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Abstract: Optimizing the deployment of large language models (LLMs) in edge computing environments is critical
for enhancing privacy and computational efficiency. In the path toward efficient wireless LLM inference in edge
computing, this study comprehensively analyzes the impact of different splitting points in mainstream open-source
LLMs. Accordingly, this study introduces a framework taking inspiration from model-based reinforcement learning
to determine the optimal splitting point across the edge and user equipment. By incorporating a reward surrogate
model, our approach significantly reduces the computational cost of frequent performance evaluations. Extensive
simulations demonstrate that this method effectively balances inference performance and computational load under
varying network conditions, providing a robust solution for LLM deployment in decentralized settings.
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1 Introduction

The field of natural language processing (NLP)
has recently experienced transformative changes,
driven by the rapid advancement of large lan-
guage models (LLMs) such as generative pre-trained
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Transformer 4 (GPT-4) (OpenAl, 2023) and Gem-
ini (Gemini Team Google, 2023). These models
are highly proficient at generating human-like text
(Brown et al., 2020; Wei et al., 2021; Bai et al., 2022;
Le Scao et al., 2022; Touvron et al., 2023), catalyz-
ing progress across various domains (Nijkamp et al.,
2022; Roziére et al., 2023; Webb et al., 2023; Jin
et al., 2024). Although LLMs perform well in central-
ized cloud environments, they face significant scal-
ability and privacy issues (Thirunavukarasu et al.,
2023; Wu et al., 2023) in sensitive applications such
as healthcare and finance (Kaddour et al., 2023),
which have driven the exploration of edge comput-
ing (Mach and Becvar, 2017; Mao et al., 2017) as a
complementary paradigm. Of note, edge computing
processes sensitive information locally rather than
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transmitting it to a centralized cloud (Li E et al.,
2020; Letaief et al., 2022). Consequently, it mini-
mizes the exposure to potential privacy breaches and
unauthorized access. Moreover, edge computing al-
lows for a flexible and distributed architecture, and
can accommodate allocated computational resources
to specific requirements (Abbas et al., 2018; Pham
et al., 2020). Therefore, the integration of edge com-
puting and LLMs empowers LLMs with enhanced
personalized and domain-specific generative capa-
bilities (Chen YX et al., 2024). LLMs’ substantial
computational demands often exceed the processing
capacities of communication-limited user equipment
(UE) in radio access network or Internet of Things
(IoT) systems (Hadi et al., 2023; Lin Z et al., 2024a;
Patil and Gudivada, 2024). Correspondingly, split
learning and inference (Lee et al., 2023; Qiao and
Zhou, 2023; Lin Z et al., 2024b) are proposed to
jointly leverage the computing capability of the UE
and edge nodes (e.g., base stations (BSs)).

Though most of existing works (Chen MZ et al.,
2021; Lan et al., 2021; Karjee et al., 2022; Ryu et al.,
2022; Lee et al., 2023; Wang YZ et al., 2023; Lin Z
et al., 2024b) focus on careful model splitting to bal-
ance the computational and communication costs,
splitting different layers of LLMs is quite unique, as
the intermediate outputs have consistent dimensions,
leading to the same communication cost. Addition-
ally, transmitting tensors between LLM layers over
potentially noisy channels could hinder LLM infer-
ence performance. As validated in this work later,
given different splitting points, the possible loss in-
duced by unreliable wireless channels produces a
significantly diverse impact on model performance.
These attributes necessitate a shift in focus from
optimizing transmission efficiency to managing the
computational burden on the UE. In LLM deploy-
ment scenarios, wherein the scale and complexity of
the models impose significant demands on the lim-
ited computational resources of the UE, the chal-
lenge lies in balancing the computational load with-
out degrading inference performance. Thus, it is crit-
ical to identify the optimal splitting point for model
inference while combating wireless channel volatil-
ity. Such a viewpoint transcends traditional single-
step optimization techniques and warrants a new
framework accommodating the sequential nature of
decision-making.

