hit rate no longer aligns with latency minimization,
potentially rendering conventional optimal caching algorithms
suboptimal [1], [14]–[16]. We therefore argue that delayed
hits reveal a significant gap in the current understanding
and practice of caching, underscoring the urgent need for in-
depth theoretical and algorithmic investigations to address the
associated challenges.

Despite the profound impact of delayed hits on caching,
research on this phenomenon remains limited [1], [14]–[19],
and hardly any work considers hierarchical caches. In this pa-
per, we pioneer a generic algorithmic analysis for hierarchical
caching with delayed hits, making three main contributions:
• We establish a lower bound of Ω( (K1+K2)Z

2

Z+K2W
) on the

competitive ratio of any deterministic online caching algorithm
for hierarchical caching with delayed hits, where K1 and
K2 are the storage capacities of the edge and core caches,
respectively, and W and Z are the latencies of retrieving an
item from the core cache and the backing store, respectively.
• Motivated by the construction of this bound, we develop a

novel online caching algorithm, termed Dual Marking (DM),
which augments the classical marking policy with heuristic
predictions. Specifically, DM incorporates two key techniques:
(i) a dual marking policy that executes two separate marking
processes, one for the edge cache and the other for the core
cache; and (ii) a heuristic ranking function that leverages
historical request patterns to prioritize items based on their
estimated aggregate latency per cache miss.
• We theoretically prove that DM achieves a competitive

ratio of O(max{K1Z,
Z2

W }), and show that it asymptotically
matches the lower bound derived under some mild condi-
tions. An experimental evaluation on three real-world datasets
demonstrates that DM outperforms state-of-the-art solutions
by at least 15% on average in terms of aggregate latency.

We believe that our insights make an important step towards
a deeper theoretical understanding of delayed hits so as to
guide the design of practical caching policies with perfor-



mance guarantees.

II. PRELIMINARIES
A. System Model

As illustrated in Fig. 1, we consider a generic hierarchical
caching system consisting of a backing store, a core cache Cc,
and an edge cache Ce. The core cache acts as an intermediary
between the backing store and the edge cache. The backing
store holds a set D = {dj}Nj=1 of N distinct data items,
each normalized to unit size. The cache capacities of Ce and
Cc are K1 and K2, respectively, with K2 ≫ K1 > 0 and
N ≫ K1 + K2. Without loss of generality, we assume that
the system operates in discrete time steps. For the edge cache
Ce, retrieving an item from the core cache Cc incurs a latency
of W time steps, while fetching it from the backing store
through Cc requires Z time steps. Hence, it takes Z − W
time steps for the core cache Cc to retrieve an item from the
backing store. In practice, since the backing store is typically
deployed far from both caches, it follows that Z ≫ W > 0.
Due to computational jobs at the edge or service demands from
nearby users, requests to access data items from the edge cache
Ce arise over time, with each request targeting a specific item
in the set D. At any time step t, the contents of the edge cache
Ce are currently Ce(t− 1), while those of the core cache Cc

are Cc(t − 1). Ce receives a request r(t) ≜ dj seeking to
access a data item dj ∈ D.
1) Cache hit. If dj ∈ Ce(t−1), the edge cache Ce undergoes

a cache hit with latency 0.
2) Cache miss. If dj /∈ Ce(t−1) and the service for the most

recent miss for dj has completed, Ce experiences a cache
miss, classified into two cases:
• W -miss. If dj ∈ Cc(t − 1), Ce serves r(t) by fetching
dj from the core cache Cc in W time steps, incurring
a W -miss with latency W . This circumvents the higher
latency of accessing the backing store.

• Z-miss. If dj /∈ Cc(t− 1), Ce must retrieve dj from the
backing store through the core cache Cc, resulting in a
Z-miss with latency Z.

3) Delayed hit. If dj /∈ Ce(t − 1), and the most recent miss
for dj occurred some X time steps ago and is still being
processed at time step t, Ce encounters a delayed hit, and
there are two cases:
• W -delayed hit. If the most recent miss for dj was a W -

miss, dj will arrive at Ce in W − X time steps. Thus,
r(t) incurs a W -delayed hit with latency W −X .

• Z-delayed hit. Analogously, if the most recent miss for
dj was a Z-miss, r(t) incurs a Z-delayed hit with latency
Z −X .

At any time step t, once a fetched item dj arrives at the edge
cache Ce, it is used to serve all pending requests for that item,
including both cache misses and delayed hits. Subsequently, a
caching algorithm must determine whether to cache dj .
1) If the decision is to cache dj , there are two cases:

• If dj is retrieved from Cc, the algorithm must decide
which item (e.g., dv) to evict from Ce, i.e., setting
Cc(t)← Cc(t−1) and Ce(t)← Ce(t−1)∪{dj}\{dv}.
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 Fig. 1: Hierarchical caching framework under delayed hits.

• If dj is fetched from the backing store through Cc, then
dj first arrives at Cc at time step t−W and subsequently
arrives at Ce at time step t. Just before dj arrives at Cc,
the contents of Cc are Cc(t −W − 1). The algorithm
may accommodate it in the following ways:
– Caching it only in Ce by evicting an item dv from

Ce, i.e., setting Cc(t − W ) ← Cc(t − W − 1) and
Ce(t)← Ce(t− 1) ∪ {dj} \ {dv};

– Caching it only in Cc by evicting an item da from Cc,
i.e., setting Cc(t−W )← Cc(t−W −1)∪{dj}\{da}
and Ce(t)← Ce(t− 1);

– Caching it in both Ce and Cc by evicting an item dv
from Ce and an item da from Cc, i.e., setting Cc(t−
W ) ← Cc(t −W − 1) ∪ {dj} \ {da} and Ce(t) ←
Ce(t− 1) ∪ {dj} \ {dv}.

2) Alternatively, if the decision is not to cache dj , both Cc and
Ce remain unchanged, i.e., setting Cc(t −W ) ← Cc(t −
W−1) and Ce(t)← Ce(t−1). This means that our system
setting enables bypassing, a feature commonly found in
classical caching models [14].

Fig. 1 illustrates an example of our system model. A request
sequence accesses data items from the edge cache Ce, where
r(1) ≜ d3, r(2) ≜ d1, r(3) ≜ d1, r(4) ≜ d5, and r(5) ≜ d5.
At time step 1, item d3 resides in Ce, so request r(1) ≜ d3
has a cache hit with latency 0. At time step 2, item d1 is not
stored in Ce, but it is stored in the core cache Cc. Hence, Ce

fetches d1 from Cc, and request r(2) ≜ d1 incurs a W -miss
with latency W . As d1 will arrive at Ce at time step 2 +W ,
the subsequent request r(3) ≜ d1 results in a W -delayed hit
with latency W − (3− 2) = W − 1. Upon the arrival of d1, a
caching algorithm may choose to store it by evicting an item
from Ce. At time step 4, as neither Cc nor Ce has cached d5,
Ce must fetch it from the backing store through Cc, which
will arrive at time step 4+Z. Hence, request r(4) ≜ d5 has a
Z-miss with latency Z, and the following request r(5) ≜ d5
incurs a Z-delayed hit with latency Z−(5−4) = Z−1. Upon
the arrival of d5, if the algorithm decides to cache it, it must
determine where to store d5 (in Cc, Ce, or both) and which
item in the corresponding cache to evict.

