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Abstract—Next-generation mobile networks are expected to
facilitate fast AI model downloading to end users. By caching
models on edge servers, mobile networks can deliver models
to end users with low latency, resulting in a paradigm of
edge model caching. In this paper, we develop a novel model
placement framework, called parameter-sharing model caching
(TrimCaching). TrimCaching exploits the key observation that
a wide range of AI models, such as convolutional neural
networks or large language models, can share a significant
proportion of parameter blocks containing reusable knowledge,
thereby improving storage efficiency. To this end, we formulate a
parameter-sharing model placement problem to maximize the
cache hit ratio in multi-edge wireless networks by balancing
the fundamental tradeoff between storage efficiency and service
latency. We show that the formulated problem is a submodular
maximization problem with submodular constraints, for which no
polynomial-time approximation algorithm exists. To tackle this
challenge, we study an important special case, where a small
fixed number of parameter blocks are shared across models,
which often holds in practice. In such a case, a polynomial-
time algorithm with a (1 — ¢) /2-approximation guarantee is
developed. Subsequently, we address the original problem for
the general case by developing a greedy algorithm. Simulation
results demonstrate that the proposed TrimCaching framework
significantly improves the cache hit ratio compared with state-
of-the-art content caching without exploiting shared parameters
in AI models.

Index Terms—Edge Al model caching, edge computing, edge
intelligence, 6G, model downloading.
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I. INTRODUCTION

In the era of Artificial Intelligence of Things (AloT), there
is a growing trend of pushing Artificial Intelligence (AI)
services from the cloud to local devices, enabling diverse Al-
empowered applications [2]-[4]. Aligned with this trend, on-
device Al inference becomes prevalent due to increasingly
powerful mobile AI chips, substantial privacy benefits, and
low response time. For example, large language model (LLM)-
enabled mobile health requires access to personal health in-
formation to generate customized advice [5], [6]; home robots
must perceive private indoor environments to make informed
decisions [7]. In such scenarios, on-device inference is often
preferred, as uploading sensitive personal data to cloud or edge
servers may be prohibited due to privacy concerns and data
protection regulations [8], [9].

To effectively support on-device inference, AI model down-
loading will become a key component of next-generation
mobile networks, as recognized by 3GPP [10]. On-device
inference demands real-time, frequent 6G model downloading
services for several reasons. First, due to the sheer number
of Al applications and the ever-growing size of Al models
(e.g., Google’s on-device LLM Gemini Nano-2 with 3.25
billion parameters), it is impractical for users to prestore all
needed models on mobile devices. Instead, they can delete
infrequently-used models from local storage and only fetch
them on demand from 6G mobile networks. Second, real-
time model downloading also enables users to access context-
aware Al services when entering a new region [10], such as
downloading region-specific autonomous driving models or
augmented reality models optimized for local conditions [10]-
[13]. At last, users should download the latest model versions
periodically from cloud/edge learning (e.g., federated learn-
ing [14], [15]), as models continuously adapt to new data.
Consequently, supporting real-time model downloading is es-
sential to deliver storage-efficient, customized, and evolving
Al for mobile users anywhere and anytime.

Conventional model downloading features the delivery of
Al models from the remote cloud to local devices. The
excessive downloading latency not only results in poor user
experience but also renders it inapplicable for latency-sensitive
services [16], [17]. For example, according to 3GPP, au-
tonomous vehicles and robotic applications require Al model
downloading to be completed within one second [10]. Given
the large sizes of models and the limited bandwidth of remote
cloud centers, such fast model downloading may only be



achieved by placing Al models in edge networks closer to
users, giving rise to the paradigm of edge model caching.
However, unlike cloud centers, edge servers have limited
storage capacity and can cache only a subset of popular
models. To enhance model downloading performance, one
fundamental research question, therefore, is model placement,
e.g., how can we optimally place Al models on edge servers
to enhance model downloading performance?

In this paper, we address a novel AI model placement
problem by exploiting parameter sharing to improve model
storage efficiency at the network edge. A broad range of Al
models, such as convolutional neural networks (CNNSs) or
LLMs, can share a significant proportion of parameters, as
they can be derived from the same pre-trained models [18],
[19]. For example, bottom-layer freezing is a classic technique
in transfer learning and multi-task learning, since the bottom
layers in deep neural networks, such as convolution layers,
usually share common knowledge reusable for different down-
stream tasks [20]-[23]. In the era of LLMs, parameter-efficient
fine-tuning (PEFT), such as LoRA [24], has emerged as an
effective approach to adapt foundation models for downstream
applications by freezing a large proportion of parameters,
thereby saving computing and memory resources. For exam-
ple, LoRA freezes all parameters in the pre-trained LLMs
and introduces only a small number of trainable parameters
for fine-tuning, typically less than 1% of the total, implying
over 99% of the parameters remain unchanged during fine-
tuning. As shown in Fig. 1, the inference accuracy of a fine-
tuned ResNet-50 degrades only slightly as the number of
bottom layers frozen from the pre-trained model increases.
Even when the first 90% of trainable layers, up to layer 97, are
frozen, the average accuracy degradation is only about 4.7%,
compared with the full-layer fine-tuning. As for LLMs, Fig. 2
illustrates that the BLEU scores of various fine-tuned GPT-2
medium models exhibit slight variation across different frozen
parameter ratios. The fine-tuned models maintain satisfactory
performance, even when up to 99.97% of the parameters are
frozen from the pre-trained model. In a nutshell, downstream
models can share a significant proportion of parameters from
the same pre-trained model, inherently making storage more
efficient.

By taking advantage of the aforementioned salient property,
we will design a parameter-sharing model caching (Trim-
Caching) framework for edge model caching. Specifically,
given a set of wireless edge servers, we address the problem
of placing models with shared parameters on edge servers to
maximize the cache hit ratio for Al model downloading [30]-
[32]. While this problem clearly falls into classical content
placement problems, the shared parameters distinguish our
scheme from traditional placement schemes for general con-
tent. In particular, when placing models with more shared
parameters on an edge server, the storage becomes more
efficient. However, this notable advantage also introduces a
fundamental challenge: the resulting submodular constraints
make existing content placement schemes inapplicable, which
lack theoretical guarantees in our scenario. The main contri-
butions of this paper are summarized as follows.

1) We define the parameter-sharing model caching problem.
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Fig. 1. Inference accuracy vs. the number of frozen bottom layers in fine-tuned
ResNet-50. We fine-tune a ResNet-50 [25], pre-trained on CIFAR100 [26],
for two downstream tasks: “transportation” classification and “animal” classi-
fication. Specifically, the classes “airplane”, “automobile”, “ship”, and “truck”
in CIFARI1O0 [26] are grouped into the superclass “transportation”, while the
classes “bird”, “cat”, “deer”, “dog”, “frog”, and “horse” are grouped into the
superclass “animal”.
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Fig. 2. BLEU vs. the frozen parameter ratio of fine-tuned GPT-2 medium
models. We employ LoRA to fine-tune a pre-trained GPT-2 medium model on
various datasets, including E2E [27], WebNLG [28], and DART [29]. BLEU,
a widely used metric in evaluating the quality of the text generated by machine
translation, is adopted here, with higher scores indicating that machine
translation results are closer to those of professional human translations.

In multi-edge scenarios, we formulate the model place-
ment problem to maximize the cache hit ratio (e.g., the
ratio of downloading requests that can be served within
delay requirements) under the storage capacity constraints
of edge servers.

2) We show that the resulting problem is a submodu-
lar maximization problem with submodular constraints.
After problem mapping, we conclude that there is no
polynomial-time algorithm to solve it with a constant ap-
proximation guarantee due to the submodular constraints
resulting from shared parameter blocks.

3) We investigate a special case of the proposed problem,
where the number of shared parameter blocks is inde-
pendent of the problem scale (e.g., the scale of the Al
model library). We argue this special case often holds in
reality. We develop a successive greedy algorithm and a
rounding dynamic programming (DP)-based algorithm to
obtain a (1 — €) /2-approximate solution with polynomial
time complexity.

4) We design a greedy-based algorithm for the original
problem for the general case. Although a constant ap-



proximation guarantee cannot be achieved as alluded
to earlier, we show that the algorithm is efficient and
effective through performance evaluation.

The rest of this paper is organized as follows. Section
IT reviews the related work. Section III elaborates on the
system model and the TrimCaching framework. The problem
formulation is presented in Section IV. The model placement
algorithm is developed for the special case in Section V and
for the general case in Section VI. Section VII presents the
simulation results, and Section VIII concludes the paper.

