
1

Joint Optimization of DNN Model Caching and
Request Routing in Mobile Edge Computing

Shuting Qiu, Fang Dong, Member, IEEE, Siyu Tan, Ruiting Zhou, Member, IEEE, Dian Shen, Member, IEEE,
Patrick P. C. Lee, Senior Member, IEEE and Qilin Fan, Member, IEEE,

Abstract— Mobile edge computing (MEC) can pre-cache deep
neural networks (DNNs) near end-users, providing low-latency
services and improving users’ quality of experience (QoE).
However, caching all DNN models at edge servers with limited
capacity is difficult, and the impact of model loading time on
QoE remains underexplored. Hence, we introduce dynamic DNNs
in edge scenarios, disassembling a complete DNN model into
interrelated submodels for more fine-grained and flexible model
caching and request routing solutions. This raises the pressing
issue of jointly deciding request routing and submodel caching for
dynamic DNNs to balance model inference precision and loading
latency for QoE optimization. In this paper, we study the joint
dynamic model caching and request routing problem in MEC
networks, aiming to maximize user request inference precision
under constraints of server resources, latency, and model loading
time. To tackle this problem, we propose CoCaR, an offline
algorithm based on linear programming and random rounding
that leverages dynamic DNNs to optimize caching and routing
schemes, achieving near-optimal performance. Furthermore, we
develop an online variant of CoCaR, named CoCaR-OL, enabling
effective adaptation to dynamic and unpredictable online request
patterns. The simulation results demonstrate that the proposed
CoCaR improves the average inference precision of user requests
by 46% compared to state-of-the-art baselines. In addition, in
online scenarios, CoCaR-OL achieves an improvement of no less
than 32.3% in user QoE over competitive baselines.

Index Terms—Mobile edge computing, dynamic DNN, model
caching, request routing, joint optimization

I. INTRODUCTION

RECENTLY, machine learning methods, especially deep
neural networks (DNNs), have been transforming various

application domains [2]–[4], such as computer vision [5],
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speech recognition [6], and autonomous driving [7]. To pro-
mote efficient task processing, mobile edge computing (MEC)
[8]–[11], has emerged as a promising paradigm to provide end-
users with low-latency computation, caching, and transmission
capabilities [12]–[14]. In MEC, DNN models can be pre-
cached at base stations (BSs) with edge servers, enabling
rapid responses to user requests [15], [16]. However, unlike
cloud servers, due to the limited resources of a BS, only a
few popular DNN models can be cached simultaneously to
service some users [17], [18]. Additionally, request routing
is also a key factor affecting users’ quality of experience
(QoE) in multi-edge collaboration scenarios [19]–[21]. There-
fore, routing requests to BSs with relevant cached models is
essential for maximizing user coverage and system efficiency.
Obviously, the model caching mechanism is tightly coupled
with the request routing scheme. Thus, jointly optimizing
model caching and request routing decisions is crucial for
improving users’ QoE in MEC.

Existing joint optimization schemes for model caching and
request routing mainly focus on caching complete models at
resource-limited BSs [22]–[26], leading to inefficient resource
utilization and poor user QoE [27]. Fortunately, dynamic
DNNs [28], [29] provide a promising solution by enabling
flexible model structure adjustments. In the context of this
paper, we define dynamic DNNs as a model versioning frame-
work, where a base model is partitioned into multiple submod-
els of varying depth and precision for fine-grained caching.
Specifically, we disassemble a complete DNN model into a
set of interrelated submodels by dividing the feature extraction
layer, allowing for switches between them by adjusting the
number of layers. This approach enables fine-grained resource
allocation in a multi-server caching environment, thereby
distinguishing our method from device-edge split computing
[30], [31], which partitions a single inference task across two
locations for collaborative execution. Consequently, our use of
dynamic DNNs allows for more flexible model caching and
request routing solutions, utilizing BS resources in a more
fine-grained manner.

However, incorporating dynamic DNNs complicates the
joint optimization decisions, leading to two primary chal-
lenges: 1) Caching schemes for submodels of the same
dynamic DNN at a BS are mutually exclusive, permitting
only one submodel to be cached at a time. This necessitates
determining not only which DNN models to cache but also
which submodel of these dynamic DNNs to cache, thereby
increasing the complexity of the variable-coupled joint opti-
mization problem. 2) Inference requests for different DNN
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Fig. 1. Submodels division and switching of ViT. When switching from
submodel 1 to submodel 2 of ViT, we only need to remove ExtNet1 of
submodel 1 and then connect HidNet2 and ExtNet2 to form submodel 2.

models arrive in real-time, requiring timely adjustments to
caching schemes [32]. Moreover, caching models at BSs
incurs loading latency [33], and different caching schemes for
dynamic DNNs yield different model valid service times and
inference precisions, thereby affecting users’ QoE. Therefore,
the adverse impact of model loading time on QoE must be
considered and minimized.

Although some related studies consider model loading time
[33], [34] and explore its impact on the joint optimization
of model caching and request routing problem in multi-edge
collaborative MEC to maximize throughput under latency and
accuracy constraints, they only use model loading costs to
refine the solution, without considering its impact on decision-
making. Therefore, existing solutions are not efficient and
flexible enough in MEC environments with limited resources
and dynamically changing user requests.

In this paper, we study a Joint Dynamic model Caching and
request Routing problem (JDCR) with the goal of maximizing
user request inference precision. Based on linear programming
(LP) and randomized rounding, we first propose a novel offline
multi-edge Collaborative dynamic model Caching and request
Routing optimization algorithm (CoCaR), which provides an
approximate optimal solution to the JDCR problem with theo-
retical guarantees. Subsequently, we extend CoCaR to CoCaR-
OL to adapt to online scenarios where user requests are
hard to predict. Specifically, we divide time into consecutive
observation windows. When making decisions in each window,
we first consider the BS resource and latency constraints, as
well as the impact of model loading time on QoE due to the
switching of caching schemes. Then, based on BS caching
results from the previous window, we utilize the capability of
rapid switching between submodels of the same dynamic DNN
to flexibly adjust the caching scheme, thereby increasing the
valid service time of the model. Additionally, by leveraging the
fine-grained resource utilization feature of dynamic DNNs, BS
resources can be used more efficiently, enabling the caching
of more DNN models to satisfy a greater number of user
demands. The contributions of this paper are as follows:

• We formulate the JDCR problem in MEC networks. The
goal is to maximize the total inference precision for user
requests while adhering to constraints on BS resources,
latency, and model loading time. As this JDCR problem
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Fig. 2. Examples of static DNN and dynamic DNN schemes.

is a non-convex, nonlinear integer programming problem
that poses significant challenges for resolution, we perform
equivalent transformations and relaxations.

• We propose a novel offline algorithm, CoCaR, based on
LP and random rounding to solve the JDCR problem.
Specifically, CoCaR can leverage dynamic DNNs to provide
a more flexible and fine-grained caching scheme. Theoretical
analyses show that CoCaR has strict performance guarantees

and achieves an approximation ratio of (1−
√

4 ln |H|
P† )2 to

the optimal integer solution, where |H| represents the total
number of submodels, and P† is the objective value of the
optimal fractional solution.

• We further extend CoCaR to handle online scenarios where
future user requests are difficult to predict in advance and
both caching and routing decisions must be made in real-
time. Thus, we propose CoCaR-OL, an online variant that
determines dynamic DNN model caching strategies based
on expected future gains estimated from historical user
request patterns. It further adopts a greedy algorithm for
routing decisions, enabling effective adaptation to dynamic
and unpredictable demands.

• Extensive simulations validate the effectiveness of the pro-
posed CoCaR and CoCaR-OL. The results show that CoCaR
achieves at least a 46% improvement in average inference
precision and a 44% increase in cache hit rate over four
state-of-the-art algorithms, utilizing at least 86% of BS
resources. In online scenarios, CoCaR-OL attains at least
a 1.71× improvement in users’ QoE and a 1.73× increase
in cache hit rate over the baseline.

II. BACKGROUND AND MOTIVATION

Dynamic DNN. As shown in Fig. 1, taking Vision Trans-
former (ViT) [35] as an example, we divide a DNN into three
parts based on its network architecture: the entry network
(EntNet), the hidden network (HidNet), and the exit network
(ExtNet). To ensure a certain level of inference precision, the
DNN is divided into multiple submodels of different sizes by
partitioning HidNet, and each submodel has its own trained
ExtNet. Additionally, switching between submodels of a dy-
namic DNN involves adding or removing the corresponding
HidNet and ExtNet.

Next, we use an example to compare a scheme that caches
only complete models (i.e., static DNN) with a scheme based
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Fig. 3. System model. The same color indicates the dynamic DNN associated
with a model type, while different lengths of that color represent different
submodels of the dynamic DNN.

on a dynamic DNN at a BS. Apart from the specific exper-
imental settings described below, the remaining parameters
and performance results are obtained under the experimental
environment and configurations described in Sec. VI-A.