B. Problem Formulation

To formulate our problem, we begin with two definitions.

Definition 1 (Request sequence). A request sequence σ is a
finite sequence σ ≜ [r(t)]Tt=1 over T time steps. If r(t) ≜ dj ,
item dj is requested at time step t. If r(t) ≜ ∅, no item is



requested (i.e., no request arises) at time step t. For simplicity,
we refer to r(t) ≜ ∅ as an empty request.

Definition 2 (Eviction policy). An eviction policy E is a finite
sequence E ≜ [ee(t), ec(t)]

T
t=1 over T time steps, where ee(t)

and ec(t) denote the sets of items evicted from Ce and Cc at
time step t, respectively. If ee(t) ≜ ∅, no item is evicted from
Ce at time step t. Similarly, if ec(t) ≜ ∅, no item is evicted
from Cc at time step t.

Problem 1 (Hierarchical caching under delayed hits). Given
a request sequence σ ≜ [r(t)]Tt=1, we seek to develop an
online caching algorithm A that outputs an eviction policy
E ≜ [ee(t), ec(t)]

T
t=1 to minimize the cumulative latency of

serving all requests in σ.

C. Competitive Ratio

The competitive ratio is known as a pivotal metric for quan-
tifying the performance of an online algorithm. For any request
sequence σ, we define OPT(σ) as the cumulative latency
incurred by the optimal offline algorithm, and define A(σ)
as that incurred by an online algorithm A. The competitive
ratio of A is defined as an asymptotic upper bound on the
worst-case ratio between A(σ) and OPT(σ).

Definition 3 (Competitive ratio). The competitive ratio of an
online caching algorithm A, denoted as CR(A), satisfies

CR(A) ≥ A(σ)
OPT(σ)

for every request sequence σ.

III. LOWER BOUND ON COMPETITIVE RATIO

We establish in Theorem 1 a lower bound on the competitive
ratio of any deterministic online caching algorithm.

Theorem 1. The competitive ratio of any deterministic online
caching algorithm is Ω

(
(K1+K2)Z

2

Z+K2W

)
.

Remark. The established lower bound converges to
Ω ((K1 +K2)Z) as W approaches 0. This observation is
consistent with the results derived for the single-cache (single-
layer) model under delayed hits [14]. Our result generalizes
the previous bound to the hierarchical setting.

We prove Theorem 1 by constructing an adversarial request
sequence σ that minimizes the aggregate latency incurred
by the optimal offline algorithm OPT while maximizing the
aggregate latency incurred by any online algorithm A. We
begin by examining the structure of σ:
• OPT: If K1+K2+1 distinct items are requested in σ, then
OPT, having full knowledge of σ, can choose to optimize
latency by storing the K1 +K2 most frequently requested
items in the core cache Cc and the edge cache Ce.

• A: To maximize the cumulative latency incurred by algo-
rithm A, σ should ensure that A experiences a cache miss
for every request. Once a miss occurs for a data item,
σ continues to request that item successively until it is
eventually stored in Ce or Cc.
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Fig. 2: A request sequence σ constructed in our proof.

With these observations, we define two categories of requests:
• Pure request. A pure request for a data item dj is a

sequence of requests in the form of (∅Z , dj1, ∅Z), where
the notation dq represents that data item d is requested q
time steps in a row. Intuitively, if a pure request results in
a W -miss, the latency accrued is W ; if it incurs a Z-miss,
the latency accrued is Z.

• Bursty request. A bursty request for an item dj is in the
form of (∅Z , dj1, ∅W−1, dj

Z−W , ∅Z). If a bursty request
incurs a W -miss, the latency accrued is W . Alternatively, if
it results in a Z-miss, the latency accrued is Z+(Z−W )+

(Z−W−1)+· · ·+1 = Z+ (Z−W )(Z−W+1)
2 , corresponding

to one Z-miss followed by (W − 1) successive empty
requests and (Z −W ) consecutive Z-delayed hits.

Let tP = 2Z + 1 and tB = 3Z denote the lengths of a
pure request and a bursty request, respectively. Given any
deterministic online caching algorithm A, we construct an
adversarial request sequence σ utilizing these two categories
of requests through a marking process. This process maintains
a set M of marked data items. Initially, M ≜ ∅. Whenever a
data item is requested in a bursty request, it is added to M.
The process terminates when |M| reaches K1 +K2 − 1.

Sequence construction. Without loss of generality, assume
that both the core cache Cc and the edge cache Ce are initially
full and store disjoint contents. We start σ with a pure request
for a data item df that is not stored in the initial caches of
Cc and Ce, i.e., df /∈ Cc(0) ∪ Ce(0). At time step tP + 1,
we append another pure request for a different item ds that is
also absent from the initial caches of Cc and Ce, i.e., ds /∈
Cc(0)∪Ce(0). Since the total cache capacity of Cc and Ce is
K1+K2, while |Cc(0)∪Ce(0)∪{df , ds}| = K1+K2+2, there
are always at least two data items in the set Cc(0) ∪Ce(0) ∪
{df , ds} that are not stored in the caches of Cc and Ce by
algorithm A. Subsequently, we append a bursty request for
an item in Cc(0) ∪ Ce(0) ∪ {df , ds} not stored in the caches
of Cc and Ce at time step 2tP + 1 (i.e., not in Cc(2t

P) ∪
Ce(2t

P)). Afterwards, we append another bursty request for
an item in Cc(0) ∪ Ce(0) ∪ {df , ds} not stored in the caches
of Cc and Ce at time step 2tP + tB +1 (i.e., not in Cc(2t

P +
tB)∪Ce(2t

P + tB)), and so on. This process terminates when
|M| = K1 +K2 − 1. Throughout the process, we guarantee
that a particular item dg in the initial content Ce(0) of Ce

(i.e., dg ∈ Ce(0)) is not requested by any bursty request. This



can be ensured because, at any time step, there are always at
least two data items in the set Cc(0) ∪ Ce(0) ∪ {df , ds} that
are absent from the caches of Cc and Ce. Hence, if dg is not
currently stored in the caches of Cc and Ce, we can always
select a different item outside the caches to construct the next
bursty request. Conversely, if dg remains stored in Ce, it is
naturally excluded from the next bursty request.

