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Abstract—In the celebrated coded caching problem studied
by Maddah-Ali and Niesen, the peak-traffic network load is
to be reduced by first caching some information about con-
tents into individual memories of end users during the off-
peak hours and then upon user requests broadcasting some
other information about the contents, which, combined with
cached information, can let each user recover their requested
content. Thus, information-theoretic studies of coded caching
involve the optimal tradeoff among communication rates for
the two phases of cache placement and content delivery, and
the optimal construction of codes for cache placement and
content delivery. In order to allow better utilization of network
resources, this paper introduces a new caching model in which
user requests can arise at any point of time during the cache
placement phase, and proposes a successive refinement approach
as an answer to this dynamic caching problem. For uniformly
random file requests, the optimal tradeoff among average-case
delivery rates are characterized when the cache rate is above a
well-defined threshold. For arbitrary file requests, a successive
caching algorithm is developed to simultaneously reduce worst-
case delivery rates at every request time, which are uniformly
within a constant multiplicative factor of their respective optima.

I. INTRODUCTION

Due to the ever growing number of devices, networks

encounter heavy traffic during the peak-traffic hours of the

day. One approach to shifting the network traffic to off-peak

hours is to cache partial information about the contents on

the local memories of end users during the off-peak hours for

potential future use, referred to as cache placement. Once the

user requests are revealed to the server, possibly during the

peak-traffic hours, server broadcasts some other information

about the contents, referred to as content delivery, so that every

user can recover its requested content by combining this new

information with its cache.

One line of research took coding theoretic approaches

to propose practical and close-to-optimal codes for cache

placement and content delivery. From earlier studies, [1]

concentrated on the optimization of cache placement when

the content delivery is fixed to orthogonal unicast or multicast

transmissions, whereas [2] studied the optimization of the

content delivery for fixed cache contents. A more recent work

by Madah-Ali and Niesen [3] discussed the joint optimization

of both and presented a coding scheme that can achieve

the optimal tradeoff among communication rates for the two

phases of cache placement and content delivery upto a constant

multiplicative factor. In this pioneering work, each file is split

into subfiles, where a set of properly chosen subfiles is cached

at user devices and then upon request, a set of linearly encoded

subfiles is broadcasted as the delivery content. Building on

this celebrated work, similar results were provided for hetero-

geneous cache sizes in [4], [5], for nonuniform file popularity

in [6], for minimizing the average delivery rate instead of the

worst-case in [6], and for correlated contents in [7].

Another line of research took information theoretic ap-

proaches to provide single letter characterizations for the

optimal trade-offs among cache placement rates and content

delivery rates considering the statistics of the user requests. [8]

formulated the single user caching problem through its simi-

larity to Gray-Wyner network [9]. Extensions of the theoretical

analysis in [8] to multi-user caching problems can be found

in [10], [11]. Building on rate distortion theory, the counter-

parts of those caching problems for lossy reconstruction were

also discussed in [12]–[15].

In all these versions of the caching problem, cache place-

ment and content delivery are considered as two separate

phases that do not intersect. To allow better utilization of the

network resources, in this paper, we present a new caching

model in which user requests can arise at any point of time

possibly interrupting the cache placement, contrary to the

temporal static requests in the traditional model. Inspired

by [16], we propose a successive refinement approach to

cache placement to address this dynamic nature. First, taking

an information theoretic approach for uniformly random file

requests in a single user network, we characterize the optimal

trade-offs among average delivery rates when the cache rate

is above a well-defined threshold. Second, taking a coding

theoretic approach for arbitrary file requests in a network of

multiple users, we propose a successive caching algorithm to

simultaneously reduce the worst-case delivery rates at every

request time, which are uniformly within a constant multiplica-

tive factor of their respective optima. Our algorithm is built

upon similar ideas with the caching scheme by Maddah-Ali

and Niesen, and achieves the same performance with its static

counterpart simultaneously at every time index.

The rest of the paper is organized as follows. Section II for-

mulates the caching problem for dynamic requests. Section III

and Section IV present the results for the expected delivery

rates and for the worst-case delivery rates, respectively.
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We adapt the notation in [17], [18]. The set of integers

{1, 2, . . . , n} is denoted by [n]. A length-n sequence (vector)

is denoted by xn = (x1, x2, . . . , xn) ∈ Xn. Upper case letters

X,Y, . . . denote random variables. For a positive integer t, Σt

denotes the set of all permutations over [t]. For a permutation

σ ∈ Σt and a set S of size t, σ(S) denotes the sequence

obtained by permuting the naturally ordered elements of S
according to σ.