Motivating Example. As shown in Fig. 2, there are two
DNN model types, A and B, each divided into three sub-
models of different sizes. A period of 50s is divided into 10
observation windows, with 100 users randomly and uniformly
initiating model inference requests in each window. The cache
size is set to 2, with cached models loaded into the BS memory
at the start of each window, and providing valid services
once fully cached. In the observation window τ + 1, the
static DNN scheme takes 1.33s to fully cache model B (size
1.5), but cannot fully cache model A (size 1.2) due to the
limited cache size at the same time. In contrast, the dynamic
DNN-based scheme utilizes cache results from a window τ ,
taking only 0.43s to cache model B from submodel 2 to
submodel 3, providing 4.57s of valid service. Additionally,
it can also cache submodel 1 of model A, achieving an
inference precision of 0.84, thereby providing more services
to more users. Ultimately, using a dynamic DNN improves
the average inference precision and cache hit rate by at least
48% compared to a static DNN. This example underscores the
significance of developing novel dynamic DNN-based model
caching and request routing schemes.

III. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Overview

As shown in Fig. 3, we consider an MEC system consisting
of N = {1, 2, · · · , N} BSs equipped with edge servers. These
BSs have caching and computing capabilities and can com-
municate with each other through high-speed wired networks.
They can provide some of the M services for end users
U = {1, 2, · · · , U}. We assume that users are randomly and
uniformly distributed within the BS coverage area, with the
closest BS to each user u (called the home BS) denoted as
n̂u. We focus on joint model caching and request routing
in MEC networks. Let M = {1, 2, · · · ,M} represent the
set of different DNN model types, and mu ∈ M the DNN
model inference request generated by user u. Let H(m) =
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Fig. 4. Communication latency: Routing user u’s request involves wireless
transmission from u to home BS n1, wired transmission from n1 to target BS
n3, and a total of 6 hops from initiating the request to receive the inference
result.

{hm
0 , hm

1 , · · · , hm
H(m)} denote the set of submodels {hm

j }H(m)
j=1

of the dynamic DNN associated with m, along with an empty
submodel hm

0
1. Then, denote by H =

⋃
m∈M H(m) the set

of all submodels, and |H| the total number of submodels. For
each model type m, a BS can cache at most one submodel
concurrently to provide service. Furthermore, we define a
partial order (H,⪯) over the set of submodels H, where
each H(m) is linearly ordered, and elements from different
H(m) are incomparable. That is, for any hi, hj ∈ H, we have
hi ⪯ hj if and only if hi, hj ∈ H(m), and hi is a submodel
no larger than hj . Similarly, hi ≻ hj holds if and only if hi

and hj belong to the same H(m), and hi is a larger submodel
than hj .

Considering the dynamic nature of the MEC network,
time is divided into discrete time slots, denoted as T =
{1, 2, . . . , t, . . . , T}. Multiple consecutive time slots form an
observation window, denoted as Γ = {1, 2, . . . , τ, . . . , |Γ|}.
Each observation window updates the caching and routing
decisions based on user requests. If user u’s request is routed
to the target BS that caches the submodel of the dynamic DNN
of mu, it is called a hit, and model inference is performed to
obtain a result with corresponding precision; otherwise, it is a
miss, and the user u’s request will be sent to the cloud with
an inference precision of 0 at the edge.

Next, we focus on the joint offline caching and routing
decisions within an observation window τ . For brevity, we
omit τ when there is no ambiguity.

B. Model Caching Model

It is crucial to decide which DNN models to cache on
resource-limited BSs. Let binary variable xn,h ∈ {0, 1} be the
model caching decision for submodel h in BS n at window τ ,
where xnh = 1 if submodel h has been cached at BS n, and
xn,h = 0 otherwise. Each BS is required to cache a submodel
of the dynamic DNN associated with each model type:∑

h∈H(m)

xn,h = 1,∀n ∈ N ,m ∈ M, (1)

where if xn,hm
0

= 1, it indicates that the empty submodel of
model type m is cached (which is equivalent to not caching
the model type m).

1Here, hm
0 is introduced for modeling convenience, with no impact on BS

resource usage or model inference precision.
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In addition, the total cached models cannot exceed the
memory capacity of BS n:∑

h∈H

xn,h · rh ≤ Rn, ∀n ∈ N , (2)

where rh is the required memory space to cache submodel h,
and Rn is the total memory capacity of BS n.

C. Request Routing Model

In general, there are many methods to pre-fetch user re-
quests [23], [36], which can then be routed to the target BS or
the cloud for inference. Let yn,u ∈ {0, 1} be the user request
routing decision variable at window τ , where yn,u = 1 if the
request from user u is routed to BS n, otherwise yn,u = 0.
Let du, ddlu, and su denote the request data size of user u,
the maximum perceived latency user u can tolerate, and the
initiation time of user u’s request in the observation window
τ , respectively.

First, each user u’s request is routed to at most one BS, and
requests that cannot be routed are sent to the cloud:∑

n∈N
yn,u ≤ 1,∀u ∈ U . (3)

Second, users experience end-to-end inference latency from
request initiation to receiving the result, which includes:
• Communication latency. As shown in Fig. 4, the communi-

cation latency for routing user requests can be calculated as
T off
u =

∑
n∈N yn,u · ( du

φn̂u
+ du

rn̂u,n
+ λu,n), ∀u ∈ U , where

φn̂u
= Wclog2(1+

guEn,u

N0
) is the wireless transmission rate,

gu is user u’s transmission power, En,u is the channel gain
from user u to BS n, Wc is the channel bandwidth, and N0

is the noise power 2; rn̂u,n is the average wired transmission
rate between home BS n̂u and target BS n; and λu,n denotes
the propagation latency of user u’s request routed to BS n,
measured from its initiation to the reception of the inference
result, which depends on the number of hops.

• Inference latency. The inference latency of user u’s re-
quest at the target BS n can be calculated as T infer

u =∑
n∈N

∑
h∈H(mu)

yn,u · xn,h · ch·du

Cn
, ∀u ∈ U , where ch

denotes the computational flops required for model h to
process one unit of data request, and Cn denotes the
maximum computational capacity that BS n can provide.
Thus, user u’s end-to-end inference latency Tu can be

calculated as Tu = T off
u +T infer

u , ∀u ∈ U . To ensure the QoE of
end-users, Tu must not exceed the maximum perceived latency
ddlu that user u can tolerate:

Tu ≤ ddlu, ∀u ∈ U . (4)

Additionally, the time required to load the DNN model
into the BS’s memory at each observation window cannot
be ignored. In offline scenarios, we can proactively pre-
download the required DNN models from the cloud to the
secondary storage of the BS based on the expected user
requests in the upcoming window, and then load the models

2In this paper, we simplify the transmission model by assuming that BSs
adopt a fixed transmission rate φn̂u for all users u [37].

TABLE I
LIST OF NOTATIONS.

Notation Description

N ,U Set of base stations and users
M,H Set of DNN model types and submodels
H(m) Set of submodels associated with model type m

n̂u Closest BS to user u (home BS)
mu User u’s requested DNN model type m

xn,h Caching variable for submodel h at BS n in window τ

yn,u Routing variable for user u to BS n in window τ

du, ddlu User u’s data size and maximum tolerable latency
su User u’s request initiation time in window τ

Rn Memory capacity of BS n

Cn Computation capacity of BS n

rh Size of submodel h
ch Flops of submodel h per data unit
φn Wireless transmission rate of BS n

rn′,n Wired transmission rate between BS n′ and BS n

λu,n Propagation latency for user u to BS n in window τ

T off
u User u’s communication latency in window τ

T infer
u User u’s inference latency in window τ

Tu User u’s total end-to-end inference latency in window τ

T load
n,m Load latency of model type m at BS n in window τ

ph Expected inference precision of submodel h

into the memory at the beginning of the next observation
window. Let T load

n,m denote the loading latency for caching the
submodel of the dynamic DNN associated with model type
m at BS n. When caching submodel h of a model type that
is already cached in the previous window, let Dswit

m (h′, h)
denote the switching latency from submodel h′ to submodel
h; conversely, when caching a model that has not been cached
before, let Dnew

m (hm
0 , h) represent the latency to add submodel

h of model m. For the observation window τ , the model
loading latency of the model type m at BS n can be calculated
as:

T load
n,m =

∑
h,h′∈{H(m)\hm

0 }

xn,h′(τ − 1) ·Dswit
m (h′, h) · xn,h

+
∑

h∈{H(m)\hm
0 }

xn,h ·Dnew
m (hm

0 , h) · xn,hm
0
(τ − 1)

= xT
n,m ·Dm · x′

n,m(τ − 1),
(5)

where vector xn,m = [xn,hm
0
, xn,hm

1
, · · · , xn,hm

H(m)
], and Dm

can be regarded as the transit time of model m, including
the possible switching or addition of the model state during
the transit process from the previous window to the current
window.

