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Abstract—Information-Centric Networking (ICN) is an emerg-
ing communication paradigm that addresses the limitations of
the current Internet architecture by shifting the focus from host-
based communication to content-based delivery. A key feature of
ICN is in-network caching, which reduces redundant transmis-
sions, access latency and improves scalability. In this paper, we
investigate the joint problem of cache allocation and request rout-
ing in ICN, where caching and routing decisions are inherently
interdependent. We formulate the total network cost as a function
of both cache placement and content delivery paths, subject to
cache capacity constraints and service feasibility requirements.
The resulting optimization problem is non-convex. In order to
solve it, we employ inner approximation techniques based on the
Difference-of-Convex (DC) programming framework combined
with convex relaxation and penalty methods. This results in an
iterative algorithm that jointly optimizes cache configuration and
routing assignments while ensuring convergence to near-binary
feasible solutions. Extensive simulations, including Monte Carlo
experiments over randomized topologies, demonstrate that the
proposed framework significantly reduces transportation cost,
converges within a small number of iterations, and scales effi-
ciently with network size. Comparisons with baseline strategies
such as Cache Everything Everywhere (CEE) and Probabilistic
Caching (Probp) show that our method achieves near-optimal
performance without incurring excessive redundancy, which fur-
ther validates both the practicality and efficiency of the proposed
optimization approach.

Index Terms—Information-Centric Networking (ICN), in-
network cache allocation, inner approximation, convex optimiza-
tion, difference-of-convex programming.

I. INTRODUCTION

In recent decades, content-oriented platforms such as
YouTube, Facebook, and Instagram have transformed Internet
traffic from simple text exchanges to complex multimedia ac-
tivities including large-scale video sharing and live streaming.
While these advancements have enhanced user experiences,
they have also significantly increased infrastructure costs for
network operators. At the same time, this shift has exposed
fundamental limitations in the current Internet architecture,
particularly in terms of scalability, adaptability, and efficiency.
To address these shortcomings, Information-Centric Network-
ing (ICN) has emerged as a promising paradigm for future
Internet architectures [1], [2]. A defining feature of ICN is
its direct naming of content objects, decoupled from physical
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locations, which enables efficient and flexible content distri-
bution [3], [4]. For example, in an ICN, a YouTube video
can be retrieved from the nearest network node rather than
the actual host server, which thereby reduces latency and
enhancing efficiency. This naming paradigm is complemented
by in-network caching, where intermediate nodes temporarily
store content and serve it to subsequent users [5], [6]. In-
network caching has thus become a central research focus in
ICN due to its potential to reduce latency, optimize bandwidth,
and improve scalability [7].

Several caching strategies have been proposed in the lit-
erature. For example, [8] categorizes caching methods across
Internet-of-Things (IoT), Mobile Ad Hoc Network (MANET),
and Vehicular Ad hoc NETwork (VANET) environments,
linking them to content popularity, network context, and node
characteristics. Hierarchical schemes leverage multi-tier mem-
ory architectures (e.g., DRAM for speed, SSD for capacity)
combined with probabilistic admission and replacement poli-
cies to balance performance and mitigate SSD wear-out. [9].
In mobile ICN, context-aware caching has been proposed to
cluster nodes based on mobility patterns and shared content
interests, improving local availability under dynamic condi-
tions [11]. Probabilistic caching methods, such as Centrality-
Based Caching (CBC) [7] and Probcache [12], diversify cache
placement by considering node centrality or embedding meta-
data fields, e.g., Time Since Inception, Time Since Birth, to
estimate caching potential along a path [25]. More recently,
socially-aware schemes such as SARAC4N [14] integrate
social centrality metrics (degree, betweenness, closeness) with
real-time node resource profiles, dynamically adapting cache
placement to reduce redundancy and improve scalability.

Despite these advancements, existing approaches often offer
limited consideration to real-world networking conditions such
as dynamic traffic patterns, constrained cache capacity, and
topology variability. Many rely on static or uniform cost
functions that fail to adapt to diverse operational contexts.
Adaptive caching frameworks, e.g., [15], have improved cache
hit ratios by combining content popularity with centrality
metrics, but they still assume relatively static conditions and do
not fully address practical challenges of joint decision making.
This paper addresses these gaps by formulating a joint cache
allocation and router assignment problem that dynamically
determines content placement within ICN routers.