II. RELATED WORK

Content caching in wireless edge networks has attracted
significant attention since it brings content closer to end users,
leading to the field of edge caching [33], [34]. Specifically,
popular files can be pre-cached on wireless edge servers, such
as small base stations [35], thereby allowing users to download
files with reduced latency. To this end, one fundamental
research problem in edge caching is the content placement
problem: how to place content on edge servers to enhance
the quality of experience (QoE) of end users [36], [37].
Due to the overlapping coverage of wireless edge servers,
users can download content from any of the nearby edge
servers that cache the requested content. Moreover, since
content items are typically assumed to be independent in
conventional edge caching, the storage constraints are naturally
knapsack constraints. These characteristics result in a class
of QoE maximization problems that are typically identified
as submodular maximization problems with knapsack con-
straints [30]-[32]. Simple greedy methods are usually effective
in solving such problems, providing approximation guarantees
in polynomial time [30]. However, in our work, due to the
parameter sharing across Al models, the shared parameters
need to be cached only once on a server, introducing sub-
modularity into the storage constraints. For this reason, when
adapting the aforementioned content placement strategies, e.g.,
greedy algorithms [30], to our case, no theoretical constant
approximation guarantee can be achieved.

Caching Al models in distributed wireless edge networks
can facilitate model delivery for inference and training [38]-
[42]. By enabling end users to download required models
from edge servers, this approach significantly reduces service
latency [43]-[45]. Analogous to conventional edge content
caching, existing studies on edge model caching primarily
focus on optimizing model placement to enhance user QoE
under the storage constraints of edge servers. However, these
works do not consider parameter sharing among Al models
when making model placement decisions. Although Wu et al.
exploit shared parameters in AI models to develop a multi-
user model downloading method [46], this work focuses on
designing a multicasting scheme rather than model placement.
To the best of our knowledge, this work is the first to define
the parameter-sharing model placement problem, identify its
mathematical properties, and develop corresponding solution
approaches.

TABLE I
FREQUENTLY USED NOTATIONS
Symbol Description
u(m,i), Number of cache hits and rounded number of
w(m, 1) cache hits of placing model 7 on edge server m.
U (-) Cache hit ratio of all edge servers.
Unm () Cache hit ratio of edge server m in the special case.
Model placement decision for all edge servers and
Xs X’UL N
for edge server m in the general case.
. Xom, Model placement decision for edge server m and
X= U Xnm for all edge servers in the special case.
meM
. < The optimal solution to P1.1 and P2.1,y,,
X 4 X'Tn 1
respectively.
M, My Set of all edge servers and set of edge servers
covering user k.
K Set of users.
Set of Al models and set of models containing
Z,Z; .
parameter block j.
7 Set of AI models cached on edge server m in the
m special case.
T, Fp. g Set of parameter blocks, set of parameter blocks of
> Y model 7, and set of shared parameter blocks.
A Request probability and E2E latency requirement of
P> Lk,i user k for model 3.
Latency for user k£ to download model 7 from edge
T ki server m and perf -device inf
perform on-device inference.
Storage capacity and storage usage of edge server
D;, D; Size of model ¢ and size of parameter block j.
B Expected downloading data rate between edge
Cm,ks Cry server m and user k, and transmission data rate
between edge server m and m’.

III. PARAMETER-SHARING MODEL CACHING
FRAMEWORK

To enhance model caching efficiency, this section proposes
the TrimCaching framework, including the edge network sce-
nario, parameter-sharing model library, storage constraints,
and the formulation of end-to-end (E2E) latency.

A. Network Scenario

We consider a multi-edge multi-user scenario in wire-
less edge networks, as illustrated in Fig. 3. Let M =

{1,...,m..., M} denote the set of interconnected wireless
edge servers (e.g., base stations), with a set of users K =
{1,...,k,..., K} distributed across their coverage areas. To

support fast Al model downloading services for inference,
these edge servers collectively cache a set of Al models
Z ={1,...,4,...,I}. User k requests to download model
i for performing local inference with probability py ;!. We
use Ty, to denote the E2E latency requirement of user k
for consuming model ¢, which consists of model downloading
and local inference latency. The frequently used notations are
summarized in Table I.

B. Parameter-sharing Model Library

We consider parameter sharing among models in Z. Given
that AT models can contain billions of parameters, a parameter
block refers to a set of parameters, which reduces problem

'In practice, Pk,; can be obtained by monitoring and analyzing user
historical traffic [47].
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Fig. 3. The TrimCaching framework in a multi-edge scenario.

complexity. A parameter block can refer to a layer in a CNN,
a block in a transformer, a set of low-dimensional trainable
parameters in PEFT (e.g., the LoRA technique), and even
an entire backbone network, and so on, depending on how
parameters are grouped. Let J denote the set of parameter
blocks of models in Z. Furthermore, let 7; denote the set
of parameter blocks of model 4, and let Z; denote the set
of models in Z that contain parameter block j. It is worth
noting that a parameter block can be exclusive to one model
or shared by multiple models. We formally define the concept
of a shared parameter block.

Definition 1. Shared parameter block: A parameter block j
is a shared parameter block if it is contained in more than
one Al model in model set T, i.e., |Ij| > 2.

Furthermore, we denote J*" = {j | |Z,;| > 2} by the set of
the shared parameter blocks across the models in Z. If a pa-
rameter block corresponds to a layer, a shared parameter block
is also referred to as a shared layer. Conversely, a parameter
block is called a specific parameter block if |I;| = 1.

C. Storage Constraints

Let a binary variable z,, ; indicate the placement status of
model ¢ on edge server m, where z,,; = 1 indicates that
model ¢ is cached on edge server m. Considering the storage
capacity of edge servers, z,, ; satisfies that

gm(Xm):ZD; 1*H(1*xm,i) SQma vaMa
€T i€Z;
ey

where X,,, = {2, | i € Z} denotes the model placement

decision for edge server m, D;- is the size of parameter block

j, and @Q,, is the storage capacity of edge server m. Here,

1- [T (1 —m,:) = 1implies that parameter block j is stored
=

only once on edge server m if it is contained by more than

one model cached on the server, thereby enhancing storage

efficiency.

D. E2E latency

Considering user k£ requests model ¢, two cases of model
downloading exist.

« Downloading from associated edge servers: User k
first sends a model request to its associated edge servers
in My, where M, represents the set of edge servers
covering user k. If there exists an edge server m € My
that caches model ¢, and the latency of downloading the
model from server m and performing on-device inference
does not exceed the latency requirement Tk,i, then a cache
hit occurs.

« Downloading from non-associated edge servers: If
none of the edge servers in M}, caches model ¢, the model
will be fetched from another edge server m in M\ My,
where the model is cached. Specifically, the model is
delivered from edge server m to an edge server m’ in
M. and then to user k. A cache hit occurs if the E2E
latency (including edge-to-edge, edge-to-user, and on-
device inference latency) meets the latency requirement
Tkﬂ‘.

The expected downloading data rate between edge server m

and its associated user k is given by

D —«

Pmak’yodm,k?

D, )
19 Bm, i

Om,k = Bm,kl()g2 (1 + (2)
where 7 is the antenna-related factor, o is the path loss
factor, d,, 1 is the distance between user k and edge server m,
Pm,k and Bm, k. are the expected transmit power and spectrum
bandwidth of edge server m allocated to user k, respectively,
and ng is the power spectral density of the additive white
Gaussian noise. Besides, we assume the transmission data rate
between edge server m and m’ is a constant and is denoted
as Cm’m/.

We denote T, 1 ; as the E2E latency of user k, including
model downloading latency and on-device inference latency,

when downloading model i from edge server m, which is given
by

Di 4, if m € My,

T L é7n,k
m,k,i — )‘f’tk;)i, lfm¢Mk;,

. D. D.
min L =
m/EMy, (C-m,,-m,’ Cm’,k

3)

where D; is the size of model 4 and ¢, ; is the inference latency
of user k using model 3.

E. Design Objective

The TrimCaching framework aims to judiciously place Al
models on edge servers to serve as many user requests as
possible. For cache misses on edge servers, user requests can
be forwarded to the cloud center for fetching the model. How-
ever, since downloading models from the cloud can be much
slower, our policy design aims to maximize the cache hit ratio,
which is a common design objective in the literature [48], [49].
Similar to prior works [50], [51], the cache hit ratio of model
caches across edge servers in M is given by

Yo vk |[1—= II (1 —2ply (m,k,i))

keK i€l meM

> D Dk ’

keK ieT
“4)

U(X) =




which captures the expected fraction of user model re-
quests that can be served with the cached models on edge
servers within the users’ latency requirements. Here, X =
{Zm, | m € M,i €T} represents the model caching deci-
sions. Besides, I; (m, k, i) is an indicator function, which is
given by

Hl (m, k7 Z) = H{Twn,k,ig’fk,i}’ (5)

where I; (m, k,i) = 1 if and only if T}, j; < Tj,;. Conse-

quently, 1 — [] (1 — L1 (m,k,4)) =1 indicates that at
meM
least one edge server with model ¢ in M can serve user k

within the latency constraint.

IV. CACHE HIT RATIO MAXIMIZATION PROBLEM

This section first formulates the cache hit ratio maximization
problem under the TrimCaching framework. Then, we map the
formulated problem to a known NP-hard problem and show
that no polynomial-time algorithm can solve this problem with
a constant approximation guarantee.

A. Problem Formulation

The TrimCaching framework aims to maximize the cache
hit ratio for users’ model requests by addressing the model
placement problem under the storage capacity of edge servers
and user latency requirements. The problem formulation is
given as follows.