II. PROBLEM FORMULATION

Consider a server with a fixed number N of files

(Xn
1 , X

n
2 , . . . , X

n
N) drawn i.i.d. from p(x1, x2, . . . , xN ) and

K users, each with cache rate of nC bits.

Each user successively caches some information about the

contents in T steps of increments. At step t ∈ [T ], additional

information L
(k)
t of rate Ct is stored in the local cache of user

k ∈ [K], where C1+C2 + · · ·+CT = C. A request can arise

at any time point t ∈ [T ], the knowledge of which server does

not have a priori. For a request arising at t ∈ [T ] denoted by

the request vector d = [d1 d2 . . . dK ] ∈ [N ]K where dk
corresponds to the request of user k ∈ [K], server broadcasts

some other information about the contents Md,t of rate Rd,t

to all users so that each user is able to recover the rest of its

desired file.

An
(

n, (nCt, nRd,t)d∈[N ]K ,t∈[T ]

)

T -successive caching

scheme for dynamic requests consists of

• KT caching functions where

φ
(k)
t : {0, 1}nN → {0, 1}nCt

maps the files (Xn
1 , X

n
2 , . . . , X

n
N ) into a cache content

L
(k)
t := φ

(k)
t (Xn

1 , X
n
2 , . . . , X

n
N )

to be placed at user k ∈ [K] during step t of the

successive cache placement phase for t ∈ [T ],
• NKT encoding functions, where

ψd,t : {0, 1}
nN → {0, 1}nRd,t

maps the files (Xn
1 , X

n
2 , . . . , X

n
N ) to the delivery content

Md,t := ψd,t(X
n
1 , X

n
2 , . . . , X

n
N )

corresponding to the request vector d =
[d1 d2 . . . dK ] ∈ [N ]K received by the server at

time index t ∈ [T ],
• KNKT decoding functions, where

µ
(k)
d,t : {0, 1}

n(
∑

t
i=1 Ci) × {0, 1}nRd,t → {0, 1}n

maps the cache contents placed until time index t ∈ [T ]
and the delivery contents into an estimate

X̂n
dk,t

:= µ
(k)
d,t

(

(L
(k)
i : i ∈ [t]),Md,t

)

of the requested file Xn
dk

by user k ∈ [K] when the

request vector d ∈ [N ]K is received by the server at

time index t.

The probability of error is defined as

P (n)
e := P(X̂n

dk,t
6= Xn

dk
for some t ∈ [T ], k ∈ [K], dk ∈ [N ]).

Given a cache rate tuple (C1, C2, . . . , CT ), a delivery rate

tuple (Rd,t)d∈[N ]K,t∈[T ] is said to be achievable for dynamic

requests if there exists an
(

n, (nCt, nRd,t)d∈[N ]K,t∈[T ]

)

T -successive caching scheme for dynamic requests with

limn→∞ P
(n)
e = 0.

III. AVERAGE CASE

One of the commonly used performance criteria is the

expected delivery rate in which the expectation is taken with

respect to the random request vector d uniformly distributed

over [N ]K . Given a tuple of cache rates (C1, C2, . . . , CT ),
a rate tuple (Rt)t∈[T ] is said to be average-case achievable

for dynamic requests if there exists a delivery rate tuple

(Rd,t)d∈[N ]K,t∈[T ] achievable for dynamic requests such that

1

NK

∑

d∈[N ]K

Rd,t ≤ Rt

for every t ∈ [T ].
Our goal in this section is to characterize the set of average-

case achievable rate tuples for dynamic requests. We follow

an information theoretic approach. For simplicity, we consider

a single user (K = 1) and a pair of files (N = 2) Xn
1 and

Xn
2 that are drawn i.i.d. from the pmf p(x1, x2) over a finite

alphabet. We assume that one of the files is to be requested

by the user randomly and equally likely over two possible

time index (T = 2). As illustrated in Fig. 1, the request is

dynamic in time in the sense that it is received either at t = 1
or at t = 2, which correspond to the time right after placing

nC1 and n(C1 + C2) bits of cache, respectively. Depending

on the random request d ∈ [2] received at time index t, the

server transmits nRd,t bits to deliver the remaining part of the

requested file Xn
d .