Our approach captures the natural interdependence between
caching and routing within a unified optimization frame-
work, in contrast to methods that treat these components
independently. To address the inherent non-convexity of this
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formulation, we apply inner approximation techniques based
on Difference-of-Convex (DC) programming and convex re-
laxation, enabling efficient iterative solutions with provable
convergence properties. Additionally, we introduce a novel
DC-based coupling reformulation tailored specifically for the
ICN cache–routing interaction, resulting in a jointly optimized
surrogate that is not available in prior literature. The proposed
framework is further validated through simulations and com-
parisons with existing baseline methods.

The remainder of this paper is organized as follows. Sec-
tion II presents the system model and problem formulation.
Section III formulates the joint cache management and router
assignment optimization problem. Section IV develops convex
approximations using inner approximation and analyzes their
complexity and convergence. Section V evaluates the frame-
work through simulations, including Monte Carlo experiments
and baseline comparisons. Finally, Section VI concludes the
paper and outlines potential future research directions. Table I
summarizes the system model parameters notation.

II. SYSTEM MODEL AND PROBLEM FORMULATION

We model an ICN with a random topology, represented as a
graph G = (V,E) where V denotes the set of network nodes
and E represents the set of communication links. The nodes in
V are categorized into three types: server nodes, router nodes,
and user nodes. We analyze the network under two different
scenarios. In the first scenario, representing a user-generated-
content environment, every user node is capable of generating
new content and injecting it directly into the network. In the
second scenario, only server nodes generate content, while
user nodes are restricted to sending requests and receiving the
corresponding content.

Each router node is equipped with a cache memory of Cr

capacity (measured in chunks). For simplicity, we assume a
homogeneous network in which all routers have the same
cache size. The framework naturally generalizes to hetero-
geneous cache sizes because the cache-capacity constraint
simply becomes

∑
m smxm,r ≤ Cr for each router r, allowing

the optimization to operate independently with router-specific
capacities without altering the structure of the DC formulation.
The network hosts M content items, and each content item
m ∈ {1, . . . ,M} has a size denoted by sm (in chunks).
User requests are modeled through request probabilities where
pk,m represents the probability that user k requests content
m. Accordingly, the request vector for user k is defined
as reqk = {req1k, req2k, . . . , reqMk }. Two types of decisions
must be made in this system: cache allocation and router
assignment. The cache allocation strategy determines whether
a given content item should be cached at a particular router.
The binary variable xm,r is defined such that xm,r = 1 if
content m is cached at router r, and xm,r = 0 otherwise. The
router assignment strategy decides which router should serve
each user for every content request. The binary variable yk,m,r

is defined such that yk,m,r = 1 if user k is served by router
r for content m, and yk,m,r = 0 otherwise. Naturally, yk,m,r

Fig. 1. ICN network model with two users, three cache-enabled routers, and
one server, showing the request probability pk,m, routing assignment yk,m,r ,
cache placement xm,r , and hop distance hr,k

can only be positive if xm,r = 1, i.e., the router must cache
the requested content.

TABLE I
SYSTEM PARAMETERS

Notation Description
G = (V,E) Graph representing the ICN topology
V Set of network nodes (server, router, and user

nodes)
E Set of communication links interconnecting

nodes
Cr Cache capacity of router r (in chunks)
M Total number of content items in the network
sm Size of content item m (in chunks)
pk,m Probability that user k requests content m
reqk Request vector of user k across all content items
hr,k Hop distance between router r and user k
xm,r Binary variable: 1 if content m is cached at

router r, 0 otherwise
yk,m,r Binary variable: 1 if router r serves user k for

content m, 0 otherwise

The operational cost in the network depends on three main
factors: (i) the hop distance hr,k between a user k and
the router r serving the request, (ii) the request probability
pk,m, which captures the popularity of content items and (iii)
the content size sm that affects both storage capacity and
transmission cost. Based on these considerations, the network
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cost function is defined as:

fxm,r,yk,m,r
=

∑
k∈K

∑
m∈M

∑
r∈R

hr,k ·pk,m ·sm ·xm,r ·yk,m,r. (1)