P1.1: max U (X) (6a)
s.t. (1), (6b)
ZTm,i €{0,1}, Vm e M,Vi € I, (6¢)

where (1) ensures that the total storage used at each edge
server does not exceed its capacity.

Note that our formulation ignores user mobility because the
problem is solved based on a “snapshot” of user locations. This
is commonly adopted in model placement schemes [30]. In
practice, our algorithm can make model placement decisions
by solving the above problem, then re-initiate model placement
when the performance degrades to a certain threshold. Our
simulation results will show that our algorithm is resilient to
user mobility over time, thus eliminating the need for frequent
model replacement that would consume backbone bandwidth.

B. Problem Mapping

Solving P1.1 is extremely challenging due to the product
of integer decision variables arising from parameter block
sharing. In this subsection, we show that the problem can be
mapped to a known NP-hard problem and that no polynomial-
time algorithm can achieve a constant approximation guaran-
tee.

We begin by introducing the concept of submodularity. A set
function f : 2% — R is called submodular if f (S)+ f (T) >
f(SUT)+f(SNT) holds for all subsets S, T C W, where
W is a finite ground set [52]. An equivalent characterization
is that f is submodular if and only if f(SU{w}) — f (S) >
f(TU{w}) — f(T)foral SCT C W and we W\T.

Conversely, a function f is called supermodular if the reversed
inequalities hold for every pair of subsets [53].

The problem mapping for P1.1 is presented in the following
proposition.

Proposition 1. P1.1 can be mapped to a submodular maxi-
mization problem with M submodular constraints.

Proof. The proof is provided in Appendix A in our supple-
mentary material. O

Next, we characterize the computational hardness of P1.1.

Proposition 2. P1.1 is an NP-hard problem. Moreover, no
polynomial-time algorithm that solves P1.1 with a constant
approximation guarantee exists.

Proof. The proof is provided in Appendix B in our supple-
mentary material. O

Although P1.1 cannot be solved approximately in general,
in the following sections, we will first introduce a special case
of P1.1, which captures a typical parameter sharing scenario
in practice, for which a polynomial-time algorithm can be
developed to obtain a solution with a constant approximation
guarantee. Subsequently, for the general case, we will propose
a greedy algorithm to solve P1.1. Although this algorithm
does not offer a constant approximation guarantee, the solution
approach is still highly effective.

V. SPECIAL CASE: A SMALL FIXED NUMBER OF SHARED
PARAMETER BLOCKS

This section first presents the assumption for the special case
of P1.1, supported by concrete real-world examples. Under
this special case, we design an algorithm with polynomial-
time complexity and a constant approximation guarantee for
maximizing the cache hit ratio in the TrimCaching framework.

A. Assumption

Recall that 7" denotes the set of shared parameter blocks.
The following assumption formally describes the special case
considered in this paper.

Assumption 1. There is a small fixed number of shared
parameter blocks among models in I, that is, there exists a
constant C, satisfying C < |Z| and IJ”’| <C.

Such special cases are often observed in practice, as nu-
merous downstream Al models can be derived from a small
number of pre-trained models. For example, transfer learning
enables fine-tuning models pre-trained on large-scale datasets
for a wide range of specific tasks [54], [55]. In practice, this
is supported by frameworks such as TensorFlow and PyTorch,
which provide a few pre-trained CNNs (e.g., ResNet models
pre-trained on ImageNet) that can be adapted to various
downstream tasks by freezing some layers and updating only
task-specific layers [20], [56]. Similarly, in the LLM domain,
PEFT methods adapt foundation models by updating only
a tiny fraction of parameters, producing a large number of
downstream models that share the same backbone models.
For instance, Apple Intelligence freezes a base pre-trained
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Fig. 4. An example of the special case with a small fixed number of shared
parameter blocks. In the figure, regardless of the scale of the model library, the
shared parameter blocks (green) come from two pre-trained models. Nodes
in other colors represent specific parameter blocks.

model and fine-tunes many lightweight adapter layers for
diverse tasks, such as summarization, proofreading, and mail
replies [57]. Moreover, Hugging Face hosts tens of thousands
of LoRA modules, which are fine-tuned from a few pre-
trained LLMs [24], [58]. Notably, even GPT models alone
have hundreds of LoRA modules available. These examples
demonstrate that, despite the vast number of models in the
considered model library, there might only be a very small
number of shared parameter blocks, where a block can be a
layer or an entire pre-trained backbone (e.g., a pre-trained GPT
model). An illustrative example of the considered special case
is shown in Fig. 4, where all shared parameter blocks originate
from 2 pre-trained models.

B. TrimCaching Spec Algorithm

Under Assumption 1 in the special case, the number of
shared parameter blocks is independent of the model library
size, and thus of the problem scale, making it feasible to
traverse all the shared parameter blocks. Building on this,
our key idea is to develop an approximation algorithm by
traversing the combinations of all shared parameter blocks
while judiciously selecting specific parameter blocks, resulting
in a polynomial-time algorithm and 1;5 approximation ratio.

We propose a successive greedy-based algorithm to solve
P1.1 under the special case. The proposed TrimCaching
Spec algorithm is summarized in Algorithm 1. This algorithm
operates by decomposing P1.1 into M sub-problems, each
corresponding to edge server m, and solving sub-problems
sequentially in ascending order of server indices. Specifically,
in Line 3 of Algorithm 1, the caching decision X,, for edge
server m is determined by solving the m-th sub-problem,
which is formulated as follows.

P2.1,, : max U, (Xm>

Xm

(7a)

Algorithm 1: TrimCaching Spec Algorithm

Input: Z, K, and M.

Output: X.
1 Initialize: X,,, = 0 and I, (m, k, i) = 1.
2 for m € M do

3 Solve P2.1,, with Algorithm 3 to obtain Xm for
edge server m.

4 end

sX= U Xn.
meM

jeg =
Tm,: € {0,1}, Vi e T, (7¢)
where?
Z Z pk,iim,iﬂl (m7 kv Z) H2 (ma ka 7’)
Um (X’rn) _ keKieT )
> Zpk,i
kEK ieT
Here, I, (m, k, 1) is given by
m—1
Lmki) = [ (1=dwilpr, <ny)s O
m’=1 T

where [ (m, k,i) = 1 represents that the model request for
model ¢ of user k£ has not been satisfied by any of the first
m — 1 edge servers. For initialization, Iy (m, k,7) is set to 1
when m = 1.

The details of solving P2.1,, will be presented in the
next subsection. With Xm, thq solution to P1.1 produced

by Algorithm 1 is denoted by X = |J X, satisfying the
meM
following proposition.

Proposition 3. The cache hit ratio of X is equal to the sum
of the cache hit ratios of X,,, for edge server m, i.e.,

U(X)zU(U Xm>: > O (X))

meM meM
Proof. The proof is shown in Appendix C in our supplemen-
tary material. O

(10)

Furthermore, based on Proposition 3, we have the following
proposition.

Proposition 4. Assume that each sub-problem P2.1,, can be
solved optimally in Algorithm 1. Under the considered special
case, the TrimCaching Spec algorithm obtains a solution X to

P1.1 which is lower bounded by U (X) > %U (X*), where
X* is the optimal solution to P1.1.

Proof. The proof is presented in Appendix D in our supple-
mentary material. O

2For notation simplicity, Um (Xm) is used as shorthand for

A A m—1 A~
Um | Xm U X |-
m/=1




C. Rounding DP Approach and e-optimal Solutions for Sub-
problems

In this subsection, we propose a rounding DP-based al-
gorithm to obtain an e-optimal solution to P2.1,,. To be-
gin with, we address the submodularity of the constraint in
P2.1,, by decoupling the caching decisions for shared and
specific parameter blocks. Specifically, under Assumption 1,
we determine the placement of shared parameter blocks via
the exhaustive search. Once the placement decisions for shared
parameter blocks are determined, we develop a rounding DP-
based method to make the placement decisions for specific
parameter blocks. For ease of presentation, let A denote the
set of all possible combinations of shared parameter blocks
in 7", where each element V' € A represents a specific
combination of shared parameter blocks. For any N, let
In = {i| J: TN} be the set of models whose shared
parameter blocks are fully contained in A. Additionally, let
dp denote the total size of the parameter blocks in A/, and
let D (i) denote the total size of the specific parameter blocks
of model *.

1) Number of cache hits of models in T on an edge server:
Given N, the number of cache hits of model i € Zxs on edge
server m is given by

u(m,i) = Z i (m, k,3) Iz (m, k, 1),
keK

(1)

which is a fixed-point number due to the existence of py, ;. We
denote the granularity of w (m,4) of models in Zy on edge
server m by &, a7, which reflects the precision of u (m,i)*.
Therefore, the total number of cache hits of models in Zy on

edge server m has at most W,,, o + 1 possible values, where
> u(mi)

WonN = %, and the wy, or-th value is W Ardm A,
for wy, n € {0,,1, ..o, Wi ar}- Since the DP method traverses
all possible values of the total number of cache hits, a smaller
Om.n leads to a larger Wy, ar, thereby increasing the DP
complexity.