Since DNNs must be cached before providing services, user
u’s request can be routed to BS n with the cached submodel
of mu for inference only if the model loading completion time
is earlier than the request initiation time su:∑

n∈N
yn,u · T load

n,mu
≤ su, ∀u ∈ U . (6)
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D. Problem Formulation

In the offline scenario where user requests can be predicted
in advance, the purpose is to jointly decide on model caching
and request routing variables in a multi-edge collaborative
scenario to maximize the total inference precision of all user
requests in each observation window, while the constraints
associated with the decision variables are not violated. Let ph
be the expected inference precision of the submodel h. The
problem can be formulated as follows:

(P)max
x,y

∑
u∈U

∑
n∈N

∑
h∈H(mu)

xn,h · yn,u · ph (7)

s.t. (1), (2), (3), (4), (6),

xn,h ∈ {0, 1}, yn,u ∈ {0, 1}, ∀n ∈ N , u ∈ U , h ∈ H,
(8)

where constraint (1) ensures that each BS caches one submodel
per model type; constraint (2) limits the BS memory used by
cached models; constraint (3) restricts each user request to at
most one BS; constraint (4) keeps the end-to-end inference
latency within user tolerance; and constraint (6) requires the
DNN models to be cached before executing user requests at
BSs. For ease of reference, important notations are listed in
Table I.

IV. THE COCAR APPROACH

In this section, we transform problem P , formulated
under the assumption in Sec. III-C that user requests for
the upcoming window are known in advance, into a linear
programming problem. The assumption allows proactive
downloading of the required models from the cloud to the
edge server, followed by loading them into the server’s
memory. Then, we propose CoCaR to solve the transformed
problem. Furthermore, we provide a detailed theoretical
analysis and complexity evaluation for CoCaR, and extend it
to practical scenarios.

A. Problem Transformation

The term xn,h · yn,u in problem P makes it a nonlinear
integer programming problem, which is difficult to solve
directly. To address this, we introduce the virtual binary integer
variable An,u,h to transform problem P into an equivalent
integer linear programming problem P1. We define

An,u,h = xn,h · yn,u, ∀n ∈ N , u ∈ U , h ∈ H(mu). (9)

Then, we introduce three additional constraints to equiva-
lently represent Eq. (9):

An,u,h ≤ xn,h, An,u,h ≤ yn,u,

xn,h + yn,u − 1 ≤ An,u,h.
(10)

Subsequently, from Eq. (9), we can observe that An,u,h has
practical significance, i.e., An,u,h = 1 indicates that BS n has
cached submodel h and user u’s request is routed to BS n.
Thus, we can eliminate y to reduce the number of variables
and simplify the problem.

Algorithm 1 CoCaR Algorithm
Input: {mu, du, ddlu, su}, τ, x̃n,h(τ − 1), N ,M
Output: x̃n,h, Ãn,u,h, ỹn,u

1: Solve problem P1-LR and get the optimal fractional solution
x†
n,h, A

†
n,u,h.

2: for n ∈ N ,m ∈M do
3: Sample x̃n,m from the multinoulli distribution Pr[x̃n,m =

I(h)] = x†
n,h, h ∈ H(m).

4: Denote the sample result by x̃n,m = I(ĥ).
5: Set x̃n,ĥ = 1, x̃n,h = 0, h ∈ H(m)\{ĥ}.
6: end for
7: for u ∈ U , n ∈ N do
8: for h ∈ H(mu) do

9: Set ϕ̃n,u,h = 1 with probability
A

†
n,u,h

x
†
n,h

.

10: Let Ãn,u,h = x̃n,h · ϕ̃n,u,h.
11: end for
12: Let ỹn,u = 1(

∑
h∈H(mu) Ãn,u,h > 0).

13: end for
14: return x̃n,h, Ãn,u,h, ỹn,u

Therefore, problem P1 involves only the variables xn,h and
An,u,h. For each user u ∈ U , there is∑
n∈N

∑
h∈H(mu)

An,u,h =
∑
n∈N

∑
h∈H(mu)

xn,h · yn,u =
∑
n∈N

yn,u,

(11)
which holds due to Eq. (1). Thus, the constraint (3) can be
equivalently transformed into:∑

n∈N

∑
h∈H(mu)

An,u,h ≤ 1,∀u ∈ U . (12)

Furthermore, for the T off
u part of the end-to-end inference

latency in Eq. (4), let T off
u =

∑
n∈N

∑
h∈H(mu)

xn,h · yn,u ·
( du

φn̂u
+ du

rn̂u,n
+λu,n), ∀u ∈ U , which is equivalent to the orig-

inal constraint. Consequently, problem P1 can be formulated
as:

(P1)max
x,A

∑
u∈U

∑
n∈N

∑
h∈H(mu)

An,u,h · ph (13)

s.t. (1), (2), (12),

An,u,h ≤ xn,h, ∀n ∈ N , u ∈ U , h ∈ H(mu), (14)∑
n∈N

∑
h∈H(mu)

An,u,h · (( du
φn̂u

+
du

rn̂u,n
+ λu,n)

+
ch · du
Cn

) ≤ ddlu, ∀u ∈ U , (15)∑
n∈N

∑
h,h′∈H(mu)

An,u,h · xn,h′(τ − 1) ·Dmu
(h′, h)

≤ su, ∀u ∈ U , (16)
xn,h ∈ {0, 1}, ∀n ∈ N , h ∈ H, (17)
An,u,h ∈ {0, 1}, ∀n ∈ N , u ∈ U , h ∈ H(mu).

(18)

However, problem P1 is still difficult to solve in polynomial
time due to its non-convexity. To address this, we relax the
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variables in P1 and transform it into an LP problem:

(P1-LR)max
x,A

∑
u∈U

∑
n∈N

∑
h∈H(mu)

An,u,h · ph (19)

s.t. (1), (2), (12), (14), (15), (16),

xn,h ∈ [0, 1], ∀n ∈ N , h ∈ H, (20)
An,u,h ∈ [0, 1], ∀n ∈ N , u ∈ U , h ∈ H(mu).

(21)

B. Approximation Algorithm
We propose the CoCaR algorithm to solve the JDCR

problem using random rounding and linear programming. The
details are provided below and summarized in Alg. 1.

First, by applying a linear programming solver [38] to
solve problem P1-LR, we can obtain the optimal fractional
solutions x†

n,,h and A†
n,u,h (Line 1). Then, we round x†

n,h

and A†
n,u,h to obtain vector x̃n,m and intermediate variable

ϕ̃n,u,h, where x̃n,m contains the integer solutions x̃n,h, and
ϕ̃n,u,h indicates whether user u’s request attempts to route to
submodel h at BS n for inference, serving to determine the
integer solution Ãn,u,h. Specifically, let the vector x̃n,m be the
indicator vector I(h) with probability x†

n,h (Lines 3-5) and the
rounding probability of ϕ̃n,u,h be ϕ†

n,u,h (Lines 9-10):

Pr[x̃n,m = I(h)] = x†
n,h,

Pr[ϕ̃n,u,h = 1] = ϕ†
n,u,h =

A†
n,u,h

x†
n,h

,
(22)

where I(h) is a one-hot vector of size |H(m)|, with the h-th
element being 1 and 0 otherwise, indicating that the submodel
h of model m is cached at BS n, i.e., x̃n,h = 1. Finally, let

Ãn,u,h = x̃n,h · ϕ̃n,u,h. (23)

Thus, we can revert ỹn,u based on Ãn,u,h (Line 12).
Then, we provide theoretical guarantees on the quality of

the solutions returned by the CoCaR algorithm.

Lemma 1. The solutions returned by CoCaR satisfy the
constraints in problem P1 in expectation.

Proof. First, the inequality Ãn,u,h ≤ x̃n,h holds according to
Eq. (23), which satisfies constraint (14).

Second, for integer solutions x̃n,h,
∑

h∈H(m) x̃n,h =
∥x̃n,m∥1 = 1 holds. Therefore, constraint (1) can be satisfied,
where ∥x̃n,m∥1 is the L1 norm of vector x̃n,m.