The optimization problem can then be formulated as:

min
xm,r,yk,m,r

fxm,r,yk,m,r
(2a)

subject to:

[C1]:
∑
r∈R

xm,r ≥ 1, ∀m (2b)

[C2]:
∑
r∈R

xm,r · yk,m,r ≥ 1, ∀m, k (2c)

[C3]:
∑
m∈M

xm,r · sm ≤ Cr, ∀r (2d)

[C4]: xm,r ∈ {0, 1}, ∀m, r (2e)
[C5]: yk,m,r ∈ {0, 1}, ∀m, k, r (2f)

Constraint [C1] ensures that each content item is cached at
least once in the network. Constraint [C2] guarantees that ev-
ery user can access each content item. Constraint [C3] enforces
the cache capacity constraint at each router. Constraints [C4]
and [C5] define the binary nature of the decision variables.

III. PROBLEM REFORMULATION WITH INNER
APPROXIMATION

Before presenting the mathematical details, we provide a
brief intuition behind the proposed reformulation. The core dif-
ficulty of the problem arises from the multiplicative coupling
between cache placement xm,r and routing assignment yk,m,r,
which makes the feasible region non-convex. Our approach
first represents this coupling using a difference-of-convex (DC)
function as illustrated in Fig. 2, then constructs a sequence of
convex inner approximations that gradually tighten the surro-
gate problem. This allows the algorithm to maintain feasibility
while iteratively refining cache and routing decisions. The
optimization problem formulated in the previous section is
inherently non-convex. To make the problem tractable, we
apply inner approximation methods such as DC to obtain a
convex surrogate formulation.

A. Difference-of-Convex (DC) Reformulation
DC programming addresses nonconvex problems whose

objectives/constraints can be written as the difference of two
convex functions. In our case, every bilinear term xm,r ·yk,m,r

is rewritten via the identity:

xm,r · yk,m,r = 1
4 (xm,r + yk,m,r)

2 − 1
4 (xm,r − yk,m,r)

2

= f1(xm,r, yk,m,r)− f2(xm,r, yk,m,r),
(3)

where f1(·) and f2(·) are convex quadratics. Applying the
convex–concave procedure, we majorize the concave part −f2
by its first-order (affine) upper bound at the current iterate
(x̂m,r, ŷk,m,r). Equivalently, we linearize f2 as:

(xm,r − yk,m,r)
2 ≈ (x̂m,r − ŷk,m,r)

2

+ 2(x̂m,r − ŷk,m,r)(xm,r − x̂m,r)

− 2(x̂m,r − ŷk,m,r)(yk,m,r − ŷk,m,r).
(4)

Fig. 2. Flowchart of the proposed DC-based joint cache allocation and router
assignment algorithm, illustrating initialization, surrogate construction, convex
subproblem solving, and iterative penalty updates.

This means that −f2 is replaced by its affine upper bound and
the resulting surrogate objective and constraints are convex.
We apply this replacement both in the objective (equation (2a))
and in Constraint [C2] wherever the product xm,r · yk,m,r ap-
pears, yielding a tractable convex subproblem at each iteration.
Although deriving a closed-form dual is challenging because
of the bilinear terms and combinatorial feasibility constraints,
a partial Lagrangian relaxation provides useful structural in-
sights. By relaxing the coupling constraint xm,r · yk,m,r ≥ 1,
the associated dual variables can be interpreted as “service
penalties” indicating the marginal cost of content unavailabil-
ity. Similarly, relaxing the cache capacity constraints quantifies
the shadow cost of storage scarcity. These dual interpretations
justify our use of penalty-augmented DC programming, as the
penalty parameters act analogously to dynamic dual multi-
pliers. This perspective helps validate the surrogate problem
and explains its ability to approximate the original non-convex
formulation while preserving key structural relationships.