nC1

request at t = 1

nC1 nC2

request at t = 2

nRd,1

nRd,2

Fig. 1: Dynamic requests in the caching problem

To characterize the average-case achievable rate pairs for

dynamic requests, we start with static requests, which corre-

sponds to T = 1 in our setup. Define the optimal average-case

delivery rate function for static requests as

R∗
avg(C) := min{R : R is average-case achievable

for static requests}, (1)

where the achievability for static requests is defined similarly

by letting T = 1. This function captures the tradeoff between

the utilized cache memory and the average delivery rate for
1712
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the traditional caching problem and characterized by Wang,

Lim, and Gastpar [8], [10] as follows.

Proposition 1 ([8, Proposition 3]): The optimal average-

case delivery rate function for static requests is

R∗
avg(C) = min

p(w|x1,x2):

I(X1,X2;W )≤C

H(X1|W ) +H(X2|W )

2

=
H(X1, X2)− C

2
+

1

2
min

p(w|x1,x2):

I(X1,X2;W )=C

I(X1;X2 |W ).

(2)

In particular, for C ≥ C(X1;X2)

R∗
avg(C) =

H(X1, X2)− C

2
.

Returning back to our problem of dynamic requests with

T = 2, the question is whether it is possible to achieve

(R1, R2) =
(

R∗
avg(C1), R

∗
avg(C1 + C2)

)

. Note that the prob-

lem is not trivial since a successive caching scheme that is

optimal at the first and the second intermediate step may not

achieve R∗
avg(C1+C2), which is obtained by optimizing over

two steps combined. We next present a sufficient condition on

the cache rates to simultaneously achieve these lower bounds.

Theorem 1: Given C1 > 0, let W ∗ denote the random

variable defined by the conditional pmf p(w∗|x1, x2) that

achieves R∗
avg(C1) in (2) and let C(X1;X2|W ∗) be the

conditional Wyner common information defined [19] as

C(X1;X2 |W
∗) := min

p(v|x1,x2,w∗)

X1−(W∗,V )−X2

I(X1, X2;V |W ∗). (3)

For every C1 > 0 and C2 ≥ C(X1;X2|W
∗), a rate pair

(R1, R2) is average-case achievable for dynamic requests if

R1 ≥ R∗
avg(C1), (4a)

R2 ≥ R∗
avg(C1 + C2). (4b)

Conversely, given any C1, C2 > 0, if a rate pair (R1, R2)
is average-case achievable for dynamic requests, then it must

satisfy (4).

Theorem 1 implies that if the user is equipped with suf-

ficiently large memory left for the cache update, then the

problem of dynamic requests can be handled as well as

two separate problems of static requests. We next relax the

sufficient condition on the cache rate for the refinement, C2,

and put the burden on the amount of cache placed at the first

step.

Corollary 1: For every C1 ≥ C(X1;X2) and C2 ≥ 0, a rate

pair (R1, R2) is average-case achievable for dynamic requests

if and only if it satisfies (4).

Proof: The condition in Theorem 1 depends on the

behavior of W ∗ that achieves R∗
avg(C1). If C1 ≥ C(X1;X2),

we know by Proposition 1 that

R∗
avg(C1) =

H(X1, X2)− C1

2

and is achieved by a conditional pmf pW∗|X1,X2
that satisfies

I(X1;X2|W ∗) = 0. Such a conditional pmf results in

C(X1;X2 |W
∗) = 0, (5)

which proves the corollary combined with Theorem 1. To see

(5), let p(w|x1, x2) be a conditional pmf with X1 →W → X2

forming a Markov chain. Then, the conditional Wyner com-

mon information is zero by definition since

C(X1;X2 |W ) = min
pV |W,X1,X2

(v|w,x1 ,x2)

I(X1;X2|W,V )=0

I(X1, X2;V |W ) = 0

is achieved by letting V = ∅.

For independent files, we have the full characterization of

the average-case achievable rate pairs for dynamic requests.