To facilitate the DP execution, we introduce a constant
factor € € [0,1], and w (m, i) is rounded to

)_{LU(WMZ)J’ 6>Oa

U (m 7 €Um ,min
7

12
u(m,i), e =0, (12)

where %, min = minu (m, 7). After rounding, the number of
’ i€

total cache hits of models in Zys on edge server zr:n has at
_ u(m,i)

most W,,, o+ 1 possible values, where W, v = %,

Sm.ar is the granularity of @ (m, ) for models in Zy on edge

server m, and the W, ar-th value iS W, Ardm, A7, fOT Wiy A7 €
{QL”WW%N}

3For example, in Fig. 4,{1,2,3,4,5,15} and {10,12, 13,15} are two
valid instances of A/. For N' = {1,2,3,4,5,15}, Zxs includes models 1
and 2. Moreover, d is the total size of parameter blocks {1, 2, 3, 4, 5, 15},
and D (1) is the total size of parameter blocks {18, 19}.

“For example, given Zns = {1,2}, if u(m,1) = 0.12 and u (m,2) =
0.14, the precision of both values is two decimal places, and §,, v = 0.01.
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Fig. 5. The process of updating 7 (ear, war) for edge server m, where the
first row is the index of the number of cache hits and the first column is the
model index in Zs.

2) Maximum cache hit ratio of models in Ly on an edge
server: Let T (ear,war) represent the minimum data size of
specific parameter blocks that must be cached on edge server
m, which achieves u')NSm’ A cache hits (i.e., the wa-th value
of the number of cache hits) with the first enr models in Zys.
The state-transition equation for updating 7 (exr, war) is given
by

T (en,ton) =
T(e/\/ — LU')N) ,

mind T eN_l,wN_W> iy > Bmex)

6m,./\f m,N
+ D (en)
T<€N - 1,’(1}./\/') 7wN < M?
Om N
(13)
where exr € {0,1,...,|Zn]|}, and the initial value of
T (e, war) is
. oo, if war # 0,
T (enstin) = e 7 (14)
0, if war =0 or exr = 0.

The detailed process of updating T (ear,war) is illus-
trated in Fig. 5 and summarized below. When calculating
T (ear,wpr), we consider the following two cases. (1) If
WA > %, i.e., the number of cache hits of model ey is
less than or equal to the wa/-th value of the number of cache
hits, then T (ear, war) is the minimum of T (exr — 1,pr) and

u(m,enr)
('5771...’\/’ ) + D (eN)'

o If T (enr— 1,2y) is smaller, it indicates that a subset
of the first epr — 1 models can achieve the war-th value
of the number of cache hits with a smaller data size.
Therefore, the same data size is sufficient to achieve the
wps-th value of the number of cache hits using the first
e models.

o If T(eN—l,wN— “%7”7?[\[)) + D (ey) is smaller, it

represents u')N(;m A is achieved by including model
e, which contributes @ (m,en), and using a subset
of the first epr — 1 models to provide the remaining
number of cache hits. Therefore, D (ey) is added to

o . _ﬁ(m,eN)
T(eN 1,wpr T )

T@N—LwN—



Q) If wp < 71(57"7’?/”), i.e., the number of cache hits of model
e exceeds the W a--th value of the number of cache hits, then
the was-th value of the number of cache hits must be achieved
only by a subset of the first epr — 1 models without including
model exr.

After obtaining T (enr, war) for all enr and s, the index
corresponding to the maximum number of cache hits of models
in Zxr on edge server m is given by

Wy = argmax{uy | T (|Zy],in) < Qm —dy}.  (15)
[y

With i}, the maximum cache hit ratio of models in Zxs on
edge server m is expressed as

IZ u(m, 1)
): Z,ZPM ’

keKiel

(16)

where Xm A is the model caching decision corresponding to
e, and Zyy u = {i ‘ i = 1, s € Xon, v }. The details
for determining Xm, A will be presented in the following para-

graphs. Moreover, note that the rounding DP-based algorithm
described above operates based on 1 (m, i), whereas we use
u (m, i) to calculate U, (Xm’j\/) in (16) at last.

3) Optimal model caching of models in Iy on an edge
server: The determination of X,, - is summarized in Al-
gorithm 2 and illustrated in Fig. 6. The algorithm determines
Xm, A recursively by comparing @ (m, er) with the remaining
number of cache hits w N(Sm, A starting from model |Zxs| and
number of cache hits w/*vém A In Line 5 of Algorithm 2, the
ex-th model in Z s is placed on edge server m if the following
two conditions are satisfied.

N wNém,N > 4 (m,ep), implying that the number of
cache hits of the exr-th model is no greater than the
remaining number of cache hits to be satisfied.

u(sm,e ) + D (6/\/) <
T (ex — 1,4n), relg;ésenting that the number of
cache hits w /\/Sm, N 1s achieved by model ey,
contributing @ (m,en), and a subset of the first

ex — 1 models, contributing u')N('Sm’N — 4 (m,epn).

. T(eN—l,wN—

Besides, the corresponding total data  size,
T(eN—l,wN—%mi’ifm> + D (en), is less than

T (en — 1,1n).

After processing model ey, the algorithm repeats the same
steps above to process the exr — 1-th model until all models
in Zys have been checked. Note that there may be more than
one feasible model caching decision for Zs that can achieve
the same number of cache hits W} 0, o With the data size
T (|Zn| , wis). Although Algorithm 2 produces one feasible
Xm, > this does not affect the optimality.

4) e-optimal solution to P2.1,, and rounding DP-based
algorithm outline: After traversing all feasible N in A, the
maximum number of cache hits of models on edge server m
corresponds to the index wj.., where N* = arg j\rfnax{u}j‘v}.

0 u(me, .
End (i x) Wy Wy
index O\
0
End |7 (0.0)
index
ey =1 T{g.\ -1 W\'_M(glqg\‘)} T(E.\‘_l";”ﬁ\‘)
T T IF T ey~ ) is
ey o) —~L T(",vﬁ"’,v) ' sfmallelj or
IfT[e_\. —Ly —5—’”J+D(e_\,) O <ii(mey) |
mN
is smaller and w3, v 2i(m,ey ),
then %,, =1, where %,, X, , and "
) i ) T(|Z | Wy
‘Iv\»‘ model i is the e,-th modelinZ,. (‘ & "W'” )
Starting point

Fig. 6. The process of determining Xm, N> Where the first row and the first
column are the same as those in Fig. 5.

Algorithm 2: Model Caching Decision Algorithm

Input: m, Zyr, Om s (M, en), and T (epr, War).
Output: Xm7 N-
1 Tnitialize: ex- = |Zy|, wa = W}, and X, o =0
2 while ex # 0 and Wy # 0 do

3 if ﬂ.}/\f(;m,/\/ > 4 (m,en) then
4 ifT(eN—l,wN—ﬂ(Smi’i[m)-ﬁ-D(eN)<
T (ex' — 1,x) then

5 Zm,; = 1, where &, ; € X;, o and model ¢
is the exr-th n(lodel )in In-
. . _u(myen

6 Wy = WN = 5

7 end

8 end

9 eny =en — 1.

10 end

Letting Xm’ A+ be the solution Xm to P2.1,,, the maximum
cache hit ratio of edge server m is given by

Z u (m, i)
O (%) = O (Kon) = Lo

keKiel

7)

where fm = Am, A+

The rounding DP-based algorithm is outlined in Algorithm
3. Furthermore, we establish the following proposition for
Algorithm 3.
Proposition 5. The cache hit ratio produced by Algorithm 3
satisfies U, (Xm > (1—€)Up, Xj‘n) where X* is the
optimal solution to P2.1,,.
Proof. The proof is shown in Appendix E in our supplemen-
tary material. O

D. Analysis of the TrimCaching Spec Algorithm

1) Time complexity analysis: With Proposition 5, we first
establish the following theorem on the time complexity of the
proposed TrimCaching Spec Algorithm under the special case.



Algorithm 3: Rounding DP-based Algorithm
Input: m, €, K, Z.
Output: Um (Xm> Xm.

1 Initialize: U,, (Xm> =0, X,, =0, N* =0, and
Um (Xm,./\f*) =0.

2 Calculate u (m, ), and u (m, ) with (11) and (12),

respectively.
3 for N € A do
4 Calculate dr.
5 if dys > @), then
6 | Continue.
7 end
8 Calculate 5m,N of 4 (m, i) for models in Zys.
9 Calculate D (epr) for all eps in Zys.
10 Initialize T (epr, war) using (14).
1 for exr € {1,...,|Zx|} do
12 for IDN€{17~~~,Wm,N} do
13 | Calculate T (e, wnr) with (13).
14 end
15 end

16 Calculate wj, with (15).
17 Calculate X,,, o+ with Algorithm 2.

8 | Calculate U, (X N) with (16).
19 if Um (me) > Um (me*) then

20 ‘ N*=N.
21 end
22 end

23 Xm = me_/\[*.

Theorem 1. Under Assumption 1 for the special case of P1.1,
where the number of shared parameter blocks is small and
fixed, the TrimCaching Spec algorithm has a polynomial-time
computational complexity O (M1I).