Fig. 2(a) presents an example of σ. We start σ with a pure
request for an item d5 that is absent from the initial caches of
Cc and Ce. Upon the pure request for d5, an online caching
algorithm A opts to accommodate d5 into Ce by evicting d7.
We append another pure request for a different item d6 that
is also absent from the initial caches of Cc and Ce. Upon the
pure request for d6, if algorithm A stores d6 in Ce by evicting
d9, we then append a bursty request for d9, which is added to
M. If, in response to the bursty request for d9, algorithm A
accommodates d9 by evicting d5 from Ce, we further append
a bursty request for d5, which is also added to M. Similarly,
upon the bursty request for d5, if algorithm A stores d5 by
evicting d4 from Cc, we append a bursty request for d4, which
is added to M. Upon the bursty request for d4, if algorithm
A accommodates d4 by evicting d3 from Ce, we subsequently
append a bursty request for d3, which is again added to M.
This process continues until |M| = K1 + K2 − 1. Through
this construction, every request in σ results in a Z-miss for
the online algorithm A, while ensuring that one item in the
initial cache of Ce (i.e., item d7 ∈ Ce) is not requested by any
bursty request in σ.

Lower bound analysis. Both algorithms OPT and A start
with identical initial cache contents in the core cache Cc and
the edge cache Ce. We first analyze the cumulative latency
incurred by OPT. Let F be the total number of bursty requests
in σ. As σ terminates when |M| = K1+K2−1, it follows that
F ≥ K1 +K2 − 1. We show that there is a way for OPT to
achieve an aggregate latency of at most 2Z+(F −K1+1)W .
Specifically, since |M| = K1+K2−1, there exist three items
in the set Cc(0) ∪ Ce(0) ∪ {df , ds} that are not requested in
any of the F bursty requests in σ. Recall that dg ∈ Ce (e.g.,
item d7 in Fig. 2) is one such item, and let dx and dy be
the other two. Intuitively, for both OPT and A, each of the
two pure requests incurs a Z-miss, contributing an aggregate
latency of 2Z. With full knowledge of σ, OPT handles the
two pure requests (for items df and ds) as follows:
• If dx and dy correspond to the two pure requests (i.e., dx ≜
df and dy ≜ ds, or dx ≜ ds and dy ≜ df ), OPT simply
bypasses both dx and dy , i.e., not storing them in any cache.

• If both dx and dy reside in the initial caches of Cc and Ce

(i.e., dx, dy ∈ Cc(0) ∪ Ce(0)), implying that items df and
ds are among the K1 +K2 − 1 distinct items requested in
the F bursty requests, OPT accommodates df and ds by
evicting dx and dy .

• If dx corresponds to a pure request, while dy is present in
the initial caches of Cc and Ce, OPT bypasses dx and evicts
dy from the caches of Cc and Ce when serving the other
pure request, and vice versa.

The above strategy ensures that, just before serving the first

bursty request in σ, all K1 +K2 − 1 distinct items requested
by the F bursty requests, along with item dg , are stored in the
caches of Cc and Ce. Since dg resides in Ce, the remaining
K1 − 1 items cached in Ce and the K2 items cached in Cc

are exactly the K1 +K2 − 1 items requested in the F bursty
requests. For the remainder of σ, OPT maintains the cache
contents of Cc unchanged and consistently stores in Ce its
K1 − 1 items requested in the F bursty requests. As a result,
Ce retains a single available slot (currently occupied by item
dg) for temporarily accommodating an item in Cc during its
bursty request and guaranteeing that the latency accrued from
the bursty request is W . Specifically, for each bursty request
targeting an item in Cc, Ce temporarily caches the item in
this slot by evicting the previously cached one. Under this
strategy, each bursty request targeting an item in Cc is handled
by fetching it from Cc, resulting in a W -miss, followed by
(W − 1) successive empty requests and (Z −W ) consecutive
cache hits. On the other hand, each bursty request targeting an
item in Ce is served locally with zero latency. As σ contains
a total of F bursty requests, OPT incurs an aggregate latency
of at most (F −K1+1)W for these requests, with K1− 1 of
them served directly from Ce and the remaining F −K1 + 1
served by accessing Cc. Hence, the aggregate latency incurred
by OPT under σ is at most 2Z + (F −K1 + 1)W .

In contrast, any deterministic online algorithm A will in-
evitably experience a Z-miss for every request in σ, because
each item requested in σ is selected to be an item not stored
in the caches of Cc and Ce at that time. Given that there are a
total of F bursty requests in σ, the cumulative latency incurred
by A is 2Z+F (Z+ (Z−W )(Z−W+1)

2 ). Hence, the competitive
ratio CR(A) of A under σ is at least

CR(A) ≥ A(σ)
OPT(σ)

≥
2Z + F

(
Z + (Z−W )(Z−W+1)

2

)
2Z + (F −K1 + 1)W

= Ω

(
(K1 +K2)(Z −W )2

Z +K2W

)
= Ω

(
(K1 +K2)Z

2

Z +K2W

)
,

where the asymptotic bound holds because: 1) given that Z ≫
W > 0, the ratio is monotonically increasing or decreasing
with F ; 2) at F = K1+K2−1, it is Θ

(
(K1+K2)(Z−W )2

Z+K2W

)
=

Θ
(

(K1+K2)Z
2

Z+K2W

)
; and 3) as F → ∞, it is Θ

(
(Z−W )2

W

)
=

Θ
(

(K1+K2)(Z−W )2

K2W

)
= Θ

(
(K1+K2)Z

2

K2W

)
= Ω

(
(K1+K2)Z

2

Z+K2W

)
,

given that K1 = O(K2). Theorem 1 is established.

IV. ALGORITHM DESIGN: DUAL MARKING

A. Algorithm Overview
The construction of the performance bound derived in

Theorem 1 reveals two key insights in designing an online
caching algorithm to approach or even achieve the bound:
• To cap aggregate latency, the algorithm should prioritize

storing the currently requested data item. If the item is not
cached, an infinite sequence of requests for it will result in
unbounded latency.

• To minimize aggregate latency, the algorithm should strate-
gically prioritize items that potentially incur higher latency.



Motivated by the above design intuitions, our approach to
algorithm design, termed Dual Marking (DM), strengthens the
classical marking policy with heuristic predictions. It features
two key innovative techniques:
• Heuristic ranking function: We leverage historical data

request patterns to design a heuristic ranking function RF(·),
which estimates the average aggregate latency incurred per
miss for a given item, and hence determines the priority of
the item for our objective of minimizing aggregate latency.

• Prediction-based dual marking: We maintain a dual mark-
ing policy consisting of two separate marking processes: one
for the edge cache Ce and the other for the core cache Cc.
The ranking function RF(·) is then incorporated to augment
this policy by guiding data-eviction decisions.