Example 1 (Independent files): If p(x1, x2) = p(x1)p(x2),
then the Wyner common information between X1 and X2 is

C(X1;X2) = 0. Therefore, by Corollary 1, for every given

C1, C2 ≥ 0, a rate pair (R1, R2) is average-case achievable

for dynamic requests if and only if it satisfies (4). For a given

memory pair (C1, C2), the set of average-case achievable rate

pairs for dynamic requests is demonstrated in Fig. 2.

�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������

�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������
�������������

R1

R2

H(X1)+H(X2)−C1

2

H(X1)+H(X2)−C1−C2

2

Fig. 2: Average-case achievable rate pairs for dynamic requests

of independent files

We continue our discussion with the worst case delivery

rates instead of the average.

IV. WORST CASE

Another commonly used performance criterion is the worst-

case delivery rate, in which the caching strategy must be

designed considering every possible request vector d =
[d1 d2 . . . dK ] ∈ [N ]K . Given a tuple of cache rates

(C1, C2, . . . , CT ), a rate tuple (R1, R2, . . . , RT ) is said to be

worst-case achievable for dynamic requests if there exists a

delivery rate tuple (Rd,t)d∈[N ]K ,t∈[T ] achievable for dynamic

requests such that

max
d∈[N ]K

Rd,t ≤ Rt

for every t ∈ [T ].
In this section, for the simplicity of the notation, we

denote the file Xn as X. We assume that the file tuple
1713

Authorized licensed use limited to: Univ of  Calif San Diego. Downloaded on January 17,2022 at 17:39:34 UTC from IEEE Xplore.  Restrictions apply. 



(X1,X2, . . . ,XN ) is i.i.d. Bern(1/2). Our goal is to char-

acterize the set of worst-case achievable rate tuples for dy-

namic requests and provide a successive caching algorithm to

simultaneously reduce the worst-case delivery rates. Similar

to the average-case, we start with revisiting the static request

problem (T = 1) from a coding theoretic perspective studied

by Maddah Ali and Niesen [3]. We then generalize this result

for the dynamic requests. Let Rworst(C) be the lower convex

envelope of

K
(

1−
C

N

)

min
{ 1

1 +KC/N
,
N

K

}

, (6)

for C ∈ {0, N/K, 2N/K, . . . , N}, as demonstrated in Fig 3

for (K,N) = (5, 2). Define the optimal worst-case delivery

0 0.4 0.8 1.2 1.6 2
C

0

0.5

1

1.5

2

R
w

or
st

(C
)

(0.4, 1.6)

(0.8, 1)

Fig. 3: Demonstration of the function Rworst(C)

rate function for static requests as

R∗
worst(C) := min{R : R is worst-case achievable

for static requests}.

The following result presents an upper bound on the function

R∗
worst(C) and characterizes the gap between them. The

tightened gap is due to the improved lower bound in [20].

Proposition 2 ([3], [20]): For N files and K users each

with cache of size C ≤ N ,

1 ≤
Rworst(C)

R∗
worst(C)

≤ 4.

We are now ready to present the main result of this section.

Theorem 2: For N files, K users, and given a tuple of

cache rates (C1, C2, . . . , CT ), a rate tuple (R1, R2, . . . , RT )
is worst-case achievable for dynamic requests if

Rt ≥ Rworst(C1 + C2 + · · ·+ Ct) (7)

for every t ∈ [T ]. Conversely, given a tuple of cache memory

sizes (C1, C2, . . . , CT ), if a rate tuple (R1, R2, . . . , RT ) is

worst-case achievable for dynamic requests, then it must

satisfy

Rt ≥
Rworst(C1 + C2 + · · ·+ Ct)

4
(8)

for every t ∈ [T ].
We next present a proof sketch over an example to illustrate

the achievability for the corner points of Rworst(C) that

corresponds to Ct = N/K for every t ∈ [T ]. It is easy to

generalize the arguments to an arbitrary set of points on the

curve Rworst(C) by using memory sharing arguments.