Next, the expected amount of memory consumed by model
caching at BS n, n ∈ N is given by: E[

∑
h∈H x̃n,h · rh] =

E[
∑

m∈M x̃n,m · rm] =
∑

m∈M
∑

h∈H(m) x
†
n,h · rh ≤ Rn,

where vector rm = [rhm
0
, rhm

1
, · · · , rhm

H(m)
], and the last

inequality holds due to constraint (2).
Then, constraint (12) is satisfied in expectation due to:

E[
∑
n∈N

∑
h∈H(mu)

Ãn,u,h] =
∑
n∈N

E[x̃n,mu
· ⃗̃ϕn,u]

=
∑
n∈N

∑
h∈H(mu)

Pr[x̃n,mu = I(h)] · Pr[ϕ̃n,u,h = 1] (24)

=
∑
n∈N

∑
h∈H(mu)

x†
n,h ·

A†
n,u,h

x†
n,h

=
∑
n∈N

∑
h∈H(mu)

A†
n,u,h ≤ 1,

where vector ⃗̃
ϕn,u = [ϕ̃n,u,hmu

0
, ϕ̃n,u,hmu

1
, · · · , ϕ̃n,u,hmu

H(mu)
].

The first equation holds due to vector operations, and the third
due to Eq. (22). The inequality holds by constraint (12).

Furthermore, the end-to-end inference latency perceived by
user u ∈ U is expected to be:

E[
∑
n∈N

∑
h∈H(mu)

Ãn,u,h · (( du
φn̂u

+
du

rn̂u,n
+ λu,n) +

ch · du
Cn

)]

= E[
∑
n∈N

⃗̃
ϕn,u · (x̃n,mu

⊙ ⃗̂Tn,u)] (25)

=
∑
n∈N

∑
h∈H(mu)

A†
n,u,h · T̂n,u,h ≤ ddlu,

where T̂n,u,h = (( du

φn̂u
+ du

rn̂u,n
+λu,n)+

ch·du

Cn
), vector ⃗̂Tn,u =

[T̂n,u,hmu
0

, T̂n,u,hmu
1

, · · · , T̂n,u,hmu
H(mu)

] and ⊙ represents the
element-wise vector multiplication. The second equation holds
due to Eq. (22), and the inequality is by constraint (15).

Finally, the model loading latency for user u, u ∈ U is
expected to be:

E[
∑
n∈N

∑
h∈H(mu)

∑
h′∈H(mu)

Ãn,u,h · xn,h′(τ − 1) ·Dmu
(h′, h)]

= E[
∑
n∈N

⃗̃
ϕn,u · (x̃n,mu

⊙ ⃗̂
Dn,mu

)] (26)

=
∑
n∈N

∑
h,h′∈H(mu)

A†
n,u,h · xn,h′(τ − 1) · D̂n,h ≤ su,

where D̂n,h =
∑

h′∈H(mu)
xn,h′(τ − 1) · Dmu

(h′, h), and

vector ⃗̂
Dn,mu = [D̂n,hmu

0
, D̂n,hmu

1
, · · · , D̂n,hmu

H(mu)
]. The last

inequality holds due to constraint (16).

Lemma 2. The objective value obtained by the CoCaR is
equal to that of the optimal fractional solution in expectation.

Proof. First, let P† be the objective value in the optimal
fractional solution, P† =

∑
u∈U

∑
n∈N

∑
h∈H(mu)

A†
n,u,h ·ph.

In expectation, the total inference precision of user requests
that the CoCaR algorithm can obtain is:

E[P̃] = E[
∑
u∈U

∑
n∈N

∑
h∈H(mu)

Ãn,u,h · ph]

=
∑
u∈U

∑
n∈N

E[⃗̃ϕn,u · (x̃n,mu
⊙ P⃗mu

)]

=
∑
u∈U

∑
n∈N

∑
h∈H(mu)

A†
n,u,h · ph = P†,

(27)

where vector P⃗mu
= [pmu

0 , pmu
1 , · · · , pmu

H(mu)
].

The above lemmas show that CoCaR has theoretical guar-
antees in expectation. However, in practice, random rounding
may lead to constraint violations. Next, we analyze in detail
using the Chernoff Bound theorem [39].

Definition 1 (Chernoff Bound [39]). Given I independent
random variables z1, z2, . . . , zI , where for all zi obey multi-
noulli distribution, and zi ∈ [0, 1]. Let µ = E[

∑I
i=1 zi]. Then,

it holds that Pr[
∑I

i=1 zi ≥ (1 + δ)µ] ≤ exp
−δ2µ
2+δ , ∀ δ > 0

and Pr[
∑I

i=1 zi ≤ (1− δ)µ] ≤ exp
−δ2µ

2 , ∀ 0 < δ < 1.
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Theorem 1. There is a high probability that the solution

returned by the CoCaR algorithm has at least (1−
√

4 ln |H|
P† )2

approximation ratio with the optimal integer solution, where
P† is the objective value obtained from the optimal fractional
solution, under the assumption P† ≥ 4 ln |H|.

Proof. According to Eq. (22), P† is equivalent to P† =∑
u∈U

∑
n∈N

∑
h∈H(mu)

x†
n,h ·ϕ

†
n,u,h ·ph. Next, to satisfy the

independence requirement for the Chernoff Bound, we provide
a two-stage proof.

In stage I, we first keep ϕ†
n,u,h in P† unchanged and round

x†
n,h to x̃n,h to obtain P′:

P′ =
∑
u∈U

∑
n∈N

∑
h∈H(mu)

x̃n,h · ϕ†
n,u,h · ph

=
∑
n∈N

∑
m∈M

(x̃n,m ·
∑

u∈{u|mu=m}

P⃗u),
(28)

where P⃗u = [
A†

n,u,h
mu
0

x†
n,h

mu
0

· phmu
0

, · · · ,
A†

n,u,h
mu
H(mu)

x†
n,h

mu
H(mu)

· phmu
H(mu)

].

Denote vn,m = x̃n,m ·
∑

u∈{u|mu=m} P⃗u, the determinism
of

∑
u∈{u|mu=m} P⃗u and the independence of x̃n,m ensure

that vn,m are independent. Clearly, we have E[P′] = P†, and
by the Chernoff Bound theorem, when δ1 ∈ [0, 1], we have

Pr[P′ ≤ (1− δ1)P†] = q1 ≤ exp(
−δ21P†

2
). (29)

Next, find a δ1 value for the right side of Eq. (29) to make
it very small. Specifically, we require,

exp(
−δ21P†

2
) ≤ 1

|H|2
. (30)

This means that as the number of submodels increases, the
probability bound converges to zero quickly. Eq. (30) holds

when δ1 ≥
√

4 ln |H|
P† , which is true if we pick δ1 =

√
4 ln |H|

P† .
In stage II, building upon the rounded result x̃n,h in stage

I, we round ϕ†
n,u,h to ϕ̃n,u,h, resulting in the equation P̃: P̃ =∑

u∈U
∑

n∈N
∑

h∈H(mu)
x̃n,h · ϕ̃n,u,h · ph. Since x̃n,h · ph

are deterministic and ϕ̃n,u,h are independent, it follows that:
E[P̃] =

∑
u∈U

∑
n∈N

∑
h∈H(mu)

x̃n,h · Pr[ϕ̃n,u,h = 1] · ph =
P′. By the Chernoff Bound theorem, when δ2 ∈ [0, 1], we
have:

Pr[P̃ ≤ (1− δ2)P′] = q2 ≤ exp(
−δ22P′

2
). (31)

Since stage I and stage II are independent, when the
condition P′ ≥ (1− δ1)P† in Eq. (29) is satisfied, we have:

q2 = Pr[P̃ ≤ (1− δ2)P′|P′ ≥ (1− δ1)P†]

≤ exp(
−δ22P′

2
) ≤ exp(

−δ22(1− δ1)P†

2
).

(32)

Next, a value of δ2 is specified to make the right side of
Eq. (32) become very small. Specifically, we require:

exp(
−δ22(1− δ1)P†

2
) ≤ 1

|H|2(1−δ1)
, (33)

Eq. (33) holds when δ2 satisfies δ2 ≥
√

4 ln |H|
P† . We select

δ2 =
√

4 ln |H|
P† to make the inequality hold.

Under the conditions specified in (30) and (33), by combin-
ing (29) and (31), we obtain:

Pr[P̃ ≥ (1− δ1)(1− δ2)P†]

≥ Pr[P′ ≥ (1− δ1)P†]Pr[P̃ ≥ (1− δ2)P′|P′ ≥ (1− δ1)P†]

= (1− q1)(1− q2) ≥ (1− 1

|H|2
)(1− 1

|H|2(1−δ1)
). (34)

Since P̃∗ ≤ P†, where P̃∗ is the optimal integer solution, it
follows that: Pr[P̃ ≥ (1 − δ1)(1 − δ2)P̃∗] ≥ Pr[P̃ ≥ (1 −
δ1)(1− δ2)P†] ≥ (1− 1

|H|2 )(1−
1

|H|2(1−δ1) ).
In practice, as the number of user requests, BSs, and models

increases, P† related to u ∈ U , n ∈ N , h ∈ H will significantly
exceed 4 ln |H| (P† ≫ 4 ln |H|). Therefore, the objective value
obtained by the CoCaR algorithm has an approximation ratio

of at least (1− δ1)(1− δ2) = (1−
√

4 ln |H|
P† )2 to the optimal

integer solution P̃∗ with a high probability.