B. Relaxation

Next, we relax the binary constraints [C4] and [C5] by
allowing the variables to be placed in the continuous interval
[0, 1]. However, to maintain practicality and promote near-
discrete solutions that are compatible with real-world imple-
mentations [23], [24], we introduce two auxiliary constraints
to replace original [C4] and [C5] that can preserve convexity
while promoting binary-like behavior:

[c4] :

{
xm,r − x2

m,r ≤ 0, ∀m, r,

0 ≤ xm,r ≤ 1.
(5)
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[c5] :

{
yk,m,r − y2k,m,r ≤ 0, ∀k,m, r,

0 ≤ yk,m,r ≤ 1.
(6)

These quadratic constraints are also approximated using DC
programming and incorporated into the objective function via
a penalty method, with penalty parameters λ1 and λ2. The
penalty parameters λ1 and λ2 regulate the trade-off between
solution feasibility and approximation accuracy. In practice,
they are initialized with moderate positive values and can
be gradually increased during successive iterations to enforce
near-binary values of xm,r and yk,m,r. This continuation
strategy allows the algorithm to avoid premature convergence
to poor local minima while ensuring that the final solutions
remain close to binary, consistent with the original problem
formulation. The penalized objective is then formulated as:

f(xm,r, yk,m,r) =
∑
k∈K

∑
r∈R

∑
m∈M

hr,k · pk,m · sm·[
1

4
(xm,r + yk,m,r)

2 − 1

4
(x̂m,r − ŷk,m,r)

2

− 1

2
(x̂m,r − ŷk,m,r)(xm,r − x̂m,r)

+
1

2
(x̂m,r − ŷk,m,r)(yk,m,r − ŷk,m,r)

+ λ1

∑
r∈R

∑
m∈M

(xm,r − x̂2
m,r − 2x̂m,r(xm,r − x̂m,r))

+ λ2

∑
k∈K

∑
r∈R

∑
m∈M

(yk,m,r − ŷ2k,m,r − 2ŷk,m,r(yk,m,r − ŷk,m,r))

]

(7)

C. Final Reformulated Optimization Problem

The convex approximation of the original problem can now
be defined as follows:

min
{Xm,r},{Yk,m,r}

f(xm,r, yk,m,r) (8a)

subject to:

[c1] :
∑
r∈R

xm,r ≥ 1, ∀m (8b)

[c2] : 1 +
∑
r∈R

[
1

4
(xm,r − yk,m,r)

2 − 1

4
(x̂m,r + ŷk,m,r)

2

− 1

2
(x̂m,r + ŷk,m,r)(xm,r − x̂m,r)

− 1

2
(x̂m,r + ŷk,m,r)(yk,m,r − ŷk,m,r)

]
≤ 0, ∀k, ∀m (8c)

[c3] :
∑
m∈M

xm,r · sm ≤ Cr, ∀r (8d)

[c4] : 0 ≤ xm,r ≤ 1, ∀m,∀r (8e)
[c5] : 0 ≤ yk,m,r ≤ 1, ∀m, ∀r, ∀k. (8f)

Constraint [C2] requires that for every user–content pair, at
least one router storing the requested item must be assigned
to serve the user. This condition introduces the bilinear term
xm,r · yk,m,r and is therefore non-convex. To convexify it, we
express the bilinear product as a difference of convex quadratic

functions and linearize the concave part using a first-order
approximation at the current iterate. This yields the surrogate
formulation in equation (8). This reformulation ensures that the
logical requirement, every user–content pair must be served
by at least one feasible router, is preserved in the convex
approximation.

D. Convergence Analysis

To prove the convergence of the proposed iterative approxi-
mation algorithm for any fixed ξ, we show that g(Xk, ξ) forms
a non-decreasing sequence with respect to the iteration index
k. The following inequalities will then hold [16]:

g(xj+1
m,r , y

j+1
k,m,r)λ ≤ ĝ(xj+1

m,r , x
j
m,r, y

j+1
k,m,r, y

j
k,m,r)λ (9)

g(xj+1
m,r , y

j+1
k,m,r)λ ≤ ĝ(xj

m,r, x
j
m,r, y

j
k,m,r, y

j
k,m,r)λ (10)

g(xj+1
m,r , y

j+1
k,m,r)λ = g(xj

m,r, y
j
k,m,r)λ (11)

The intuition behind inequalities (9)–(11) is that the lin-
earized surrogate function serves as a tight convex upper
bound of the original non-convex function at each iteration.
By construction, the approximation is exact at the current
point and overestimates elsewhere, which guarantees that the
sequence of objective values forms a non-decreasing (mono-
tonic) sequence. As a result, the iterative algorithm generates
progressively improved feasible solutions and converges to
a stationary point of the original non-convex problem, as
established in [16].