Proof Sketch: We provide the key ideas in the proof

using an illustrative example with a network of K = 5 users

and a server of N = 2 files. For T = 2, suppose that cache

rates successively utilized at the users are given as (C1, C2) =
(0.4, 0.4). Our goal is to show that the rate pair (R1, R2) =
(1.6, 1) pointed in Fig. 3 is worst-case achievable for dynamic

requests. In the first step of the cache placement, file Xj ,

j ∈ [N ], is split into K disjoint subfiles of equal size, which

are labeled as (Xj)(i1), i1 ∈ [K], where the subfile (Xj)(i1)
is cached at user i1. This corresponds to user k ∈ [K] storing

the collection of subfiles

L
(k)
1 =

(

(X1)(k), (X2)(k), . . . , (XN )(k)
)

in its cache, which is of rate N/K . For example, user 2 at

step t = 1 stores (X1)(2) and (X2)(2), each of which is of

rate 0.2 resulting in a total cache rate of 0.4.

In the second step, every subfile (Xj)(i1), j ∈ [N ], i1 ∈ [K],
is further split into (K − 1) disjoint subfiles of equal size,

which are labeled as (Xj)(i1,i2), i2 ∈ [K] \ {i1}, where the

subfile (Xj)(i1,i2) is cached at user i2 in the second step. This

corresponds to user k ∈ [K] adding the collection of subfiles

L
(k)
2 =

(

(Xj)(i1,k) : i1 ∈ [K] \ {k}, j ∈ [N ]
)

to its cache at step t = 2, which is of rate N K−1
K(K−1) = N/K .

For example, user 2 at step t = 2 stores (Xj)(1,2), (Xj)(3,2),
(Xj)(4,2), and (Xj)(5,2) for j ∈ {1, 2}, each of which is

of rate 1/20 resulting in a total cache rate of 0.4. Partition

of file Xj for this two-step successive caching strategy is

demonstrated in Fig. 4.

For the content delivery phase, we propose two schemes,

depending on whether t satisfies

N

K
≤

1

1 +K
∑t

i=1 Ci/N
=

1

1 + t
. (9)

Suppose that the request vector d = [1 2 1 1 2] is received

at step t = 1, for which the condition in (9) holds. In this

case, for every file Xj , j ∈ [N ], server first chooses a user u
that requests file Xj (i.e., du = j) and then for every subset

S ⊂ [K] such that u ∈ S and |S| = t + 1, and for every

permutation σ ∈ Σt broadcasts the linear combination
⊕

s∈S

(Xn
j )σ(S\{s}). (10)

Every such linear combination has the rate of
∏t

r=1
1

K−r+1 ,

resulting in the total delivery rate of

N
(

K−1
t

)

t!

K(K − 1) · · · (K − t+ 1)
= N

K − t

K
= Rworst(tN/K)

when combined. For example, for the file X1, server chooses

u = 1 and broadcasts linear combinations of (X1)1 ⊕ (X1)2,
1714
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cache placement: step 1

cache placement: step 2

21 3 4 5cache content for user

color code

(Xj)(3)(Xj)(1) (Xj)(2) (Xj)(4) (Xj)(5)

(Xj)(4,2) (Xn
j )(4,5) (Xj)(5,4)(Xj)(1,2) (Xj)(1,3) (Xj)(1,4) (Xj)(1,5) (Xj)(2,1) (Xj)(2,3) (Xj)(2,4) (Xj)(2,5) (Xj)(3,1) (Xj)(3,2) (Xj)(3,4) (Xj)(3,5) (Xj)(4,1) (Xj)(4,3) (Xj)(5,1) (Xj)(5,2) (Xj)(5,3)

Fig. 4: Two-step caching strategy for (C1, C2) = (0.4, 0.4) when K = 5 users and N = 2 files

(X1)1 ⊕ (X1)3, (X1)1 ⊕ (X1)4, and (X1)1 ⊕ (X1)5. Note

that user v ∈ {3, 4} gains access to the cache of user 1 by

recovering (X1)1 from the transmitted signal (X1)1⊕ (X1)v.

Similarly for the file Xn
2 , server chooses u = 2 and broad-

casts linear combinations of (X2)2 ⊕ (X2)1, (X2)2 ⊕ (X2)3,

(X2)2 ⊕ (X2)4, and (X2)2 ⊕ (X2)5. Note that user 5 gains

access to the cache of user 2 by recovering (Xn
2 )2 from the

transmitted signal (Xn
2 )2⊕(Xn

1 )5. Since every user requesting

file Xj , j ∈ {1, 2}, has access to (Xj)j , the rest of the subfiles

are recoverable by simply canceling (Xj)j from the delivered

linear combinations. Every linear combination delivered is

of rate 1/K = 0.2, resulting in the total delivery rate of

8× 0.2 = 1.6.