Theorem 2. For BS n ∈ N , the memory consumption of the
cached model returned by the CoCaR algorithm has a high
probability of not exceeding its memory capacity by more than
a factor of (

√
2 ln |H|

ζ†
n

+ 1√
2
)2 + 1

2 , where ζ†n is the memory
consumption of BS n in the optimal fractional solution, under
the assumption ζ†n ≥ ln |H|.

Proof. According to Lemma 1, E[
∑

h∈H x̃n,h · rh] =

E[
∑

m∈M x̃n,m · rm] =
∑

m∈M
∑

h∈H(m) x
†
n,h · rh, where

x̃n,m · rm are independent random variables and can be
normalized into values within [0,1]. Thus, we apply the
Chernoff Bound theorem to show that for any δ > 0:
Pr[

∑
h∈H x̃n,h · rh ≥ (1 + δ)

∑
m∈M

∑
h∈H(m) x

†
n,h · rh] ≤

e
−δ2

∑
m∈M

∑
h∈H(m) x

†
n,h

·rh
2+δ .

Denote ζ†n =
∑

m∈M
∑

h∈H(m) x
†
n,h · rh. Since ζ†n ≤ Rn,

it follows that: Pr[
∑

h∈H x̃n,h · rh ≥ (1 + δ)Rn] ≤ e
−δ2ζ

†
n

2+δ .
Then, similar to the proof in Theorem 1, to make the right

side of the inequality small, i.e., e
−δ2ζ

†
n

2+δ ≤ 1
|H|2 , δ must satisfy

δ ≥ ln |H|
ζ†
n

+
√

ln2 |H|
ζ†2
n

+ 4 ln |H|
ζ†
n

.

We select δ = 2 ln |H|
ζ†
n

+ 2
√

ln |H|
ζ†
n

. Since ζ†n ≥ ln |H| holds
in practice, with a high probability, the memory capacity of BS
n will not exceed by more than a factor of 1+δ = (

√
2 ln |H|

ζ†
n

+
1√
2
)2 + 1

2 .

By similar proofs, we can prove the following three theo-
rems about constraints (12), (15), and (16).

Theorem 3. For user u ∈ U , there is a high probability
that

∑
n∈N

∑
h∈H(mu)

Ãn,u,h is no greater than (
√

2 ln |H|
η† +

1√
2
)2 + 1

2 , where, η† =
∑

n∈N
∑

h∈H(mu)
A†

n,u,h.

Theorem 4. For user u ∈ U , CoCaR’s end-to-end infer-
ence latency has a high probability of not exceeding the
user’s tolerable perceived latency by a factor larger than
(
√

2 ln |H|
T†
u

+ 1√
2
)2 + 1

2 , where T†
u is the end-to-end inference

latency perceived by user u in the optimal fractional solution.
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Theorem 5. For model type mu requested by user u, u ∈ U ,
there is a high probability that CoCaR’s model loading latency
will not exceed user u’s request initiation time by more than

a factor of (
√

2 ln |H|
Tdep†
mu

+ 1√
2
)2 + 1

2 , where T dep†
mu

is the model

loading latency of model mu in the optimal fractional solution.

C. Complexity Analysis

First, we analyze the scale of the variables and constraints
in problem P1-LR. Let h∗ = maxm |H(m)|,m ∈ M, thus the
number of variables xn,h and An,u,h are bounded by O(N |H|)
and O(NUh∗), respectively. Therefore, the total number of
decision variables is bound by O(N |H|) + O(NUh∗) ≤
O(NMh∗) + O(NUh∗) ≤ O(NUh∗), given that M < U in
practice. Similarly, the number of constraints is bounded by
O(NM)+O(N)+3O(U)+O(NUh∗). Since M < U < Uh∗,
the total number of constraints is also O(NUh∗).

Then, considering the three loops in Lines 2, 7, and 8 of
Algorithm 1, the time complexity of CoCaR is O(NM) +
O(NUh∗) ≤ O(NUh∗), as M < U holds.

D. Extension to Practice

Since the CoCaR algorithm’s rounded solution may violate
a few constraints, we employ a heuristic strategy to convert
the rounded solutions x̃n,h, ỹn,u into feasible ones xn,h, yn,u.
First, for BS n ∈ N that violates the memory capacity
constraint, we evaluate the benefit of each model type m ∈ M
based on user requests and inference precision ph (where
x̃n,h = 1, h ∈ H(m)). We remove the least beneficial sub-
model and try to cache smaller ones. If no suitable submodel
can be cached, user requests previously routed to that BS
are redirected to the cloud. This process continues until the
memory constraint (2) is satisfied. Next, for users u ∈ U
violating constraints on maximum tolerable perceived latency
or model loading latency, requests are redirected to the cloud
until constraints (15) and (16) are met. Finally, if multiple
yn,u = 1 for a user u, the request is routed to the BS with
the highest inference precision. These steps ensure all caching
and routing decisions satisfy the constraints.

V. ADAPTATION TO ONLINE SCENARIOS

In real-world scenarios, the assumption made in Sec. III-C,
i.e., future user requests can be predicted in advance and the
required models can be pre-downloaded from the cloud to
edge servers, does not always hold [40], [41]. Thus, caching
decisions can only be made after receiving the current user
request, and the user must wait until the required model is
cached before being served. To address this, we further extend
the CoCaR approach to an online version, CoCaR-OL, which
adjusts the dynamic model caching strategy according to real-
time user request patterns.

A. System Model

As shown in Fig. 5, in the online scenario, model caching
decisions are made based on historical user request patterns
in each time slot. Therefore, when deciding to cache a larger

Cache 𝐀𝟐: 

Switch 𝐁𝟑 → 𝐁𝟐

Cache Status

Time Slots

𝐁𝟑 𝐀𝟐 𝐁𝟐 𝐀𝟑 𝐁𝟏

Hit with 𝐀𝟏
Hit with 𝐁𝟑

Hit with 𝐀𝟏
Hit with 𝐁𝟐

Hit with 𝐀𝟐
Hit with 𝐁𝟐

Hit with 𝐀𝟐
Hit with 𝐁𝟏

Hit with 𝐀𝟑
Hit with 𝐁𝟏

User Request

……

𝐁𝟐 𝐁𝟏

𝑡$ 𝑡% 𝑡& 𝑡' 𝑡(

Cache Decision Keep Current 

Cache Status

Cache 𝐀𝟑:

Switch 𝐁𝟐 → 𝐁𝟏

Keep Current 

Cache Status

𝐀𝟏 𝐀𝟏𝚫𝐀𝟐 𝚫𝐀𝟑𝐀𝟐

𝚫𝐀𝟐 𝚫𝐀𝟑

Fig. 5. Illustration of model caching in an online scenario. There are two types
of models, A and B, each comprising three distinct submodels. At time slot
t1, the system decides to cache submodel A2, which requires downloading
the additional component ∆A2 from the cloud to switch from A1 to A2. To
satisfy the cache capacity constraint, submodel B3 is simultaneously reduced
to B2. Since downloading ∆A2 takes two time slots, A2 becomes available
to serve users only from time slot t3 onward. In contrast, model eviction is
fast, allowing B2 to serve users immediately at t2.

submodel, the components required for the submodel switch-
ing need to be downloaded from the cloud, which may not be
completed within the current time slot. Since each submodel
hm
i+1 is typically constructed by incrementally adding com-

ponents to hm
i , the system can better utilize cached models

to serve users by downloading and caching the intermediate
submodels in sequence. For example, if a cached submodel hm

1

is decided to be switched to submodel hm
3 , it will first switch

to submodel hm
2 , and then to submodel hm

3 as the additional
required components are downloaded. To model this online
scenario, we introduce some new notations. Let Wn be the
bandwidth between the cloud and base station n, and ∆t be
the duration of time slot t. Let Õt

n,h and Ot
n,h denote the sizes

of data for submodel h to be downloaded at BS n before and
after the caching decision in time slot t, respectively. Similarly,
X̃t

n,h and Xt
n,h represent the caching status of submodel h at

BS n before and after the caching decision in time slot t,
respectively.

Thus, at time slot t, the remaining data size of submodel h
to be downloaded at BS n can be calculated as:

Õt
n,h =

{
max(Ot−1

n,h − t̄ ·Wn, 0), if Ot−1
n,h ̸= 0,

0, otherwise,
(35)

where t̄ = ∆t − min
(∑

h′≺h Ot−1

n,h′

Wn
,∆t

)
, meaning that each

submodel to be downloaded can start downloading immedi-
ately after the previous submodel is downloaded.