E. Computational Complexity

The computational complexity of solving the reformulated
conic optimization problem via interior-point methods is poly-
nomial with respect to the problem dimension [16]. We
compute the arithmetic and Newton complexities as follows:

Complexity(p, ε) = O(1) ·
√
m+ 1 · n

(
n2 +m+

m∑
i=1

k2i

)
· log

(
size(p) + ∥Data(p)∥1 + ε2

ε

)
(12)

ComplNwt(p, ε) = O(1) ·
√
m+ 1

· log
(

size(p) + ∥Data(p)∥1 + ε2

ε

)
(13)

In equations (12) and (13), n denotes the number of decision
variables, i.e., the total number of cache allocation and router
assignment variables, m represents the number of constraints
in the reformulated problem, and ki indicates the dimension of
the ith second-order cone constraint introduced in the convex
reformulation. With these definitions, the complexity expres-
sions quantify the arithmetic and Newton iterations required by
interior-point methods to solve the surrogate convex problem
within an ε-optimal solution tolerance.
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IV. SIMULATION AND NUMERICAL RESULTS

A. Simulation Setup

We evaluate the proposed framework through numerical
simulations based on the system model presented in sec-
tion II with parameters in Table II. It should be noted that
content sizes are normalized to one chunk in the simulation
setup. This normalization is adopted for clarity, allowing us
to isolate the effect of routing–placement coupling without
introducing variability from heterogeneous object sizes. How-
ever, the proposed optimization framework directly supports
arbitrary content sizes sm, which would make constraint [C3]
a heterogeneous knapsack-type constraint rather than a sim-
ple counting rule. Incorporating realistic size variability may
further influence cache placement decisions, and exploring
this direction constitutes an important extension of the current
study. We compare our solution with several existing caching
strategies in terms of transportation cost, overall network
performance, and computational complexity. We consider a
scenario in which multiple content items are available, and
the request rate for each item by a user node is determined by
its popularity at that node. To model content popularity, we
employ the Zipf distribution, which has been widely validated
for characterizing file access patterns on the Internet [17]–[19].
Specifically, we define a request generation function at each
user node that samples content based on the Zipf distribution.
The popularity skew is controlled by the exponent zpop, where
higher values indicate more concentrated interest in a smaller
set of contents.

TABLE II
SIMULATION PARAMETERS

Parameter Value
Number of nodes (|V |) 50
Number of server nodes 5
Number of router nodes 30
Number of user nodes 15
Topology model Erdős–Rényi random graph
Monte Carlo runs 100
Number of content items (M ) 100
Content size (sm) 1 chunk (normalized)
Cache capacity (Cr) 10 chunks per router
Request distribution Zipf law
Zipf exponent (zpop) 1 ≤ zpop ≤ 10

Performance metric Transportation cost (hop-weighted traffic)
Baselines CEE, Probp (p = 0.5)

B. Impact of Content Popularity

In our first experiment, we examine the impact of the Zipf
exponent zpop on the transportation cost in the network. The
value of zpop is varied from 1 to 5, and the number of DC
iterations for inner approximation is fixed at 10. It should
be noted that the algorithm typically converges within just
six iterations. As shown in Fig. 3, higher content popularity
among users leads to reduced transportation cost since the
same content is more likely to be served from nearby caches.

Fig. 3. Popularity distribution under Zipf’s law for different exponents zpop.
The x-axis represents content rank (1 = most popular), and higher zpop values
correspond to more skewed distributions.

Fig. 4 demonstrates the convergence behavior of the
surrogate and original objective functions approximated by
g(Xk, ξ) for a number of DC iterations. The results show that
both the surrogate function and the true objective decrease
monotonically and converge to nearly identical values. Most
of the improvement occurs within the first four to six iterations,
after which the functions stabilize. This confirms both the
rapid convergence of the algorithm and the accuracy of the
convex surrogate in approximating the original non-convex
formulation.

Fig. 4. Convergence of the proposed DC-based algorithm, showing the
decrease in objective value across iterations for a representative network
instance.