Proof. The proof is presented in Appendix F in our supple-
mentary material. O

In the special case, the complexity of the TrimCaching Spec
algorithm can be further reduced if models are fine-tuned with
the bottom-layer freezing technique, which involves freezing
a number of the bottom layers of a pre-trained model and only
updating the top layers. This approach is commonly used in
transfer learning. In this case, we have the following corollary.

Corollary 1. When models in the model library are fine-
tuned from a single pre-trained model using the bottom-layer
freezing technique, where each model shares a sequence of
consecutive bottom layers from the pre-trained model, the
time complexity of the TrimCaching Spec algorithm can be
significantly reduced from O (2|J’TI‘|MI) to O((k+1)MI),
where k denotes the maximum number of bottom layers shared
between any model in the library and the pre-trained model.

Proof. The proof is provided in Appendix G in our supple-
mentary material. O

2) Approximation guarantee analysis: Next, we analyze
the approximation guarantee of the proposed TrimCaching
Spec Algorithm. The details are summarized in the following
theorem.

Theorem 2. The TrimCaching Spec algorithm obtains a
solution X to P1.1 satisfying U (X) > L<U (X7).

Proof. The proof is provided in Appendix H in our supple-
mentary material. O

It is noted that, when M = 1, P1.1 is equivalent to P2.1,,.
In this case, the TrimCaching Spec algorithm can directly use
Algorithm 3 to solve the problem, leading to the following
corollary.

Corollary 2. In the single-edge scenario (M=1), the solution
to P1.1 produced by the TrimCaching Spec algorithm satisfies

U (x) > (1- ) U (X*).

Proof. The proof directly follows from Proposition 5. O

VI. THE GENERAL CASE: ARBITRARY PARAMETER
SHARING

This section examines the general case of P1.1, where
models can arbitrarily share parameter blocks, in contrast to
the special case with a small fixed number of shared parameter
blocks. Formally speaking, the number of shared parameter
blocks among models may increase with the scale of the
model library, such that searching for all combinations of
shared parameter blocks, as required by the TrimCaching Spec
algorithm, results in exponential time complexity in terms of
the problem scale, which should be avoided in the general
case.

To solve P1.1 in the general case, we propose a greedy-
based algorithm, TrimCaching Gen, outlined in Algorithm 4.
The detailed procedures of Algorithm 4 are as follows. First,
in the I-th step, based on the placement decision X'~! deter-
mined in the [ — 1-th step, Algorithm 4 computes the marginal
increase in cache hit ratio of placing model ¢ on edge server
m in Line 4, which is expressed as

AU (X' m,i) =U (p (X m, i) = U (X)), (18)
where
p (X't m, i)

. xXi-1 \ {Imz = O} U {x,m = 1}, if Tm,i = O,
XL i g =1,

19)
represents T, ; in X!~ is updated to 1 if it was 0, and remains
unchanged otherwise. Second, in Line 5, the algorithm identi-
fies {m*,i*} which yields the maximum marginal increase
cache hit ratio, while ensuring that g« (p (Xi,}l,m*,i*))
does not exceed the edge server capacity, where X!~ is the
model placement decision of edge server m in the [ — 1-
th step based on X!~1, with X!=1 = |J X!-1. Third, in

meM
Line 6, X'~! is updated to X' = p (X'~!,m*,i*). Finally,
the algorithm repeats the above steps until no feasible pair



Algorithm 4: TrimCaching Gen Algorithm

Input: X, Z, and M.
Output: X and U (X).
1 Initialize: [ =0, X' =0, and U (X') = 0.
2 while There exists {m,i} such that
Im (p (Xﬁn,m,i)) < Qp and AU (Xl,m,i) # 0. do
l=1+1.
Calculate AU (X'~!,m, i) with (18) for m € M
and ¢ € Z.
s | {m*, "} = argmax{AU (X'7!,m, i) |

gm (p (X1, m, i) < Qm}.
6 | X'=p(XI7t,m*, ).

7 end

8 X =X

{m, 1} can be found that improves the cache hit ratio without
violating any capacity constraint.

Next, we establish the following theorems for the Trim-
Caching Gen algorithm.

Theorem 3. The proposed algorithm solves P1.1 with the
time complexity of O (MQIQ).

Proof. The proof is similar to that of Theorem 1, which is
omitted here. O

Theorem 4. The TrimCaching Gen algorithm obtains a
solution X to P1.1 satisfying U (X) > LU (X*), where
I = max{|X]| | gm (Xn) < Qm,Ym € M}, and X,, is
the model placement decision of edge server m in X with
X= U Xn
meM

Proof. The proof is omitted here. A similar proof can be found
in [59], [60]. O

Remark 1. Since the lower bound decreases with the in-
creasing number of Al models and edge servers, there is
no constant approximation guarantee for Algorithm 4. This
coincides with Proposition 2, which states that no polynomial-
time approximation algorithm exists for the general case.

VII. NUMERICAL RESULTS

In this section, we present simulation results for the pro-
posed TrimCaching framework.

A. Simulation Setup

In the simulation, K users and M edge servers are uni-
formly distributed in a square area of 1 km”. The latency
requirements of users for downloading models and perform-
ing on-device inference are uniformly distributed over the
interval [0.5,1] s [10]. The number of users is set to K =
{10, 20, 30, 40,50}. Each edge server has a coverage radius
of 275 m, and the associated user set of edge server m is
denoted as KC,,,. The expected bandwidth and transmit power
allocated by edge server m to user k in /C,,, are Bm, k=

B
N pA‘K:ml
and P, =

#, respectively. Here, B = 400 MHz and

P =43 dBm [61] represent the total bandwidth and transmit
power of an edge server, respectively. The user active proba-
bility is set to po = 0.5. The communication data rate between
edge servers is set to Cy, ,r = 10 Gbps [62], [63]. Besides,
we set 7o and «p in (2) to 1 and 4 [46], [64], respectively.
The number of edge servers is set to M = {6,8,10,12,14}.
Besides, the storage capacity of each edge server is denoted
by @Q., = @, which is uniformly set across all servers and
varies from 0.5 GB to 5 GB. It is noted that the storage
capacity of edge servers can be much larger than 5 GB in
reality. However, the model library can also be significantly
larger than our constructed parameter-sharing model library,
which will be introduced later. Due to our limited computing
resources for model fine-tuning, we proportionally reduce the
storage capacity of edge servers and the size of the model
library, which will not impact the phenomenon observed in
the experiments.

We construct two parameter-sharing model libraries, each
derived from a different model family. The first model library
is based on the ResNet family, including ResNet-18, ResNet-
34, and ResNet-50 [25]. The second model library is based on
the GPT family, including GPT-2 small, medium, and large.
The parameter sharing among Al models in the special and
general cases is constructed as follows.

« Special case: In this case, we design parameter sharing

in both the ResNet- and the GPT-2-based model libraries.
In the ResNet-based model library, we fine-tune the
three pre-trained ResNet models on CIFAR100 [26].
For each model structure, we obtain 100 downstream
models, each corresponding to one class in CIFAR100.
We adopt the bottom-layer freezing techniques to fine-
tune these models. The number of frozen bottom layers
(each corresponding to a shared parameter block in our
system model) for ResNet-18, ResNet-34, and ResNet-50
falls within the ranges of [29,40], [49, 72], and [87, 106],
respectively.
For the GPT-2-based model library, we fine-tune the
three pre-trained GPT-2 models on datasets, including
E2E [27], WebNLG [28], and DART [29], to create
100 downstream models for each model structure. More-
over, we adopt LoRA to fine-tune these models, where
downstream models fine-tuned from the same pre-trained
model share its parameters. The sizes of newly introduced
trainable parameters by LoRA for the GPT-2 small,
medium, and large are: {0, 188,348, 335,804, 630,716,
1,220,540, 2,400,188, 4,759,484 } Bytes, {0, 470,487,
863,703, 1,650,135, 3,222,999, 6,368,727, 12,660,247}
Bytes, and {0, 852,175, 1,589,455, 3,064,015, 6,013,135,
11,911,375, 23,708,047} Bytes, respectively. Addition-
ally, the GPT-2-based model library also includes models
fine-tuned via the full-parameter fine-tuning approach.

« General case: In this case, we design parameter sharing
in the ResNet-based model library. To support arbitrary
parameter sharing among models in the library (shared
parameter blocks do not simply come from a small set
of pre-trained models, as in the special case, and the
number of shared blocks increases as the library grows),
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TABLE 11
SUPERCLASS SELECTION IN STAGE 1 AND STAGE 2

Stage 1 Stage 2

fruit and vegetables flowers, trees

medium-sized mammals large carnivores, large omnivores and herbi-

vores, people, reptiles, small mammals

vehicles 2

large man-made outdoor things, vehicles 1

we adopt a two-stage fine-tuning strategy. In the first
stage, we select multiple superclasses from CIFAR100.
For each selected superclass, all parameters of the pre-
trained ResNet-18, ResNet-34, and ResNet-50 are fine-
tuned using data from all its classes, resulting in one
distinct model per structure for each superclass. In the
second stage, each first-stage fine-tuned model is fur-
ther fine-tuned on datasets from classes within a new
superclass that is semantically similar to the one used
in the first stage. The pairing of superclasses between
stage 1 and stage 2 is provided in Table II. Moreover, the
second-stage fine-tuning is conducted using bottom-layer
freezing, without restricting the number of frozen layers,
where each first-stage model is fine-tuned separately on
the data of each class, resulting in a total of 45 models.
Moreover, the on-device inference latency for the ResNet-
based and the GPT-2-based model libraries ranges from 1 ms
to 5 ms and from 40 ms to 200 ms, respectively [10]. The
request probabilities of each user for the models in each model
library follow a Zipf distribution [65].