Then, whether submodel h has finished downloading at time
slot t can be denoted as:

gtn,h = 1{Ot−1
n,h ̸= 0 ∧ Õt

n,h = 0}, (36)

where1{a} = 1 if condition a is true, and 0 otherwise.
Next, based on the downloading status of submodels, the

caching state can be calculated as:

X̃t
n,h =


1, if gtn,h = 1 ∧

∑
h′≻h g

t
n,h′ = 0,

0, if
∑

h′≻h g
t
n,h′ ≥ 1,

Xt−1
n,h , otherwise.

(37)

Specifically, if at time slot t− 1, submodel h at BS n has just
been downloaded, and no submodel larger than h has been
downloaded in this slot, then submodel h will be cached and
X̃t

n,h is set to 1. Conversely, if at time slot t, a larger submodel
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than h that has been downloaded at BS n, so that submodel
h should not be cached, i.e., X̃t

n,h is set to 0. Otherwise, the
caching state of submodel h at BS n remains unchanged.

Consequently, based on the above caching state, the infer-
ence precision that model type m can provide at BS n during
time slot t can be calculated as:

Pn,m(t) =
∑

h∈H(m)

X̃t
n,h · ph. (38)

In addition, similar to Eq. (4), the total end-to-end inference
latency at time slot t for routing user requests of model type
m from home BS n′ to target BS n for inference can be
calculated as:

Tt
m(n′, n) =

dm
φn′

+
dm
rn′,n

+ λn′n +
∑

h∈H(m)

X̃t
n,h · ch · dm

Cn
,

(39)
where dm represents the input data size of model type m.

Finally, let Qt
m(n′, n) be the Quality of Experience (QoE)

at time slot t for routing a user request of model type m with
home BS n′ to target BS n for inference. To comprehensively
evaluate the trade-off between inference precision and the user-
perceived end-to-end inference latency, we define the QoE
function as follows:

Qt
m(n′, n) = Pn,m(t) ·max(0, 1− (Tt

m(n′, n)− θ) ·α), (40)

where θ is a normalization factor (i.e., the minimum end-
to-end inference latency), and α is a smoothing factor that
controls the degradation of precision due to end-to-end in-
ference latency. Specifically, when Tt

m(n′, n) > θ, the QoE
value Qt

m(n′, n) falls below the original precision Pn,m(t),
reflecting the negative impact of latency; conversely, if the
inference latency is equal to θ, the QoE will not be degraded.

Accordingly, the target BS that maximizes the QoE for a
user requesting model m with home BS n′ at time slot t can
be denoted as:

nt∗
m(n′) = argmax

n∈N
Qt

m(n′, n). (41)

Problem Formulation. In the online model caching and
request routing optimization problem, we route user requests to
the BS that maximizes their QoE. The optimization objective
is to maximize the total QoE of all users by designing an
effective caching policy. The problem is formulated as follows:

(P2) max
X

∑
t∈T

∑
u∈U

Qt
mu

(n̂u, n
t∗
m(n̂u)) (42)

s.t.
∑
h∈H

Xt
n,h · rh ≤ Rn, ∀t ∈ T , n ∈ N (43)

Tt
mu

(n̂u, n
t∗
mu

(n̂u)) ≤ ddlu, ∀t ∈ T , u ∈ U . (44)

B. Algorithm Design

To solve problem P2, we propose CoCaR-OL, a heuristic
caching algorithm based on predictive future gain, which
enables fine-grained perception of changes in user request pat-
terns in each time slot and allows flexible adjustment of cached
models. In CoCaR-OL, the action space for enlarging cached
submodels is defined as the set of all submodels from the

Algorithm 2 CoCaR-OL Algorithm
Input: U ,N ,M, round
Output: Xt

n,h, O
t
n,h

1: Initialize time slot variable t = 0.
2: Initialize model caching and download status X0

n,h, O
0
n,h.

3: while True do ▷ Start online monitoring and deciding
4: Step to new time slot: t← t+ 1.
5: Routine Update: Calculate temporary download status Õt

n,h

according to Eq. (48).
6: Routine Update: Calculate download-finishing flag variable

gtn,h and temporary cache status X̃t
n,h according to Eq. (49).

7: Receive current user requests {mt
u | u ∈ U}.

8: Calculate the best routing destination nt∗
m(n′) from Eq. (41).

9: for u ∈ U do ▷ Route user requests and calc. total QoE
10: Route use request mu to the best destination nt∗

mu
(n̂u).

11: Calculate the corresponding QoE value Qt
mu

by Eq. (40).
12: end for
13: Update the recent proportion of user requests f t

n,m by Eq. (45).
14: Ot

n,h := Õt
n,h, X

t
n,h := X̃t

n,h.
15: for r = 1→ round do ▷ Make model caching decision
16: Randomly choose a BS n for caching adjustment.
17: Compute the future expected gain ∆R for each possible

cached model switch based on Ot
n,h, X

t
n,h according to

Eq. (47).
18: Find the best scheme for model switching (caching and

evicting) by solving a memory-constrained knapsack prob-
lem.

19: Switch Update: Update download status Ot
n,h by Eq. (48).

20: Switch Update: Update cache status Xt
n,h by Eq. (49).

21: end for
22: end while

currently cached one up to the first submodel whose additional
components, relative to the cached submodels, cannot be fully
downloaded within a time slot.

Specifically, we first use the user request patterns from the
past ∆TP time slots to simulate user requests for the future
∆TF time slots. In particular, the proportion of user requests
for model type m with home BS n over the past ∆TP time
slots can be denoted as:

f t
n,m =

∑i=t
i=t−∆TP

∑
u∈U 1{mi

u = m ∧ n̂i
u = n}∑i=t

i=t−∆TP U
. (45)

Next, let πt
n,m(Xt;Ot) ∈ {(h′, h) | Xt

n,h′ = 1, h ∈ H(m)}
denote the action taken at time slot t for a cached submodel
h′ of model type m at BS n, under the observation of system
states Xt and Ot. When h′ ≻ h, it indicates a switch from
the cached submodel h′ to a smaller submodel h; conversely,
it indicates a switch to a larger submodel h or remaining
unchanged. Then, at time slot t, the expected future reward
of switching a cached submodel h′ of model m at BS n to a
submodel h, while keeping all other system states unchanged,
can be computed as:

R(πt
n,m = (h′, h)) =

∆TF∑
t′=t+1

∑
n′∈N

γ(t′−t) · f t′

n′,m

·Qt′

m

(
n′, nt′∗

m (n′)
)
, (46)

where γt denotes the discount factor of the user’s QoE in the
tth future time slot.
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Therefore, the expected future gain from replacing the
cached submodel h′ of model m at BS n with h can be
computed as:

∆R(πt
n,m = (h′, h)) = R(πt

n,m = (h′, h))

−R(πt
n,m = (h′, h′)). (47)

Finally, after making the caching decision at time slot t, if it
is decided to switch from the cached submodel h′ at BS n to
a larger target submodel ĥt, the download status of submodel
h can be computed as:

Ot
n,h =

∆rh, if Õt
n,h = 0 ∧

∑
h′≺h

X̃t
n,h′ = 1 ∧ h ⪯ ĥt,

Õt
n,h, otherwise,

(48)
where ∆rh represents the additional data size that each
submodel h between the cached submodel h′ and the target
submodel ĥt needs to download relative to its preceding
submodel. Otherwise, if the decision is to switch from the
cached submodel h′ at BS n to a smaller target submodel ĥt,
the model’s cache state can be updated directly as the time
required for cache eviction is negligible:

Xt
n,h =


1, if h = ĥt,

0, if h = h′,

X̃t
n,h, otherwise.

(49)

The procedure of the CoCaR-OL algorithm is shown in Alg.
2. At the beginning of each time slot t, the download and cache
states of each submodel, Õt

n,h and X̃t
n,h, are updated through

a routine process (Lines 5-6). Then, the maximum QoE for
each user during the current time slot is calculated, and the
historical request frequency f t

n,m of each model m at each BS
n is updated (Lines 7-13). In each iteration, a BS n is randomly
selected, and all submodels of models that are not being down-
loaded at BS n are traversed. For each candidate submodel, it
is hypothetically enlarged, and a knapsack problem is solved
under the constraint of the remaining memory capacity of BS
n. This step selects a combination of cached submodels from
other candidate models and their smaller submodels, such that
the expected future gain of cache switching is maximized
(Lines 16-18). The same process is then repeated for other
candidate submodels. Finally, the model switching scheme that
yields the maximum expected future gain is chosen from all
the options, and the corresponding model states Ot

n,h and Xt
n,h

are updated accordingly (Lines 19-20).

VI. PERFORMANCE EVALUATION

In this section, we conduct simulation experiments to
evaluate the proposed CoCaR algorithm’s performance after
converting its solution into feasible ones (Sec. IV-D) as well
as the performance of the CoCaR-OL algorithm in online
scenarios.