C. Monte Carlo Simulations

To evaluate the robustness of our proposed cache allocation
and router assignment across various network topologies,
we perform Monte Carlo simulations. In each iteration, the
topology is randomly regenerated and the Zipf exponent is
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swept over its full range. This approach captures the effect of
topology variance on performance. As shown in Fig. 5, the
reduction in transport cost with increasing content popularity
is consistently observed across multiple randomized network
topologies, which demonstrates the robustness of the proposed
method.

Fig. 5. Transportation cost as a function of the Zipf exponent zpop under
a fixed network topology. Increasing zpop emphasizes highly popular items,
leading to improved caching efficiency and reduced overall transportation cost.

D. Comparison with Baseline Methods

We further compare the proposed method with two widely
used baseline strategies: Cache Everything Everywhere (CEE)
and Probabilistic Caching (Probp) [20]–[22]. CEE caches
every content item at every router. While this approach max-
imizes redundancy and incurs high storage usage, it achieves
the lowest transportation cost under static traffic patterns,
making it an effective lower bound. In contrast, Probp caches
content probabilistically. In our experiments, we set the cache
probability to p = 0.5, meaning half of the requested contents
are cached across the network. As p approaches 1, Probp’s
behavior begins to resemble that of CEE. As illustrated in
Fig. 6, the proposed method consistently achieves near-optimal
performance while avoiding excessive redundancy and storage
waste associated with CEE. It should be noted that Figures 3
and 6 use different numerical scales because they correspond
to different experimental conditions. Fig. 3 varies the Zipf
exponent under a fixed topology with lower aggregate request
volume, whereas Fig. 6 averages transportation cost across
multiple randomized topologies and higher traffic load. As a
result, absolute cost values differ in scale even though the
metric definition is identical.

E. Computational Complexity

Finally, we analyze the computational complexity of the
proposed algorithm. Fig. 7 shows the arithmetic complexity
as a function of the number of users, while it illustrates the

Fig. 6. Comparison of transportation cost across different caching strategies
as the Zipf exponent zpop varies. The proposed DC-based method consistently
outperforms baseline approaches across all popularity skew levels.

Newton complexity. The results confirm that the arithmetic
complexity grows polynomially with network size, whereas
Newton complexity increases nearly linearly, demonstrating
the scalability of the interior-point method used in solving the
convex reformulation.

Fig. 7. Computational complexity of the proposed method as a function of
the number of users. The left axis reports arithmetic complexity per iteration,
while the right axis shows the corresponding Newton-step complexity.

F. Validation of Surrogate Approximation
Lastly, we validate the accuracy of the DC approximation

by comparing the objective function values of the surrogate
and the original problem for all Monte Carlo runs. As shown
in Fig. 8, both formulations converge closely after a few
iterations, confirming that the surrogate optimization faithfully
captures the behavior of the original non-convex problem.

V. CONCLUSION AND FUTURE WORK

This paper presented a unified optimization framework for
joint cache allocation and router assignment in Information-
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Fig. 8. Comparison between the original non-convex objective and the convex
surrogate objective during the iterative optimization process, illustrating tight
approximation and stable convergence behavior.

Centric Networks (ICNs). Unlike models that treat these
decisions separately, our formulation captures their coupling
through a non-convex optimization problem, which we solve
using inner approximation, DC programming, and convex
relaxation to obtain a tractable iterative algorithm. Exten-
sive simulations across randomized topologies show that the
proposed method consistently reduces transportation cost,
converges rapidly, and scales efficiently. Comparisons with
baseline caching strategies confirm that our approach achieves
near-optimal performance without the redundancy inherent
in naive schemes. While we adopt a static Zipf popularity
model, the framework naturally supports temporal updates
via periodic convex surrogate recalibration or online DC
iterations.Beyond technical gains, the method provides a foun-
dation for economically motivated in-network caching strate-
gies, where optimized placement and routing jointly reduce
operational cost and improve QoS.

Future work includes incorporating heterogeneous routers,
mobility-driven dynamics, and time-varying popularity
pk,m(t), as well as exploring heterogeneous cache capacities
and online learning for popularity estimation to further align
the model with real-world ICN deployments.
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