DM is performed in an online manner, i.e., operating based on
the request sequence σ available up to the current time step,
rather than the complete σ over all time steps.

B. Computation of RF(·)

We introduce two ranking functions: one for prioritizing
items available in the backing store, and the other for ranking
items available in the core cache Cc. Algorithm 1 provides a
unified procedure for computing both ranking functions, using
a hyperparameter H to distinguish between them. When H =
W , Algorithm 1 yields the ranking function for items available
in Cc; when H = Z, it computes the ranking function for
items available in the backing store. We first demonstrate the
computation of the ranking function for items available in Cc,
i.e., the case of H = W . To estimate the utility of caching
an item dj in the edge cache Ce, we treat every past request
for dj as either a miss or a delayed hit, and derive its average
aggregate latency per cache miss via RF(dj , t,W ), as given
by Algorithm 1 with H = W . Specifically, let t be the current
time step and tl be the time step of the first request for dj .

1) If tl = NULL (i.e., dj has not been requested before t),
set RF(dj , t,W ) = 0;

2) If tl = t (i.e., the first request for dj occurs at t), set
RF(dj , t,W ) = W ;

3) Otherwise, we treat the first request for dj (i.e., r(tl) ≜ dj)
as a W -miss. All subsequent requests for dj within the next
W time steps are regarded as W -delayed hits. Then, we
identify the next miss by updating tl to the time step of
the first request for dj that occurs more than W time steps
after the previous miss. This procedure repeats iteratively
until tl > t. Finally, RF(dj , t,W ) is set to the aggregate
latency incurred from all such cache misses and delayed
hits for dj , divided by the total number of these misses.

Cases (1), (2), and (3) correspond to lines 3, 6-7, and 8-23
of Algorithm 1, respectively. The computation of the ranking
function for items available in the backing store is analogous
to that for items in available in the core cache Cc. The only
difference is that the length H used for tracking misses is set
to Z instead of W , obtaining RF(dj , t, Z).

Algorithm 1 Compute RF(dj , t,W ) or RF(dj , t, Z)

1: Input: an item dj , the current time step t, and a length
H (H = W or H = Z)

2: Output: RF(dj , t,H)
3: RF(dj , t,H)← 0
4: tl ← min{t′ ≤ t | r(t′) ≜ dj} ▷ The first request for dj
5: if tl ̸= NULL then ▷ Compute RF(dj , t,H)
6: if tl = t then
7: RF(dj , t,H)← H
8: else ▷ tl ̸= t
9: Agg ← 0 ▷ Estimated aggregate latency

10: Fet← 0 ▷ Estimated number of misses
11: repeat
12: if r(tl) ≜ dj then ▷ Misses
13: Agg ← Agg +H, F et← Fet+ 1
14: tend ← min{tl +H, t}
15: for each t′ ∈ [tl + 1, tend] do
16: if r(t′) ≜ dj then ▷ Delayed hits
17: ∆t← t′ − tl
18: Agg ← Agg + (H−∆t)

19: tl ← tend + 1 ▷ Trace the next miss
20: else
21: tl ← tl + 1 ▷ Trace the next miss
22: until tl > t
23: RF(dj , t,H)← Agg/Fet

24: return RF(dj , t,H)

C. Workflow of Algorithm DM

Armed with Algorithm 1, DM augments the classical mark-
ing framework with two pivotal strategies:
• A dual marking process that simultaneously tracks recency

at both the edge cache Ce and the core cache Cc.
• An RF(·)-driven data eviction strategy that prioritizes items

based on estimated average aggregate latency per miss.
Algorithm 2 details the execution pipeline of DM, where lines
8-19 outline the dual marking process and lines 20-36 present
the RF(·)-driven eviction strategy.

1) Dual Marking Process: Algorithm DM maintains two
separate marking sets:Me for the edge cache Ce andMc for
the core cache Cc, both initialized to ∅. Whenever an item is
requested in σ, it is inserted into both Me and Mc.
• If inserting the item intoMe would cause |Me| > K1, then
Me is reset to ∅ before inserting the item, which initiates a
new marking round for Ce.

• Analogously, if inserting the item into Mc would cause
|Mc| > K2, then bothMe andMc are reset to ∅ before the
item is inserted into the two marking sets, which initiates a
new marking round for both Cc and Ce.

At any time step t, if a W -miss occurs for an item, DM fetches
the item from Cc, which would arrive at Ce at time step t+W .
Analogously, upon a Z-miss for an item, the item is retrieved
from the backing store, and it would arrive at Cc at time step
t + Z −W and then Ce at time step t + Z. Let fe

b (t) and
fe
c (t) denote the items arriving at Ce at time step t from the



backing store and from the core cache Cc, respectively. Let
f c
b (t) denote the item arriving at Cc from the backing store at

time step t.
2) RF(·)-Driven Data Eviction: During the dual marking

process, at any time step t, if f c
b (t) ≜ NULL, fe

b (t) ≜ NULL,
and fe

c (t) ≜ NULL all hold, DM leaves the contents of both
Ce and Cc unchanged for the next time step t+1. Otherwise:
• If f c

b (t) ̸= NULL (i.e., an item retrieved from the backing
store arrives at Cc), DM invokes the classical Least Fre-
quently Used (LFU) policy [20] to evict from Cc the item
dv in the set Sc ≜ Cc(t−1)∪{f c

b (t)}\Mc with the lowest
request frequency, where the request frequency of an item
is counted from the beginning of the request sequence σ,
using only the request history observable at Cc, i.e., past
requests that trigger a W -miss or a Z-miss. We adopt LFU
because retaining frequently requested items in Cc increases
the likelihood that Ce fetches from Cc rather than from the
backing store, thereby reducing aggregate latency.

• If fe
b (t) ̸= NULL (i.e., an item retrieved from the backing

store arrives at Ce), DM invokes Algorithm 1 to compute
RF(dj , t, Z) for each item dj in the set Se ≜ Ce(t − 1) ∪
{fe

b (t)}\Me. It then evicts from Ce the item de in Se with
the smallest RF(de, t, Z), i.e., adding de to ee(t).

• Analogously, if fe
c (t) ̸= NULL (i.e., an item retrieved from

Cc arrives at Ce), DM invokes Algorithm 1 to compute
RF(dj , t,W ) for each item dj in the set Se ≜ Ce(t− 1) ∪
{fe

c (t)} \Me, and evicts from Ce the item dg in Se with
the smallest RF(dg, t,W ), i.e., adding dg to ee(t).

Notably, if any two or all three of f c
b (t) ̸= NULL, fe

b (t) ̸=
NULL, and fe

c (t) ̸= NULL occur at time step t, DM applies
the corresponding eviction procedures cumulatively.

V. THEORETICAL PERFORMANCE ANALYSIS

We conduct the competitive analysis for algorithm DM. The
result is given in Theorem 2.