A. Evaluation Setup

Following a setup similar to [22] and [25], the duration of
each observation window is set to ∆τ = 3s and the number
of windows |Γ| = 10, i.e., the total time is 30s. We consider

TABLE II
ATTRIBUTES OF THE THREE VIT SUBMODELS

Submodel Memory (MB) FLOPs (GFlops) Precision

1 174.32 5.70 0.8417
2 227.42 7.56 0.9413
3 342.05 11.29 0.9894

TABLE III
LOADING TIME OF THE THREE VIT SUBMODELS (S)

Original
Submodels

Final Submodels

1 2 3

/ 0.68860 0.87696 1.05821
1 0.00000 0.24794 0.46098
2 0.04238 0.00000 0.25082
3 0.04725 0.04242 0.00000

an MEC network with N = 5 BSs and U = 600 users in each
window. The coverage range of a BS is 150 m, and the connec-
tion between BSs is established using the Erdős–Rényi random
graph model [42]. The wireless uplink transmission rate is set
to φn̂u

= 20Mbps, and the transmission rate between BSs
is set to rn̂un = 100Mbps. The bandwidth between the cloud
and the base station is set to Wn = 800Mbps. The propagation
time for one hop is set to 0.01s. We set the memory capacity
for each BS n to Rn = 500MB and the maximum computing
power Cn = 70Gflops/s.

We use M = 8 different DNN model types (e.g., ViT,
swintransformer [43], etc.), with each model type having
three submodels. Each submodel is trained and tested on the
CIFAR-10 dataset [44]. Taking ViT as an example. Tables
II and III show the attributes and loading times of the ViT
submodels, respectively. Table II shows the differences in
memory consumption and inference precision among the ViT
submodels. Table III indicates that loading submodel 2 directly
from the secondary storage takes 0.877s, whereas switching
from submodel 1 to submodel 2 takes only 0.248s, thereby
increasing the valid service time of ViT. The popularity of
model types follows a Zipf distribution with a skewness
coefficient of 0.8 [45], and each user generates a request
for a random model type. The data size of each request and
model input is du = dm = 0.144MB. The maximum tolerable
latency for the user is set to 0.3s. We implemented the CoCaR
using Python 3.10.14 and conducted all experiments on an
Intel(R) Xeon(R) Gold 6230R CPU @ 2.10 GHz with eight
NVIDIA GeForce RTX 3070 GPUs.

B. Benchmarks and Evaluation Metrics

We compare CoCaR with the following algorithms.
• Linear-Relaxation (LR). The optimal fractional solution

of problem P1-LR, obtained via a linear programming
solver, serves as an upper bound for the optimal integer
solution but is typically unattainable in practice.

• SPR3 [22]. It uses random rounding to solve the joint ser-
vice caching and request routing problem under memory,
computation, and communication constraints.
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Fig. 6. Impact of different BS memory capacities: (a) Average inference
precision; (b) Average hit rate.
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Fig. 7. Impact of popularity change frequency: (a) Average inference
precision; (b) Average hit rate. The x-axis indicates how many observation
windows the popularity changes once.

• GatMARL [46]. GatMARL constructs the MEC environ-
ment as an undirected graph, applying a graph attention-
based multi-agent reinforcement learning algorithm to
learn task offloading and service caching policies.

• Greedy. The model type is selected based on popularity,
and one of its submodels is cached in descending order
of precision. User requests are routed to the home BS.

• Random. The models cached at each BS are randomly
selected from the submodels associated with each model
type. User requests are randomly routed to a BS.

Note that SPR3 and GatMARL only cache the complete
service, and all benchmarks except LR ignore the impact of
model loading time on decision-making.

Our evaluation is based on the following metrics:

• Average inference precision. It reflects the average
inference precision for all user requests over all windows.

• Average QoE of Users. It reflects the average QoE for all
user requests under the precision and latency tradeoff over
all time slots, which is calculated according to Eq. (40)
in Sec. V-A.

• Average hit rate. It reflects the ratio of requests served
by the BS over all windows.

• Average memory utilization. It reflects the memory
usage ratio of cached models at the BS over all windows.
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Fig. 8. Impact of different Zipf skewness coefficients:(a) Average inference
precision; (b) Average hit rate.

C. Evaluation Results and Analysis of CoCaR

Impact of BS Memory Capacity. Fig. 6 shows the results
of average inference precision and average hit rate as the
BS memory capacity varies. As the BS memory capacity
increases from 100 MB to 500 MB, the performance of all
methods improves. This is because a larger memory capacity
allows BSs to cache more models, thereby satisfying more
user requests. When R = 500MB, CoCaR’s average inference
precision gap with LR is only 8.1%, outperforming other
baselines by at least 46.5%. Therefore, CoCaR, with its
superior decision-making mechanism, can quickly adapt to
changes in memory resources, consistently outperform other
baselines, and steadily converge to the optimal LR algorithm.

Impact of Popularity Change Frequency. In this experi-
ment, we set the number of observation windows to Γ = 20
and configured the other parameters to their default values
(Sec. VI-A). Fig. 7 shows how often the model popularity
changes, i.e., the number of observation windows in which
the DNN models’ popularity changes once, affecting the al-
gorithms’ performance. CoCaR consistently achieves the best
results after LR, owing to its ability to leverage BS caching
results from the previous observation window and balance the
impact of model loading time by switching between dynamic
DNN submodels, thereby quickly caching DNN models and
adapting to environmental changes. In contrast, the other
baselines make independent decisions for each observation
window, resulting in more fluctuating results in response to
popularity changes. Even when popularity changes in every
window, CoCaR’s average precision exceeds other baselines
by more than 51.1%, second only to the LR, while maintaining
the highest hit rate.

Impact of Zipf Skewness Coefficient. Fig. 8 illustrates the
performance of algorithms across Zipf skewness coefficients
ranging from 0 to 1. CoCaR consistently achieves higher
average precision and hit rate as Zipf skewness increases, with
slight fluctuations due to random rounding. Additionally, since
a higher coefficient results in more frequent requests for a few
highly popular model types, the upward trend in the greedy
algorithm becomes more evident. When the Zipf skewness
coefficient is zero, the popularity vector is uniform, indicating
that user requests are completely randomized. Despite this,
CoCaR achieves favourable results by leveraging a multi-
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Fig. 9. Impact of different observation window duration: (a) Average inference
precision; (b) Average hit rate.
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Fig. 10. Average BS memory resource utilization.

edge collaboration mechanism and quickly adjusting caching
schemes via submodel switching to serve more users.

Impact of Observation Window Duration. Fig. 9 shows
the impact on algorithm performance as the observation win-
dow duration is varied, while keeping the other default settings
constant (Sec. VI-A). According to the parameter settings in
Sec. VI-A, given the observation window duration ∆τ = 1s,
there are Γ = 30 windows, each with U = 200 users. LR,
CoCaR, and SPR3 exhibit an initial increase followed by a
decrease, achieving optimal performance at a duration of 3s.
This is due to the imbalance between model loading time and
observation window duration. An window that is too short sig-
nificantly increases the time spent on loading models, thereby
reducing the valid model service time, inference precision, and
hit rate. Conversely, an overly long window may prevent the
algorithm from promptly adapting to changing user requests,
thus affecting performance. Additionally, fixed hyperparame-
ters, such as the number of users during GarMARL training,
limit its decision-making in this experiment.

BS Resource Utilization. Fig. 10 shows the average BS
resource utilization of all algorithms under various influencing
factors. Combining the experimental analysis above, CoCaR
demonstrates a more effective, finer-grained utilization of BS
resources, with each unit of resource usage resulting in higher
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Fig. 11. Count of user requests for DNN models at BS 4 in each time.

average inference precision and hit rate, thereby improving
overall service quality and user coverage. Specifically, under
the experimental setting in Sec. VI-A, CoCaR can utilize
at least 86% of BS memory resources. For the remaining
algorithms, the coarse-grained caching scheme and the neglect
of model loading time result in fewer cached DNN models and
shorter valid model service time for the same BS resource
utilization, ultimately leading to decreased algorithm perfor-
mance.

D. Evaluation Results and Analysis of CoCaR-OL

Extended Settings. We set the duration of each time slot to
∆t = 0.5s, with a total of T = 100 time slots. In each time
slot, round = 3 BSs are randomly selected, and a caching
decision is made based on the past ∆TP = 10 user requests
and the expected future gain in the next ∆TF = 5 time slots.
The smoothing factor α and the discount factor γ are both set
to 0.9. In each time slot, U = 600 users simultaneously initiate
requests for model type M. The popularity of DNN models at
each BS is changed every 20 time slots, with a warm-up phase
starting 5 time slots earlier to gradually adjust the popularity.
Other parameters are the same as those defined in Sec. VI-A.
Fig. 11 illustrates the distribution of user requests at BS 4
under the above experimental setup.