For comparison, three algorithms are considered:

o TrimCaching Spec: Algorithm 1, developed for the

special case.

« TrimCaching Gen: Algorithm 4, developed for the gen-

eral case but also applicable to the special case.

« Independent Caching: Al models are cached indepen-

dently without considering parameter sharing, referring
to traditional content placement schemes [48].
Moreover, ¢ is set to 0.1 in Algorithm 3 by default.

All simulation results are averaged from 100 network
topologies. For each topology, we further evaluate the cache hit
ratio using 10® Rayleigh fading channel realizations. It is noted
that the caching decisions are made based on average channel
gains, while the performance is examined under Rayleigh
fading.

B. Performance in the Special Case

We first compare the algorithms in the special case. Since
the TrimCaching Gen algorithm can also be applied to the
special case, it is used as a benchmark. Fig. 7 presents the
cache hit ratio of these algorithms using the ResNet-based
model library. As shown in Fig. 7(a), increasing the storage
capacity @ improves the cache hit ratio of all algorithms, as
more models can be cached on edge servers. Unsurprisingly,
both the TrimCaching Spec and TrimCaching Gen algorithms
outperform the Independent Caching framework due to the
storage efficiency of parameter-sharing caching. Moreover,
the TrimCaching Spec algorithm consistently outperforms the
TrimCaching Gen algorithm, as it offers a constant approxima-
tion guarantee, whereas the TrimCaching Gen algorithm does
not. On average, the TrimCaching Spec algorithm achieves
11.93% and 33.93% higher cache hit ratios than the Trim-
Caching Gen algorithm and the Independent Caching frame-
work, respectively. Moreover, a similar trend can be observed
in Fig. 7(b), which varies the number of edge servers.

Fig. 7(c) evaluates the performance of the algorithms as
the number of users increases. As expected, the cache hit
ratio decreases as the number of users grows due to reduced
transmission data rates. However, the proposed algorithms
maintain substantial performance advantages. When K =
50, the TrimCaching Spec and TrimCaching Gen algorithms
improve the cache hit ratio by about 21.81% and 15.47%,
respectively, over the Independent Caching framework. Be-
sides, the TrimCaching Spec algorithm achieves an average
performance gain of 11.50% compared with the TrimCaching
Gen algorithm, demonstrating its superior performance in the
special case, while the TrimCaching Gen algorithm remains
competitive.

Fig. 8 demonstrates the cache hit ratio of the algorithms
using the GPT-2-based model library, exhibiting trends similar
to those shown in Fig. 7. The TrimCaching Spec algorithm
demonstrates a notable improvement in average cache hit
ratios compared with the TrimCaching Gen algorithm and the
Independent Caching framework. As illustrated in Fig. 8, the
TrimCaching Spec algorithm achieves higher cache hit ratios
than the TrimCaching Gen algorithm and the Independent
Caching framework by 25.44% and 54.26%, 24.71% and
49.11%, 23.68% and 49.06%, respectively, under varying
storage capacities, numbers of edge servers, and numbers of
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users.

C. Performance in the General Case

As shown in Fig. 9, this subsection compares the cache hit
ratio of the TrimCaching Gen algorithm and the Independent
Caching framework using the ResNet-based model library in
the general case. A trend similar to the special case can be
observed. As the storage capacity or the number of edge
servers increases, the cache hit ratio improves since more
models can be cached. Moreover, increasing the number of
users leads to a decline in the cache hit ratio due to the limited
spectrum bandwidth. More importantly, the TrimCaching Gen
algorithm significantly outperforms the Independent Caching
framework in different scenarios.

D. Running Time Comparison

In this subsection, we compare the running time of the
TrimCaching Spec algorithm, the TrimCaching Gen algorithm,
and the exhaustive search using the ResNet-based model
library. Here, the exhaustive search is employed to obtain
the optimal solution, and incurs exponential complexity, i.e.,
2MKET To run the exhaustive search efficiently, the length and
width of the area are reduced to 400 m, and M and K are set
to 2 and 6, respectively. Moreover, € of Algorithm 3 is set to
0 in this subsection.

Fig. 10(a) compares the performance of our algorithms with
the exhaustive search in the special case. On the one hand, the
TrimCaching Spec algorithm achieves the same cache hit ratio
as the optimal solution, while the cache hit ratio of the Trim-
Caching Gen algorithm is only 1.3% lower than the optimal

g
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A
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Algorithm
(b) Results in the general case,
where () = 0.2 GB and each user
requests 27 models.

Fig. 10. Cache hit ratio and average running time of different algorithms.

solution. On the other hand, the TrimCaching Spec algorithm
and the TrimCaching Gen algorithm are, on average, about
22,900 and 58,000 times faster than the exhaustive search,
respectively, demonstrating the effectiveness and efficiency
of our algorithms in the special case. Moreover, Fig. 10(b)
compares the performance of the TrimCaching Gen algorithm
with the TrimCaching Spec algorithm in the general case. The
average running time of the TrimCaching Gen algorithm is
about 3,900 times faster than the TrimCaching Spec algorithm.
This underscores the necessity of designing the TrimCaching
Gen algorithm for the general case, since the TrimCaching
Spec algorithm exhibits exponential complexity in the general
case.

E. Robustness to User Mobility

In Fig. 11, we demonstrate the robustness of our algorithms
over time by considering user mobility. In this subsection,
we set M, K, and @ to 10, 10, and 3 GB, respectively,
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Fig. 11. Impact of user mobility on the cache hit ratio over time.

using the GPT-2-based model library. Moreover, three mobility
patterns are considered, representing pedestrians, bikes, and
vehicles. The initial speeds of users are randomly drawn
from [0.5,1.8] m/s, [2,8] m/s, and [5.5,20] m/s, respec-
tively. In each time slot, the acceleration is selected from
[-0.3,0.3] m/s?, [-1,1] m/s?, and [—3,3] m/s, respectively.
The initial movement orientations are uniformly distributed
in [0, 7] rad. The angular velocities range in [—7%, %] rad/s,
[~%,%] rad/s, and [—%,%]| rad/s. Users are assumed to
change their speeds/orientations at the beginning of each time
slot, and the time slot duration is set to 5 s.

Fig. 11 illustrates the robustness of the TrimCaching Spec
and TrimCaching Gen algorithms in the special case using
the GPT-2-based model library. While the cache hit ratio
degrades over time due to user mobility, the performance
degradation of the TrimCaching Spec and TrimCaching Gen
algorithms is only about 3.91% and 2.83%, respectively, over 2
hours. This demonstrates the effectiveness of the TrimCaching
framework in the long run, even though user mobility has
not been explicitly considered in our problem formulation.
This also implies that model replacement does not need to be
re-conducted frequently, thereby saving backbone bandwidth
resources.

FE. Impact of Request Probability Uncertainty on Cache Hit
Ratio

This subsection investigates the effect of the uncertainty of
model request probabilities on the cache hit ratio, as the es-
timated request probabilities used for model caching decision
determination may deviate from the true value py, ;. Following
prior work, we model the estimated request probability of user
k for model i, denoted by p;“ as a Beta distribution with
mean py; [66], [67]. In our experiments, the model caching
decisions are first determined based on pj ;, while the cache
hit ratio is evaluated through Monte Carlo experiments, where
each user generates a specific model request according to py ;
in each Monte Carlo experiment. We analyze the cache hit
ratio in terms of the coefficient of variation of pj ;.

Fig. 12 demonstrates that the cache hit ratio of the proposed
algorithms decreases slightly as the coefficient of variation of
p;w increases. Fig. 12(a) shows that the cache hit ratio of the
TrimCaching Spec and TrimCaching Gen algorithms degrades
by 2.20% and 2.78%, respectively, as the coefficient of varia-
tion of pj, , increases from 0 to 0.5 in the special case. Besides,
in the general case, the cache hit ratio of the TrimCaching Gen
algorithm drops by 1.82% over the same range in Fig. 12(b).
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Fig. 12. Cache hit ratio versus the coefficient of variation of estimated request
probabilities using the ResNet-based model library, where @ = 1 GB, K =
30, and M = 10.

These results demonstrate that the proposed algorithms remain
robust with only minor performance degradation even when
the estimated request probabilities deviate from their true
values substantially.