Theorem 2. The competitive ratio of algorithm DM satisfies
CR(DM) = O

(
max

{
K1Z,

Z2

W

})
.

Remark. As shall be shown in the detailed analysis, the ratio
O(K1Z) arises only when the request sequence σ involves less
than 2K1 distinct requested items. Under a mild condition
that there are at least 2K1 distinct items requested, the
competitive ratio is given by CR(DM) = O(Z

2

W ). Note that
the lower bound characterized in Theorem 1 can also be
simplified to Ω( (K1+K2)Z

2

Z+K2W
) = Ω( (K1+K2)Z

2

K2W
) = Ω(Z

2

W ) when
Z = O(K2W ) (which is very likely to hold in practice if K2 is
sizable). Hence, DM asymptotically matches the bound under
the aforementioned practical conditions.

The main challenge in proving Theorem 2 lies in decompos-
ing σ into consecutive subsequences such that each of them
simultaneously upper-bounds the aggregate latency of DM and
lower-bounds that of the optimal offline algorithm OPT. Two
key observations guide our decomposition strategy:
• Under DM, the marking process guarantees that at any time

step, every item in the marking setMe will never be evicted

Algorithm 2 DM algorithm

1: Input: request sequence σ ≜ [r(t)]Tt=1

2: Output: eviction policy E ≜ [ee(t), ec(t)]
T
t=1

3: for each t ∈ [1, T ] do
4: fe

b (t)← NULL, fe
c (t)← NULL, f c

b (t)← NULL ▷
Fetched items

5: ec(t)← ∅, ee(t)← ∅ ▷ Initialize eviction sets
6: Me ← ∅,Mc ← ∅ ▷ Initialize marking sets
7: for each t ∈ [1, T ] do
8: if r(t) ̸= ∅ then ▷ Dual marking process
9: Me ←Me ∪ {r(t)},Mc ←Mc ∪ {r(t)}

10: if |Me| = K1 + 1 then
11: Me ← {r(t)}
12: if |Mc| = K2 + 1 then
13: Me ← {r(t)},Mc ← {r(t)}
14: if r(t) incurs a W -miss then
15: Fetch r(t) from Cc

16: fe
c (t+W )← r(t) ▷ Item retrieved from Cc

17: if r(t) incurs a Z-miss then
18: Fetch r(t) from the backing store
19: f c

b (t+ Z −W )← r(t), fe
b (t+ Z)← r(t) ▷

Item fetched from the backing store
20: if f c

b (t) ̸= NULL then ▷ An item fetched from the
backing store arrives at Cc

21: Sc ← Cc(t− 1) ∪ {f c
b (t)} \Mc

22: for each dj ∈ Sc do ▷ LFU
23: Compute the request frequency F(dj) of dj ,

counted from the start of σ, using only the request history
observable at Cc (i.e., W -misses and Z-misses).

24: ec(t)← ec(t) ∪ {argmindj∈Sc F(dj)}
25: Cc(t)← Cc(t− 1) ∪ {f c

b (t)} \ ec(t)
26: if fe

b (t) ̸= NULL then ▷ An item fetched from the
backing store arrives at Ce

27: Se ← Ce(t− 1) ∪ {fe
b (t)} \Me

28: for each dj ∈ Se do
29: Compute RF(dj , t, Z) based on Algorithm 1
30: ee(t)← ee(t) ∪ {argmindj∈Se RF(dj , t, Z)}
31: if fe

c (t) ̸= NULL then ▷ An item retrieved from Cc

arrives at Ce

32: Se ← Ce(t− 1) ∪ {fe
c (t)} \Me

33: for each dj ∈ Se do
34: Compute RF(dj , t,W ) based on Algorithm 1
35: ee(t)← ee(t) ∪ {argmindj∈Se

RF(dj , t,W )}
36: Ce(t)← Ce(t− 1) ∪ {fe

b (t), f
e
c (t)} \ ee(t)

37: return E ≜ [ee(t), ec(t)]
T
t=1

from the edge cache Ce, and every item in the marking set
Mc will never be evicted from the core cache Cc.

• OPT must incur at least one W -miss or one Z-miss when
serving a request sequence containing K1+1 distinct items.

Building on these insights, our proof is structured as follows.



A. Sequence Decomposition

Given any request sequence σ, we first partition σ into
frames, each defined as a contiguous sequence of time steps.
Each frame starts at a time step when the marking setMc for
the core cache Cc is reset to ∅ and ends just beforeMc is reset
again. That is, ifMc is reset to ∅ at time steps 1, t1, t2, t3, . . .
by algorithm DM in processing σ, the frames are given by time
step ranges [1, t1 − 1], [t1, t2 − 1], [t2, t3 − 1], . . . .

By the definition of algorithm DM, a frame involves at most
K2 distinct requested items. We say that a frame is a complete
frame if it involves exactly K2 distinct requested items. The
following proposition is obvious from the algorithm definition.

Proposition 1. All frames (except the last one) in σ must be
complete, whereas the last frame may be incomplete.

Lemma 1. Algorithm DM guarantees that once an item is
requested in a frame F, it will not be evicted from the core
cache Cc for the remainder of that frame.

Proof. Suppose that an item d is requested for the first time
at time step tr in F. By the design of DM, d is added to
the marking set Mc at tr (lines 9 and 13 in Algorithm 2).
Afterwards, since the core cache Cc always evicts an item
from the set Sc ≜ Cc(t − 1) ∪ fb(t) \ Mc at any time step
t ≥ tr (lines 21-24 in Algorithm 2), d will never be evicted
from Cc in the remainder of F.

B. Frame Segmentation

We further partition each frame into smaller units called
intervals. Each interval starts at a time step when the marking
setMe for the edge cache Ce is reset to ∅ and ends just before
Me is reset again. That is, if a frame F starts from time step ts
andMe is reset to ∅ at time steps ts, t1, t2, t3, . . . by algorithm
DM during F in processing σ, the intervals of F are given by
time step ranges [ts, t1 − 1], [t1, t2 − 1], [t2, t3 − 1], . . . .

By the definition of DM, an interval involves at most K1

distinct requested items. We say that an interval is a complete
interval if it involves exactly K1 distinct requested items. Let
Ig(F) denote the g-th interval of a frame F. An item is called
a fresh item in an interval Ig(F) (g ≥ 2) if it is requested
in Ig(F) but not in the preceding interval Ig−1(F). By these
definitions, we have the following propositions.

Proposition 2. In any frame, all intervals (except the last one)
must be complete, whereas the last interval may be incomplete.

Proposition 3. For g ≥ 2, the first data item requested in the
interval Ig(F) of any frame F is always a fresh item.

Lemma 2. Algorithm DM ensures that once a data item is
requested in an interval Ig(F), it will not be evicted from the
edge cache Ce for the remainder of that interval.