Reinforcement learning (RL) emerges as an apt

methodology, known for its proficiency in sequen-
tial decision-making tasks (Mnih et al., 2015; Li YX,
2017; Luong et al., 2019; Qian et al., 2019). RL
learns optimal strategies over successive iterations,
continuously adapting to the dynamic and uncer-
tain edge environment. The iterative nature of RL,
requiring multiple interactions with the LLM to as-
certain the rewards of different actions, complements
the continuous and unpredictable variations in wire-
less channels. Nevertheless, it inevitably incurs sig-
nificant interaction costs before collecting sufficient
records. Fortunately, with the merits in sampling
efficiency, model-based RL (MBRL) is particularly
suited to this context (Deisenroth and Rasmussen,
2011; Kaiser et al., 2019; Shlezinger et al., 2021; Mo-
erland et al., 2023). In particular, MBRL capably
simulates the uncertain environment and assesses the
potential outcomes of actions, thus enabling a more
informed and anticipatory optimization strategy for
the dynamical splitting point determination process.

As illustrated in Fig. 1, we propose an adap-
tive layer splitting algorithm for efficient LLM infer-
ence in edge computing, where only a few selected
Transformer layers are provisionally activated at the
UE. Meanwhile, faced with wireless channel fluctua-
tions, we leverage a sample-efficient MBRL-inspired
approach to determine the suitable splitting point.
While highlighting the key differences with existing
works in Table 1, the primary contributions of this
paper are summarized as follows:

1. We comprehensively evaluate the impact of
LLM splitting points on LLM inference performance
under varying channel conditions, and formulate the
determination of appropriate LLM splitting points
as a sequential decision-making process.

2. We leverage the proximal policy optimization
(PPO) (Schulman et al., 2017) for adaptive splitting
point determination and devise a sample-efficient re-
ward surrogate model to facilitate the learning.

3. We conduct extensive studies to evaluate the
robustness and effectiveness of the MBRL-inspired
splitting point determination method.

2 Related works
2.1 Edge-enhanced LLM deployment

In the realm of LLMs, Chen L et al. (2024)
and Lin B et al. (2024) provided a comprehensive
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Fig. 1 A high-level architecture of the framework, depicting the distribution of the large language model
(LLM) across the edge and the user equipment (UE), highlighting the role of the reinforcement learning (RL)
agent in managing interactions between the LLM and wireless networks

Table 1 Summary and comparison of related works

Reference

Brief description

Limitation

Lin Z et al. (2024a)

Discusses the deployment of LLMs at 6G
edges, advocating edge computing to
optimize LLM deployment

Lacks detailed methodologies for handling
computational constraints at edge nodes

Gupta O and Raskar (2018)

Introduces split learning, which splits
models between clients and servers to
avoid transferring raw data

Focuses on DNNs without considering the
unique challenges of wireless channels
and high deployment costs associated
with LLMs

Lee et al. (2023)

Explores split inference in wireless
networks, distributing DNNs for
collaborative inference

Does not account for the specific
challenges of LLMs, such as high
computational requirements and the
impact of volatility of wireless channels
on performance

Shlezinger et al. (2021)

Investigates model-based machine learning
for communication systems, emphasizing
the advantages of predictive modeling in
dynamic environments

Limited focus on LLMs and their unique
characteristics, including high processing
demands and sensitivity to channel noise

LLMs: large language models; 6G: sixth-generation; DNNs: deep neural networks

overview of the challenges faced by LLMs in cloud-
based settings, particularly emphasizing the con-
straints related to data privacy and processing ef-
ficiency. Satyanarayanan et al. (2009) proposed the
concept of edge computing as a viable solution. Chen

YX et al. (2024) proposed an LLM cloud—edge col-
laboration framework, which uses small-scale mod-
els deployed at edge nodes to enhance the genera-
tive capabilities of cloud-based LLMs. Lin Z et al.
(2024a) emphasized the importance of optimizing
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LLM deployment at the sixth-generation (6G) mo-
bile communication edges but did not provide spe-
cific methodologies for leveraging edge computing ca-
pabilities. Dong et al. (2024) proposed to use LLMs
as offline compilers to meet low-latency requirements
in edge computing. However, these approaches do not
fully address the computational constraints of edge
nodes. Our research bridges this gap by introducing a
dynamic layer-splitting framework to alleviate these
limitations.