G. Comparison with Online Placement Strategies

In this subsection, we compare the proposed algorithms with
two classical online content placement strategies, including the
Least Recently Used (LRU) and the Least Frequently Used
(LFU) strategies, under both the special and general cases. The
experiments are conducted in a dynamic setting, where each
user generates one specific model request according to py ;
at the beginning of each 10-second time slot. The placement
decisions of the TrimCaching Spec and TrimCaching Gen
algorithms are determined once at time 0 based on p;; and
remain unchanged throughout the experiment. In contrast, both
LRU and LFU update their placements dynamically according
to the user requests at the end of each time slot. Under LRU,
models that are least recently requested are removed from the
cache, while under LFU, those with the least request frequency
are removed [68], [69]. We consider parameter sharing in both
LRU and LFU implementations. The cache hit ratio is recorded
at the start of each time slot to represent the performance for
that slot.

As shown in Fig. 13, the proposed algorithms consistently
outperform the LRU and LFU strategies. Despite using static
placement decisions computed only once based on py, ; at the
beginning, both the TrimCaching Spec and TrimCaching Gen
algorithms achieve significantly higher cache hit ratios. Specif-
ically, after the performance of the LRU and LFU strategies
stabilizes (after 30 minutes), the TrimCaching Spec algorithm
improves the cache hit ratio by an average of 33.71% and
21.61% over LRU and LFU, respectively, while the Trim-
Caching Gen algorithm achieves improvements of 22.17% and
10.07%, respectively, in the special case, as shown in Fig.
13(a). Moreover, a similar trend can be observed in Fig. 13(b),
where the TrimCaching Gen algorithm outperforms LRU and
LFU by 26.05% and 13.20% on average, respectively, in the
general case.

VIII. CONCLUSIONS

In this paper, we proposed the TrimCaching framework
for efficient edge Al model caching. By leveraging shared
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Fig. 13. Cache hit ratio comparisons with online placement strategies using
the ResNet-based model library, where ), K, and M follow those in Fig.
12.

parameter blocks among Al models for efficient storage,
we formulated the parameter-sharing AI model placement
problem to maximize the cache hit ratio under user latency
requirements and storage constraints in multi-edge scenarios.
This paper is the first work to formulate such a problem and
identify this problem as a submodular maximization problem
with submodular knapsack constraints, which is fundamentally
different from conventional edge content caching. To tackle
this challenge, we first investigated the special case with a
small fixed number of shared parameter blocks independent of
the problem scale. We developed a polynomial-time rounding
DP-based algorithm with (1 — €) /2-approximation guarantee.
After that, we addressed the general case by devising a greedy
algorithm that is also efficient and effective. Our findings
underscore the importance of parameter-sharing model caching
for enabling low-latency Al model downloading. We hope this
work will inspire further research on edge Al model caching,
such as model caching in heterogeneous or hierarchical net-
works, thereby making it a key service of 6G mobile networks.
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APPENDIX A
PROOF OF PROPOSITION 1

We begin by introducing a few statements. For any fea-
sible X, let n(X) = {@m; | Tmi =1,2m,; € X} denote
the set of model caching decisions with z,,; = 1, Ix =
{i | m,i =1,2m,; € X} denote the set of cached models,
Mx = {m | xm;=1,2,,; € X} denote the set of edge
servers that cache models under X.

We first prove that the objective function of P1.1 is a
submodular function. Let X and X’ be two feasible model
placement decisions in P1.1 with n(X) C n(X’) C V,
where V is the universal set that contains all feasible model
placement results for P1.1. For any z,,; € V \ n(X’), the
marginal increase in cache hit ratios of updating z,, ; = 0 to
T, =11in X' and X are

AU (X',m,i) = U (X' \{xm,i =0} U{zp, = 1}) — U (X')
=U (X)) U{zm:}) = U0 (X)),

(20)
and
AU (X,m,i) = U (X \{zm,; =0} U{zn; =1}) — U (X)

=U(n(X)U{zm}) - U0 (X)),

(21
respectively. Moreover, since 1 (X) C 1 (X’), then we have
Mx € Mx and Zx C Zx/, implying that Mx, can provide
at least as many models as Mx to users. We consider the
following three cases for AU (X', m,i) and AU (X, m, ).

o If users can download model ¢ from some edge server
in Mx, where the servers in Mx collectively cache Zx,
within latency requirements, then they can also download
it from some edge server in Mx/, where the servers in
Mx collectively cache Zx/, within latency requirements.
This implies that AU (X', m, i) = AU (X, m, i) = 0.

o If users cannot download model ¢ from any edge server
in either Mx or Mx- within latency requirements, then
AU (X', m,i) = AU (X, m, 7).

« If users cannot download model 7 from any edge server in
Mx within latency requirements, while they can down-
load it from some edge server in Mxs within latency
requirements, then 0 = AU (X', m, i) < AU (X, m, ).

Therefore, we have U (n(X)U{zm:}) — U(n(X)) >
U () (X') U{m,i})~ U (n(X')) when 1 (X) € 5 (X) C V.
Hence, the objective function of P1.1 is a submodular func-
tion.

Next, we prove that the constraint function in P1.1 is a set
of submodular functions. Assume that X! and X2, are two
feasible model placement decisions for edge server m such
that n (X1,) € n(X2,) € V,,, where V,, is the universal
set of all feasible model placement results for edge server m
in P1.1. For any z,,; € V,, \ 7 (X2,), the marginal increase
in storage cost when updating x,,,; = 0 to z,,; = 1 in an
and X! is

Ag (X2,,i) = gm (0 (X2) U{zmi})—gm (n (X2)), 22)
and

Ag (Xin,l) =9gm (77 (X}n) U {xm,i}) —9m (77 (X}n)) , (23)

respectively. Since 7 (X)) € n(X2,), we have Ix1 C
Tx2 . We consider the following cases for Ag (X2 i) and
Ag (X1, 4).
o Ifi € Ix: , then i € Ix: holds, implying Ag (an, z) =
Ag (X}rwi) =0.
oIf i ¢ Ix: and i ¢ ZIx2, we can derive that
Ag (Xfmi) =Ag (X}n, z)
o If i ¢ Ix: and i € Ixz, then 0 = Ag (an,i) <
Ag (X1, 1).
Therefore, we have g,,, (7 (X2,) U {&m,i}) —gm (1 (XL,)) >
gm (1 (X3,) Udzmi}) — gm (n(X3,)) when 7 (X},) C
n (X?n) C V,,. This implies that g,,, (X,,) is a submodular
function and the constraint function of P1.1 is a set of
submodular functions. This completes the proof.

APPENDIX B
PROOF OF PROPOSITION 2

Let a binary variable v, ; represent the caching status
of parameter block j on edge server m, where ¥, ; = 1
indicates that parameter block j is cached on edge server
m. Therefore, the relationships between z,,; and y,, ; are

given by s = [ Ymj and ym; = 1 — [] (1 —zpm,).

JeTi i€,
Based on these, U (X) can be equivalently expressed as
kE)C Ezzpk,i {1— HM 1— Hj Ym,j11 (m,k,3)
_ kekie me JET;
Ui (Y) = ST , where
keEK i€l

Y = {ym,; | meM,je T} Accordingly, P1.1 can be
equivalently transformed to a supermodular maximization
problem with multiple knapsack constraints, which is ex-
pressed as

P1.2: max U (Y) (24a)

st > Diymy < Q. ¥Ym e M, (24b)
JjeET

Ym,j € {0,1}, Ym e M,Vj € J, (24c)

where (24b) is a set of knapsack constraints. The proof that
the objective function in P1.2 is supermodular is omitted, as
it follows directly from the proof of Proposition 1.

It has been shown that the supermodular maximization prob-
lem with multiple knapsack constraints is NP-hard, and there
is no approximation algorithm with a constant approximation
guarantee to solve this problem even when M = 1 [70].
Therefore, no polynomial-time algorithm with a constant ap-
proximation guarantee can solve P1.2, and the same hardness
result holds for P1.1. This completes the proof.

APPENDIX C
PROOF OF PROPOSITION 3

The second equality in (10) holds due to the following
reasons. First, I (m, k,7) ensures that model requests already
served by the first m — 1 edge servers are not counted in the
cache hit ratio of edge server m. Second, Algorithm 1 solves
each sub-problem P2.1,, sequentially in ascending order of
m, and the caching decisions of the first m — 1 edge servers
(i.e., £y in (9)) are known when solving P2.1,, for edge



server m. Therefore, the set of model requests served by edge
server m and those served by the first m — 1 edge servers are
disjoint, leading to the second equality in (10).

APPENDIX D
PROOF OF PROPOSITION 4

Let X,, denote the set of placement decisions for edge
server m made by X} but not by X,,, i€, Ty € Xy
satisfies

(25)

Lm,i =

- JLifzy ;=1and 2, =0,
0, otherwise,

where X7 is the component of the optimal solution X* associ-

ated with edge server m, with X* = |J X, z;,; € X},
. meM

and &,,; € X,,. Moreover, based on the definition in (8),

~ (Xm

Un ) is given in (26) at the bottom of this page, which

m—1 ~
U Xm/> . Note that X,,,

m/=1

is used as shorthand for Um (Xm

and ﬁm (Xm> are introduced solely as auxiliary variables to

analyze the theoretical performance gap between X and X*
after all X,,, have been obtained.