Proof. The proof is similar to Lemma 1. Assume that an item
d is requested for the first time at time step tr in Ig(F). By
the design of DM, d is added to the marking set Me at tr
(lines 9, 11, and 13 in Algorithm 2). Afterwards, since the
edge cache Ce always evicts an item from the set Ce(t− 1)∪

{fc(t), fb(t)} \Me at any time step t ≥ tr (lines 27-30 and
32-35 in Algorithm 2), d will never be evicted from Ce in the
remainder of Ig(F).

C. Latency Upper Bound of DM

We now proceed to derive an upper bound on the aggregate
latency incurred by DM over each frame F in σ.

Consider any interval Ig(F) in a frame F. For any item d
requested in Ig(F), we define tf (d) as the time step when the
first request for d arises in Ig(F), and tre(d) as the time step
when the service of this request is completed. Specifically, if
the first request r(tf (d)) ≜ d for item d in Ig(F) incurs a cache
miss or a delayed hit, we have tre(d) = tf (d)+L[r(tf (d)) ≜
d], where L[r(tf (d)) ≜ d] is the latency of serving the request
r(tf (d)) ≜ d. Otherwise, if r(tf (d)) ≜ d incurs a cache hit,
we have tre(d) = tf (d). Naturally, tre(d) − tf (d) ≤ Z. By
Lemma 2, d must be stored in the edge cache Ce from time
step tre(d) onward in Ig(F).

Lemma 3. For each data item d requested in interval Ig(F),
it holds that r(tf (d)) ≜ d ∈ Ce(t) for all t ∈ Ig(F) such that
t ≥ tre(d).

We first bound the cumulative latency incurred by DM in
serving all requests for any given item over interval Ig(F).

Lemma 4. The cumulative latency incurred by DM in serving
all requests for each item over an interval Ig(F) of frame F
is at most Z(Z+1)

2 .

Proof. Consider any item d requested in interval Ig(F). By
Lemma 3, DM incurs zero latency in serving all requests for
d arising after time step tre(d) in Ig(F), since these requests
are guaranteed to be cache hits. Let tm be the maximal time
step in Ig(F). We consider two cases:

1) tre(d) ≤ tm. We obtain tre(d)− tf (d) ≤ Z ≤ tm− tf (d).
By Lemma 3, the maximum latency incurred by DM in
serving all requests for d over Ig(F) is Z + (Z − 1) +

· · · + 1 = Z(Z+1)
2 , corresponding to one Z-miss followed

by (Z − 1) consecutive Z-delayed hits.
2) tre(d) > tm. We obtain tm− tf (d) < tre(d)− tf (d) ≤ Z.

By Lemma 3, the maximum latency is Z + (Z − 1) +

· · · + (Z − (tm − tf (d))) =
(tm−tf (d)+1)(2Z−tm+tf (d))

2 <
Z(Z+1)

2 , corresponding to one Z-miss followed by (tm −
tf (d)) consecutive Z-delayed hits.

The above arguments lead to Lemma 4.

Let Fb denote the b-th frame of σ. Let hb be the total number
of distinct items requested in Fb, and let qb be the total number
of intervals in Fb. Obviously, 1 ≤ hb ≤ K2 and hb ≤ qbK1.
If Fb is complete, then hb = K2, and otherwise, hb < K2.

Theorem 3. The cumulative latency incurred by DM over
each frame Fb in σ is at most hb

Z(Z+1)
2 +(qbK1−hb)

W (W+1)
2 .

Proof. Let Hb be the set of distinct items requested in Fb,
where |Hb| = hb. For each item d ∈ Hb, let Pd be the total
number of intervals of Fb in which item d is requested. Since



each interval contains at most K1 distinct requested items, we
have

∑
d∈Hb

Pd ≤ qbK1.
Consider any item d ∈ Hb. Let Ig(Fb) be the interval in

which d is requested for the first time in Fb. By Lemma 4,
DM incurs an aggregate latency at most Z(Z+1)

2 when serving
all requests for d over Ig(Fb). After paying this cost, d has
been fetched into the core cache Cc under DM. By Lemma 1,
DM will not evict d from Cc for the remainder of Fb. Hence,
all subsequent requests for d in Fb can be served by accessing
Cc. Moreover, by Lemma 2, once d is requested in an interval
of Fb, DM will not evict d from the edge cache Ce for the
remainder of that interval. Therefore, after d has been fetched
into Cc, DM incurs a cumulative latency at most W + (W +

1) + · · ·+ 1 = W (W+1)
2 when serving all requests for d over

each interval of Fb, corresponding to one W -miss followed
by (W − 1) W -delayed hits. By extending the above analysis
for d to all hb items in Hb, the aggregate latency incurred
by DM in serving all requests for items in Hb over Fb is at
most hb

Z(Z+1)
2 + (

∑
d∈Hb

Pd − hb)
W (W+1)

2 ≤ hb
Z(Z+1)

2 +

(qbK1 − hb)
W (W+1)

2 , where
∑

d∈Hb
Pd ≤ qbK1.

D. Latency Lower Bound of OPT

We bound the cumulative latency of OPT as follows.

Theorem 4. OPT undergoes at least max
{
hb −K1, ⌈ qb−1

2 ⌉
}

cache misses over any frame Fb with qb ≥ 2.

Proof. We distinguish between the following two cases.
1) By Proposition 3, a frame Fb with qb ≥ 2 intervals consists

of at least K1+1 distinct requested items, i.e., hb ≥ K1+1.
Given that the edge cache Ce can store at most K1 items,
OPT must incur at least hb −K1 cache misses over Fb.

2) We group every two consecutive complete intervals in Fb

into a single entity, called a long interval, ensuring that any
two long intervals are non-overlapping. By Propositions 2
and 3, each long interval contains at least K1 + 1 distinct
requested items. Since the edge cache Ce can accommodate
at most K1 items, OPT must incur at least one cache
miss over each long interval. Given that Fb includes qb
intervals, among which only the last one may be incomplete
according to Proposition 2, OPT must experience at least
⌈ qb−1

2 ⌉ cache misses over Fb.
Lemma 4 follows by combining the two bounds above.

E. Competitive Ratio Quantification

Finally, we integrate Theorems 3 and 4 to derive an upper
bound on the competitive ratio CR(DM) of DM. Suppose
both DM and OPT are initialized with identical contents in
the core cache Cc and the edge cache Ce, with the contents of
Cc fully covering those of Ce. Let B denote the total number
of frames in σ. Recall that the b-th frame Fb comprises qb
intervals and involves hb distinct requested items in total.

Case 1: B = 1 and the only frame F1 has less than
2K1 distinct requested items (i.e., h1 < 2K1).1 We further
consider two subcases.

1The coefficient 2 can be replaced by any given constant greater than 1.