Suppose now that the request d = [1 2 1 1 2] is received at

step t = 2, for which the condition in (9) fails. In this case,

for every subset S ⊂ [K] such that |S| = t+ 1 and for every

σ ∈ Σt, server broadcasts the linear combination
⊕

s∈S

(Xds
)σ(S\{s}). (11)

Contrary to (10), here the subfiles across different files are

coded linearly. Every such linear combination has the rate of
∏t

r=1
1

K−r+1 , resulting in the total rate of

(

K

t+1

)

t!

K(K − 1) · · · (K − t+ 1)
=
K − t

t+ 1
= Rworst(tN/K)

when combined. Given such a subset S and permutation

σ, user k ∈ S can recover all the subfiles of the form

(Xdk
)σ(S\{k}) from the linear combination in (11). For ex-

ample, when S = {1, 2, 3}, the corresponding linear combi-

nations for different permutations are (X1)(2,3) ⊕ (X2)(1,3) ⊕
(X1)(1,2) and (X1)(3,2)⊕(X2)(3,1)⊕(X1)(2,1). User 1 having

cached (X2)(1,3), (X2)(3,1), (X1)(1,2), and (X1)(2,1), is able

to recover the subfiles (X1)(2,3) and (X1)(3,2) of its requested

file X1. Generalizing to every set S ⊂ [5] such that |S| = 3,

the linear combinations broadcasted can be listed as

(X1)(2,3) ⊕ (X2)(1,3) ⊕ (X1)(1,2),

(X1)(3,2) ⊕ (X2)(3,1) ⊕ (X1)(2,1),

(X1)(2,4) ⊕ (X2)(1,4) ⊕ (X1)(1,2),

(X1)(4,2) ⊕ (X2)(4,1) ⊕ (X1)(2,1),

(X1)(2,5) ⊕ (X2)(1,5) ⊕ (X2)(1,2),

(X1)(5,2) ⊕ (X2)(5,1) ⊕ (X2)(2,1),

(X1)(3,4) ⊕ (X1)(1,4) ⊕ (X1)(1,3),

(X1)(4,3) ⊕ (X1)(4,1) ⊕ (X1)(3,1),

(X1)(3,5) ⊕ (X1)(1,5) ⊕ (X2)(1,3),

(X1)(5,3) ⊕ (X1)(5,1) ⊕ (X2)(3,1),

(X1)(4,5) ⊕ (X1)(1,5) ⊕ (X2)(1,4),

(X1)(5,4) ⊕ (X1)(5,1) ⊕ (X2)(4,1),

(X2)(3,4) ⊕ (X1)(2,4) ⊕ (X1)(2,3),

(X2)(4,3) ⊕ (X1)(4,2) ⊕ (X1)(3,2),

(X2)(3,5) ⊕ (X1)(2,5) ⊕ (X2)(2,3),

(X2)(5,3) ⊕ (X1)(5,2) ⊕ (X2)(3,2),

(X2)(4,5) ⊕ (X1)(2,5) ⊕ (X2)(2,4),

(X2)(5,4) ⊕ (X1)(5,2) ⊕ (X2)(4,2),

(X1)(4,5) ⊕ (X1)(3,5) ⊕ (X2)(3,4),

(X1)(5,4) ⊕ (X1)(5,3) ⊕ (X2)(4,3),

each of which has the rate 1
K(K−1) , resulting in the total

delivery rate of
(

5
3

)

× 2! × 0.05 = 1. From these linear

combinations, user k ∈ [K] is able to recover all subfiles of

the form

{(Xdk
)(T ) : (T ) is an ordered subset of [K] \ {k}, |T | = t}

of its requested file Xdk
. Since the remaining subfiles are

already available in its cache, user k is able to completely

recover its requested file Xdk
. We can conclude that every

user is able to recover its requested file in a successful manner

since k ∈ [K] is arbitrary.

Our arguments presented thus far for T = 2 can be gener-

alized for larger T values by further splitting each subfiles at

step t = 2 of the cache placement into (K−2) subfiles at step

t = 3 and continue splitting upto step t = K at most, which

eventually results in K! many subfiles.
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