In the online scenario, we introduce the following online
caching algorithms for comparison:

• LFU [47]. In each time slot, round BSs are randomly
and independently selected. For each selected BS, model
request frequencies over the past ∆TP time slots at
the BS and its one-hop neighbors are computed. The
cached submodel of the most frequent model is enlarged,
while the cached submodel of the least frequent model is
gradually reduced until the memory constraint is met.

• LFU-MAD [48]. It accounts for delayed hits in caching
and adjusts the strategy by ranking content. In our exper-
iment, ranks are based on weighted request frequency,
with higher weights to more recent user requests. The
caching decision is similar to the LFU in this paper.
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Fig. 12. Effect of BS Memory Capacity on the average user’s QoE.
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Fig. 13. Effect of BS Memory Capacity on the cache hit rate.

• Random. In each timeslot, round BSs are randomly
selected. At each selected BS, a cached submodel is
randomly chosen and enlarged, and a combination of the
remaining submodels that satisfies the memory constraint
is then randomly selected for caching.

In our evaluation, for the above algorithms, only submodels
of models that are not currently being downloaded can be
switched, and the memory occupied by downloading submod-
els is considered in each decision. Additionally, we considered
versions of CoCaR-OL and the above baselines without the
dynamic DNN switching mechanism (i.e., model partitioning),
meaning that either the model is not cached at all or the
complete, original model is cached.

Effect of BS Memory Capacity. We evaluated the per-
formance of each algorithm with cache sizes ranging from
100MB to 500 MB. As shown in Figs. 12 and 13, when the
cache is small (e.g., 100 MB), only the smallest submodel
of each model can be cached, resulting in low user QoE
and cache hit rates across all algorithms. As the cache size
increases, larger submodels can be cached, providing better
service to more users, and hence improving QoE and hit rate
for all algorithms. Moreover, algorithms with dynamic DNN
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Fig. 14. Effect of popularity change frequency on the average user’s QoE.
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Fig. 15. Effect of popularity change frequency on the cache hit rate.

submodel switching consistently outperform their counterparts
that cache only the full original models. For instance, with
a cache size of 500 MB, CoCaR-OL with model partitioning
achieves a 32.3% higher user QoE than LFU-MAD with
partitioning, and a 36.5% higher QoE than CoCaR-OL without
partitioning. This improvement stems from our dynamic DNN-
based caching mechanism, which continues serving users with
current submodels while new submodels are being down-
loaded. These results demonstrate that the dynamic DNN
caching mechanism can adapt to different caching schemes,
leveraging fine-grained memory usage and enabling flexible,
rapid model switching to enhance user service.

Effect of Popularity Change Frequency. Figs. 14 and 15
illustrate the impact of the frequency of DNN model popularity
changes, with the popularity changing from every 10 time slots
to every 100 slots. Overall, the user’s QoE and cache hit rate of
all algorithms gradually increase as the frequency of popularity
changes decreases. Furthermore, since the proposed CoCaR-
OL algorithm considers the impact of each caching decision
on the global expected future gain, while others rely solely on
partial information, it exhibits greater stability and consistently
outperforms other algorithms regardless of popularity change



14

0.0 0.4 0.8 1.2 1.6
Zipf Skewness Coefficient

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8

Av
er

ag
e 

Q
oE

 o
f U

se
rs

CoCaR-OL w/ Partition
CoCaR-OL w/o Partition
LFU-MAD w/ Partition
LFU-MAD w/o Partition

LFU w/ Partition
LFU w/o Partition
Random w/ Partition
Random w/o Partition

Fig. 16. Effect of the Zipf skewness coefficient on the average user’s QoE.
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frequency. When popularity changes every 10 time slots,
LFU with model partitioning achieves 3.3% and 3.2% lower
user QoE than LFU-MAD and Random, respectively. This
is because LFU computes request frequencies over the past
10 time slots, so when popularity shifts abruptly, its caching
decisions lag behind the new distribution. In contrast, LFU-
MAD gives more weight to recent requests, enabling faster
adaptation to local popularity changes.

Effect of the Zipf Skewness Coefficient. The impact of the
Zipf skewness coefficient on algorithm performance is shown
in Figs. 16 and 17. As the skewness coefficient increases, the
proposed CoCaR-OL consistently leverages global information
to generate high-quality caching decisions, maintaining stable
performance. In contrast, LFU and LFU-MAD with model
partitioning exhibit much weaker performance. This is because
the LFU strategy relies exclusively on frequency for its deci-
sions, disregarding other critical factors such as model size and
precision. These limitations further underscore the advantages
of our gain-oriented CoCaR-OL in balancing precision and
latency. When the Zipf coefficient is zero, popular models
change randomly, and LFU tends to switch to caching smaller
submodels of different models to provide some services. As

the Zipf coefficient increases to 0.4, LFU gradually caches the
largest submodels of popular models, but the requests for these
models may not greatly exceed those for less popular models,
leading to overall performance degradation. This degradation
is mitigated by a further increase in the coefficient, ultimately
resulting in improved performance.

VII. RELATED WORK

Caching & Routing in MEC. In recent years, mobile
edge computing (MEC) has received increasing attention in
networking. Since service caching and request routing are
critical in MEC, jointly optimizing them to guarantee users’
QoE remains a major challenge. Poularakis et al. [22] studied
the joint optimization problem of service placement and re-
quest routing with multidimensional constraints and proposed
an algorithm to achieve near-optimal performance. Yao et al.
[25] proposed a graph attention-based intelligent cooperative
task offloading and service caching scheme to maximize the
utility of quality of service-based systems. Zhang et al. [23]
jointly considered service caching, computation offloading,
transmission, and computation resource allocation to minimize
the overall computation and latency costs for all users. Yao
et al. [33] aimed to maximize throughput under budget,
accuracy, and latency constraints by jointly optimizing model
caching and request routing. Chu et al. [19] investigated
how to maximize user QoE in MEC-based networks by
jointly optimizing service caching, resource allocation, and
task offloading decisions. Zhao et al. [17] investigated how
to efficiently offload dependent tasks to edge nodes with
limited service caches and designed an efficient algorithm
based on convex programming to solve this problem. Bi et
al. [49] consider the problem of joint optimization of service
cache locations, computation offloading decisions, and system
resource allocation on a single edge server that assists mobile
users in performing a series of computational tasks. However,
these studies focus on caching complete services at BSs, which
limits the effective utilization of BSs’ resources. Additionally,
they neglect the impact of service loading time on caching
and routing decision-making. In practice, user requests have
dynamically changing patterns and significantly impact users’
QoE, and hence must be addressed.

Dynamic DNNs. Dynamic DNNs can meet various require-
ments under different resource constraints by adjusting the
number of channels and layers. MutualNet [50] and MSDNet
[51] achieve adaptive precision-latency tradeoffs by varying
DNN network width and depth, respectively. Dynamic-OFA
[28] provides an efficient architecture for GPUs and CPUs by
using a shared backbone model that adjusts DNN width, depth,
filter sizes, and input resolution. SubFlow [52] dynamically
builds and executes DNN sub-networks for flexible time-
bound inference and training. Smart-MOMEPS [27] leverages
a multi-exit mechanism and dynamic service migration to al-
leviate DNN performance degradation. SN-Net [53] generates
numerous new stitched networks by combining pre-trained
models from a model family, enabling adaptation to different
resource constraints. ESTA [54], on the other hand, uses effi-
cient parameter fine-tuning and training-time gradient statistics
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to assemble stitched models of various sizes from existing pre-
trained DNNs, achieving a stable balance between precision
and efficiency. Different from existing studies, we introduce
dynamic DNNs into edge caching by dividing a complete
DNN into multiple interrelated and switchable submodels.
This approach provides a novel solution for fine-grained,
resource-efficient, and flexible edge-based model caching.

VIII. CONCLUSION AND FUTURE WORK

In this paper, we study the joint dynamic model caching
and request routing optimization problem in MEC networks,
aiming to maximize the total inference precision of user re-
quests. Then, we perform multiple equivalent transformations
and relaxation for the joint optimization problem and propose
a novel random rounding and LP-based algorithm, CoCaR, to
solve it. Moreover, to adapt to the online scenario where user
requests are difficult to predict, we further propose CoCaR-
OL as an extension of CoCaR. Theoretical analysis and
experimental results show that the proposed CoCaR achieves
near-optimal performance and CoCaR-OL outperforms other
benchmark algorithms in online settings. Therefore, our pro-
posed dynamic DNN-based caching mechanism effectively
exploits memory resources in a fine-grained manner, flexibly
adjusting caching strategies to enhance service delivery for
users. In the future, we will further explore BSs’ resource
allocation and distributed decision-making scheme in the joint
model caching and request routing problem.
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