• If all the h1 distinct requested items in F1 are present in
the initial contents of the edge cache Ce (which implies
h1 ≤ K1 and there is only one interval in F1), both DM
and OPT incur the same aggregate latency of 0 over σ, and
therefore the competitive ratio CR(DM) = 1.

• If at least one requested item d is absent from the initial
cache of Ce, OPT must incur at least one cache miss over
σ. We then investigate two possibilities:
(A) If all misses incurred by OPT are W -misses, it implies
that all the h1 distinct requested items in F1 are present
in the initial contents of the core cache Cc. Thus, DM
will not incur any Z-miss either. By Lemma 2, once an
item d is requested in an interval of F1, DM will not
evict d from the edge cache Ce for the remainder of
that interval. Therefore, for each requested item d in an
interval of F1, DM incurs a cumulative latency at most
W + (W + 1) + · · · + 1 = W (W+1)

2 when serving all
requests for d over the interval, corresponding to one W -
miss followed by (W − 1) W -delayed hits. Since there
are q1 intervals in F1 and at most K1 distinct requested
items in each interval, the aggregate latency incurred by
DM over F1 is at most q1K1

W (W+1)
2 . On the other hand,

OPT incurs at least one W -miss over F1. Further by
Theorem 4, OPT must experience at least max{1, ⌈ q1−1

2 ⌉}
W -misses over F1, and thus incurs an aggregate latency at
least max{1, ⌈ q1−1

2 ⌉} ·W . It follows that

CR(DM) =
MA(σ)

OPT(σ)
≤

q1K1
W (W+1)

2

max{1, ⌈ q1−1
2 ⌉} ·W

= O (K1W ) .

(B) If at least one miss incurred by OPT is a Z-miss, it
implies that at least one requested items in F1 is absent
from the initial caches of Cc and Ce. By Theorem 3, DM
incurs an aggregate latency at most h1

Z(Z+1)
2 + (q1K1 −

h1)
W (W+1)

2 over F1. On the other hand, OPT incurs at
least one Z-miss over F1. Further by Theorem 4, OPT must
experience at least another max{1, ⌈ q1−1

2 ⌉}−1 misses over
F1. Thus, OPT incurs an aggregate latency at least Z +
(max{1, ⌈ q1−1

2 ⌉} − 1) ·W . Therefore,

CR(DM) =
MA(σ)

OPT(σ)
≤

h1
Z(Z+1)

2 + (q1K1 − h1)
W (W+1)

2

Z +
(
max{1, ⌈ q1−1

2 ⌉} − 1
)
·W

.

To bound the above ratio, we consider the following cases.
– If q1 = 1, then h1 ≤ K1. Since Z ≫W , we have

CR(DM) ≤
K1

Z(Z+1)
2

Z
= O (K1Z) .

– If q1 > 1 and h1 ≤ 2K1, we have

CR(DM) ≤
h1

Z(Z+1)
2

Z
+

(q1K1 − h1)
W (W+1)

2

Z + (⌈ q1−1
2 ⌉ − 1) ·W

≤
h1

Z(Z+1)
2

Z
+

(q1K1 − h1)
W (W+1)

2

⌈ q1−1
2 ⌉ ·W

= O (K1Z) +O(K1W )

= O (K1Z) .



Case 2: B = 1 and the only frame F1 has at least 2K1

distinct requested items (i.e., h1 ≥ 2K1). By Theorem 4,
OPT must experience at least max{h1 −K1, ⌈ q1−1

2 ⌉} cache
misses over F1, and thus incurs an aggregate latency at least
max{h1−K1, ⌈ q1−1

2 ⌉}·W over F1. By Theorem 3, DM incurs
an aggregate latency at most h1

Z(Z+1)
2 +(q1K1−h1)

W (W+1)
2

over F1. We thus obtain

CR(DM) =
MA(σ)

OPT(σ)
≤

h1
Z(Z+1)

2 + (q1K1 − h1)
W (W+1)

2

max{h1 −K1, ⌈ q1−1
2 ⌉} ·W

≤
h1

Z(Z+1)
2

(h1 −K1) ·W
+

(q1K1 − h1)
W (W+1)

2

⌈ q1−1
2 ⌉ ·W

= O
(
Z2

W

)
+O(K1W )

= O
(
max

{
Z2

W
,K1W

})
,

where the second equality holds because h1 ≥ 2K1.
Case 3: B ≥ 2, i.e., σ includes at least two frames. By

Proposition 1, the first B − 1 frames in σ must be complete,
where the last frame FB may be incomplete, i.e., it may
have less than K2 distinct requested items. Let DM(Fb) and
OPT(Fb) denote the aggregate latencies of DM and OPT
over the b-th frame Fb in σ, respectively. We first analyze
the first B − 2 complete frames in σ. A complete frame
has K2 distinct requested items where K2 ≫ K1. Following
the analysis in Case 2, the latency ratio between DM and
OPT over each of the first B − 2 complete frames is at
most O(max{Z

2

W ,K1W}). Hence, the latency ratio over the
first B − 2 complete frames together is also bounded by∑b=B−2

i=1 DM(Fb)∑b=B−2
i=1 OPT(Fb)

= O(max{Z
2

W ,K1W}). We next consider
the last two frames in σ, i.e., FB−1 and FB . Note that
hB−1 = K2 and hB ≤ K2. By Theorems 3 and 4, we have

DM(FB−1) + DM(FB)

OPT(FB−1) + OPT(FB)
≤

(K2 + hB)
Z(Z+1)

2 + (qB−1K1 −K2 + qBK1 − hB)
W (W+1)

2

max{K2 −K1, ⌈ qB−1−1
2 ⌉} ·W +max{hB −K1, ⌈ qB−1

2 ⌉} ·W

≤
2K2

Z(Z+1)
2

(K2 −K1) ·W
+

(qB−1K1 + qBK1)
W (W+1)

2

(⌈ qB−1−1
2 ⌉+ ⌈ qB−1

2 ⌉) ·W

= O
(
Z2

W

)
+O(K1W )

= O
(
max

{
Z2

W
,K1W

})
,

where the second equality holds because K2 ≫ K1. Therefore,
CR(DM) = O(max{Z

2

W ,K1W}).
Putting all cases together, we conclude that

CR(DM) = O
(
max

{
K1W,K1Z,

Z2

W

})
= O

(
max

{
K1Z,

Z2

W

})
.

The proof of Theorem 2 is thus completed.

VI. EXPERIMENTAL EVALUATION

We conduct extensive experiments to empirically compare
the performance of DM against state-of-the-art solutions.