First, we establish that Upn (Xm) is upper bounded
meM

by U (X), following the approach in [71], [72]. Let I ==
{z’ ) T =1,Zm,; € Xm} denote the set of cached models
corresponding to X,,, which is a subset of Z. Since the
TrimCaching Spec algorithm obtains X,, by maximizing
G (%)
Xm is the optimal solution to P2.1,,, it follows that

U (%) < O (Xin) , ¥im € M.

over all models in Z when solving P2.1,,, and

27)

Furthermore, summing over all m and invoking Proposition 3,
we obtain

3 U (Xm) <> Un (Xm) —U (X) . 28)
meM meM
Second, we show that
(29)

U(X*)<U (X) + 3 Un (Xm) .
meM

Based on (4), for each model request 75; of user k
for model ¢, the cache hit indicator under X is 1 —

IT (1 —zmh (m,k,4)), which equals 1 if 7y ; is served
meM
by X.

To prove (29), we begin by claiming that for any ry ;, the
following inequality holds.

1— H (1 —ap, Iy (m, ki)

meM

<1-— H (1 = 2y i1y (m, K, 7))
meM

m—1
+ 37 dalh (my ki) ] (1= @ alh (m K, 1))
meM m/=1

(30)

We verify this inequality by considering two cases.
(i If rg; is mnot served by X*, then 1 —
[T (1—=},,0i(m, ki) = 0. Since the right-hand

meM
side of (30) is nonnegative, (30) holds in this case.

@) If rg; is served by X*, them 1 —
[T (1—x},,0 (m,k,i)) on the left-hand side of (30)

meM
equals 1. We further consider two sub-cases. (ii-a) If 7y ; is
also served by X, then 1 — [[ (1 — &0 (m,k,7)) = 1.

meM
Therefore, 1 - [T (1—ap,,0 (m, ki) =
meM
1 — JI (@—=&m0 (m,k,4)), and (30) holds in
meM
this sub-case. (ii-b) If 7ry; is not served by X,
then 1 — J[ (1— &m0 (m,k,d)) = 0, implying
. meM

[T (1 =220 (m, ki) =1 for all m € M. Since ry, ; is
m’=1

served by X* but not by X, )i is served by | X, which

meM
implies 1 — [ (1 — &,0; (m,k,7)) = 1. Therefore, there
meM
exists at least one m € M such that Z,,;I; (m,k,i) = 1,

and  consequently > Zply (my ki) > 1.

meM
Combining this with the fact that, in this sub-case,
m—1

[T Q=220 (m k) =

m/=1

1 for all m € M, we

obtain Z jm,i]ll (m, k, Z) H (1 - i'm’,iﬂl (m’, kJ)) > 1.
meM m/=1
Since 1 — [] (1 -}, 11 (m,k,i)) = 1 in this sub-case,

meM
(30) holds in this sub-case. Therefore, (30) holds for all ry ;.

Multiplying both sides of (30) by pg;, summing over

all 744, and normalizing by > > pg;, we obtain (31)
kEK i€T
and (32), which are given at the bottom of the next page.

Since the second term on the right-hand side of (32) equals

P2y Unm (Xm) (29) holds.

m—1
Z Z pk?iim’iH{Tm,k,iSTk,i} ml’ll (1 - jm/’iH{Tm/,k,iSTkvi})

U (5( ): keK i€

> > DPhi

keK i€l
m—1

(26)

> > Peim (my ki) [T (1 — &y s (M, K, 7))

keKiel

m’/=1

Z Z Pk.i

keK i€l



Finally, substituting (28) into (29) yields

U(X*)<U(X)+ Un (X)) <20 (X).  (33)
(5) 3 0 () 220 (5)
Therefore,
U (X) > %U(X*). (34)
This completes the proof.
APPENDIX E

PROOF OF PROPOSITION 5

Let X;“n be the optimal solution to P2.1,,, without rounding,
and the corresponding cache hit ratio of P2.1,, is given by

> u(m,i)
A - iely
U (Xm) S E— (35)
> D Pk
keK i€l
where 7, = {i ‘ Frai = L5, € X5, ).
When € > 0, with (12) and (17), we can derive that
> u(m,i)
U (X ) _ €Ly,
A > D DPri
kEK i€Z

S €U min LMJ

€U, min

> €Um min® (M, 1)

Based on (12) and (37), we have

Z Eum,minu (m7 ’L) Z 6'U'7’1"L71r1i117'14 (ma Z)

i€Zm i€ly,
> D Pk D D Pk
keK i€T keEK i€T 38
Z €Um,min ( u(m,i) - 1) ( )
) €EUm ,min
S iely, ’
- >, > Prii

keKiel

Furthermore, with (35), we can derive that

> €Um,min (M — 1)

€Um ,min

Z €U, min

ielx N - ielx
™ -0, (an) eIy
D D Phi > D DPhi
keK i€ keK i€l
N N j:;l‘ 6'U/rrz,min
0, (%) - L,
> D Pk
keK i€l
(39)
Combining (36), (38), and (39), we have
~ N j:n 6um,min
o (X ) >0 (an> )
" >, > Pri
keK i€T
leading to
O (%2) O (%) |52 ctmn
N S NGV
O (X:,) O (Xin) 5 pr
keK i€z

i€Zm i€l Since the number of cache hits of any model in i*n is no less
B > D Phi > > pri  than Uy, min, we have
kEK i€T keK i€l
< (36) i* um min
Due to the optimality of the DP approach, X,,, is the optimal m ’ <0, (X* ) (42)
. o, . . . . — m ?
solution to P2.1,, when it is solved using 1 (m, 7). Therefore, > Z Dk,i
WA+ Om A+ = ». U(m,i) achieved by X,, is no less than kekier
i€l which implies
that achieved by X7 , i.e., R
‘I;:l‘ €Um, min
. . . : <e. (43)
w(m,1) > w(m,1). 37 - -
2 mi)z ) dlm) @7 0 (X3) = 5 o0
i€Z,, ielx, keK i€T
£ ot I (-apbimki)| L Sou|t= I (1 andim ki)
kEK i€ meM < heKieT meM
> Z Dk,i - > Z Dk,i
keK ieZ keK ieZ . (31)
S S| T it ki) T (0= e (01, 1,0)|
+ keK i€l meM m/=1
>, 2 Phi
keK i€
m—1
> 2 Pridm,ily (mykyd) [T (1= &nw iTh (M, K, 4)
U X* S U (X) + ke i€l m/=1 (32)
X 2 >3 e

meM

keKiel



Therefore, substituting (43) into (41), we can conclude that

G (%) = Un (X0) <e (44)
U (X5 —

which yields

0, (X) > 1= U (Xm) . (45)

When ¢ = 0, we have 4 (m,i) = u(m,i), according to
(12). In this case, Algorithm 3 obtains the optimal solution
to P2.1,, as it traverses all possible combinations of shared
parameter blocks and leverages the optimality of the DP
approach. Therefore, it follows that Um (Xm> = Um (X;ﬁn) R

completing the proof.

APPENDIX F
PROOF OF THEOREM 1

First, the time complexity of Line 2 in Algorithm 3
is O(I). Second, Algorithm 3 requires at most ol it
erations to traverse all combinations of shared parame-
ter blocks. Third, in each iteration of Algorithm 3, the
complexity of updating 7 (ear,war) is Ofl&fm)

p = > > pr;and Oyy is the granularity of py ;. More-

keK i€T ) )
over, the time complexity of Lines 4, 8, 9, 16, and 18

is O(1), O(1), O(I), O(ﬁ), and O (1), respectively.
Finally, the complexity of Algorithm 2, which is invoked
in Line 17 of Algorithm 3, is O (I). Therefore, the time
complexity of Algorithm 3 is O I—|—2|‘75h| Iﬁ —|—I>2.
Since Algorithm 1 executes Algorithm 3 for each of the
M edge servers, the time complexity of the TrimCaching
Spec algorithm is O MI + M2l (Iﬁ—i—])) =
O (M1+27! (524 1) MI) = 0 (2" 1M1). Under
Assumption 1, |J shl s small and fixed, which is a constant
independent of the problem scale. Therefore, the time com-
plexity of the TrimCaching Spec algorithm is O (M1I). This
completes the proof.

, where

APPENDIX G
PROOF OF COROLLARY 1

Given that shared layers originate from a single pre-trained
model and that fine-tuning is performed using the bottom-
layer freezing technique, caching any shared layer on an edge
server requires that all its preceding layers are also cached.
This inherent relationship significantly narrows down the range
of layer combinations that need to be traversed. Based on
the proof of Theorem 1, the time complexity of the Trim-
Caching Spec algorithm can be reduced from O <2|‘7’h|M I )

to O ((k + 1) MI), completing the proof.

APPENDIX H
PROOF OF THEOREM 2

First, based on Proposition 3 and Proposition 5, we can
derive that

U(X)= Y On(Xn) 2 X (-0 (X;)
meM meM (46)
:(1—6)U( U Xm>
meM

Next, from Proposition 4, it follows that

- 1
* > — .
U( U Xm> > SU(XY) (47)
meM
Finally, combining (46) and (47), we have
. 1—
U (X) > (x), (48)

which completes the proof.