A. Evaluation Methodology

Datasets. Our experiments are conducted on three produc-
tion traces: 1) a Meta block trace [21], containing anonymized
production workloads from a flash cache deployed in front
of a bulk storage system; 2) an IBM trace [22], collected
over a course of 75 days from five IBM data centers hosting
production-level registries; and 3) a RobinHood trace [23],
sampled from Microsoft production traffic over several days
in 2017 and 2018. From each trace, we extract a sequence of
40000 consecutive requests (i.e., T = 40000) for evaluation.
The extracted sequences contain N = 9016, N = 4957, and
N = 13343 distinct requested items for the Meta, IBM, and
RobinHood traces, respectively.

Baselines. We select five representative existing algorithms
as baselines: LRU [24], LFU [20], ARC [25], LHD [26],
and LAC [19]. Among them, LRU, LFU, and ARC are
classical online caching policies: LRU prioritizes items based
on how recently they were requested, LFU ranks items by their
request frequencies, and ARC adaptively balances recency
and frequency to guide eviction decisions. LHD is a state-
of-the-art approach that evicts items according to their hit
densities, while LAC is a timer-based mechanism designed
for the single-cache model with delayed hits. To ensure a fair
comparison, each baseline is executed separately on the core
cache Cc and the edge cache Ce. When operating on Cc, each
baseline prioritizes items using only the request history visible
to Cc, i.e., past requests that trigger a W -miss or a Z-miss. In
contrast, when operating on Ce, it can leverage the complete
request history, since Ce observes every incoming request.
These settings are fully aligned with our system model and
the design of DM algorithm.

Experimental setup and metrics. Each algorithm is sim-
ulated with identical initial contents in both Cc and Ce. The
default parameters are set to W = 10, Z = 100, K1 ≈ 0.1N ,
and K2 ≈ 0.4N . As the polynomial-time computability of an
optimal offline algorithm under delay hits remains an open
question [1], we cannot directly quantify the competitive ratio
of each simulated algorithm. Therefore, our experiments focus
on another critical performance metric: aggregate latency.

B. Experiment Results

Fig. 3, Fig. 4, and Fig. 5 compare the aggregate latency of
the simulated algorithms on the Meta, IBM, and RobinHood
traces, respectively. We observe that the aggregate latency of
each algorithm decreases roughly linearly with both K1 and
K2, while increasing roughly linearly with both W and Z.
These trends are intuitive: scaling up the cache capacities K1

and K2 improves hit ratios and thus reduces the aggregate
latency, whereas larger W and Z directly amplify the latency
associated with cache misses and therefore raise the aggregate
latency. Moreover, the aggregate latency of each algorithm is
more sensitive to K2 than to K1. This is because increasing
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Fig. 3: Aggregate latency on the Meta trace (default: K1 = 900,K2 = 3600,W = 10, Z = 100, N = 9016).

500 600 700 800 900 1000

(a) K1

2.5

3.5

4.5

5.5

A
gg

re
ga

te
 L

at
en

cy

×10
5

2000 2100 2200 2300 2400 2500

(b) K2

2.5

3.5

4.5

5.5
×10

5

10 14 18 22 26 30

(c) W

3

4

5

6 ×10
5

100 260 420 580 740 900

(d) Z

0.5

1.5

2.5

3.5

4.5

5.5×10
6

DM LAC LHD ARC LFU LRU

Fig. 4: Aggregate latency on the IBM trace (default: K1 = 500,K2 = 2000,W = 10, Z = 100, N = 4957).
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Fig. 5: Aggregate latency on the RobinHood trace (default: K1 = 1300,K2 = 5000,W = 10, Z = 100, N = 13343).

K2 enhances the likelihood that the edge cache Ce retrieves
items from the core cache Cc instead of the backing store,
yielding larger latency savings. Analogously, since Z-misses
contribute more substantially to aggregate latency than W -
misses, all algorithms are more sensitive to Z than to W .

Across all three traces, our algorithm DM consistently
outperforms the five baselines, reducing aggregate latency by
at least 15% on average under various parameter settings.
Concretely, in Fig. 3(a), at K1 = 1440, the best baseline
LAC incurs an aggregate latency of approximately 0.9× 106,
whereas DM achieves roughly 0.7 × 106, corresponding to a
22.2% reduction. Similarly, in Fig. 3(d), at Z = 420, the best
baseline LAC reaches an aggregate latency of about 0.29×107,
while DM reduces it to roughly 0.23 × 107, yielding a per-
formance gain of 20.7%. Compared with Fig. 3, Fig. 4 shows
that the performance improvement of DM becomes even more
pronounced, reaching roughly 24.2% on average. For example,
in Fig. 4(c), at W = 30, the best baseline LFU exhibits an
aggregate latency of approximately 4.9 × 105, whereas DM
achieves about 3.4×105, corresponding to a 30.6% reduction.

In Fig. 5, DM maintains an average performance gain above
15%. Moreover, across all three traces, DM exhibits smaller
performance fluctuations than LHD, ARC, and LFU, further
underscoring its robustness and superiority.

VII. RELATED WORK

Caching algorithms have garnered significant attention in
both offline [9], [12], [13], [24], [27] and online settings [11],
[28], [29]. In contrast, delayed hits [1] have been com-
paratively underexplored, even though they induce latencies
beyond those captured by traditional caching models. [1]
proposed a near-optimal offline algorithm for the single-cache
model with delayed hits and derived an online algorithm by
incorporating the cumulative latency of each item into the
caching heuristics. Follow-up work examined delayed hits in
time-to-live caches [17] and in non-stationary environments
with non-uniform item sizes and retrieval latencies [18]. From
a theoretical standpoint, [14] established a tight lower bound
of Ω(KZ) on the competitive ratio of any deterministic online
algorithm under the single-cache delayed-hit model, where



K denotes the cache capacity. Building on this result, [16]
showed that LRU achieves O(KZ)-competitiveness, which
is asymptotically optimal. [15] and [30] further extended the
study of delayed hits to online general file caching, proving
lower bounds of Ω(KZ) for deterministic and Ω(Z logK)
for randomized algorithms, and designing deterministic and
randomized algorithms with competitive ratios O(Z3/2K) and
O(Z3/2 logK), respectively.

VIII. CONCLUSION

In this paper, we have pioneered a general algorithmic
analysis for the hierarchical caching problem with delayed
hits. We first established a competitiveness lower bound for
any online caching algorithm. We then developed a novel
online caching algorithm, termed DM, by synthesizing two
key technical ideas. The first is a dual marking policy that
executes two separate marking processes, one for the edge
cache and the other for the core cache. The second is a
heuristic ranking function that leverages historical request
patterns to prioritize items based on their estimated aggregate
latency per cache miss. Finally, we analytically prove that
DM can asymptotically match the lower bound under some
mild and practical conditions. Extensive experiments show that
DM consistently outperforms state-of-the-art solutions by an
average of at least 15% in aggregate latency. Future efforts will
focus on refining DM to fully achieve the established lower
bound and to deliver additional empirical performance gains.
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