2.2 Split inference in distributed computing

Gupta O and Raskar (2018) introduced the con-
cept of split models between clients and servers
to avoid transferring raw data, offering new per-
spectives on distributed computing and privacy-
preserving artificial intelligence (AI). Chen MZ et al.
(2021), Ryu et al. (2022), and Lin Z et al. (2024b)
broadened the application of split learning to encom-
pass the distributed deployment of deep neural net-
works (DNNs) in wireless networks. Lan et al. (2021),
Karjee et al. (2022), Lee et al. (2023), and Wang YZ
et al. (2023) distributed different portions of DNNs
between edge nodes and cloud for collaborative infer-
ence task execution, thus reducing response latency
and improving the scalability.

Different from these existing works (Lan et al.,
2021; Karjee et al., 2022; Lee et al., 2023; Wang YZ
et al., 2023), LLM splitting presents unique chal-
lenges. Due to the large computational demands of
LLMs, deploying different layers across the UE and
edge nodes requires careful consideration of the com-
putational load on the UE. The significant disparity
in computational capabilities between heterogeneous
devices further complicates the deployment process
(Ong, 2024; Zhang MJ et al., 2024). Moreover, split-
ting at different points within the LLM significantly
affects the overall inference performance, as demon-
strated by the simulation results in Section 3. To our
best knowledge, this belongs to the first efforts to ad-
dress this important issue, and lays the foundation
for further adaptive layer splitting to balance LLM
inference performance and UE computation cost.

2.3 RL in network optimization

RL emerges as a pivotal tool for optimizing
decision-making processes in dynamic and uncertain
environments, as highlighted by previous works (Zhu

et al., 2022; Icarte et al., 2023). Ke and Astuti (2023)
and Yang et al. (2023) demonstrated RL’s efficacy
in enhancing performance optimization within dis-
tributed networks, highlighting its potential to adapt
and respond to evolving environmental conditions.
In the context of wireless network environments, Liu
et al. (2020) and Li X et al. (2022) leveraged RL
to address the challenges of resource allocation and
network traffic management, showcasing its capa-
bility to optimize system performance amidst the
fluctuating nature of wireless communications. With
its predictive modeling capabilities and remarkable
sampling efficiency, MBRL is adept at navigating en-
vironments with variable factors (Kaiser et al., 2019;
Egorov and Shpilman, 2022). To address the issues
of computational constraints and wireless channel
volatility, our research draws inspiration from MBRL
and develops a computation-efficient reward surro-
gate model to optimize LLM deployment at the edge.

3 System model and problem formula-
tion

In this section, we begin with a comprehensive
description of the system model, which highlights
the deployment of a splitting LLM across the wire-
less network. Afterward, we discuss the impact of
the layer splitting point on LLM performance under
various channel conditions. Finally, we formulate the
channel-aware splitting point optimization problem
to balance the UE computational load and LLM in-
ference performance.

Beforehand, we summarize the main notations
used in Table 2.

3.1 System model

To characterize the LLM provisioning with
model splitting, we consider primarily a system
model illustrated in Fig. 2. Without loss of gener-
ality, we assume that for an L-layer LLM, the first
p layers Ly(-) are deployed in the UE, and the re-
maining L — p layers L¢(-) are in the edge, where the
splitting point p is adjustable. Based on this, for an
input & € R%n, typically a sequence of text tokens,
the UE transforms x into a higher-dimensional in-
termediate tensor y € R%ida_ that is,

y = Lu(z; 0ur), (1)
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Fig. 2 Overview of the split model architecture in wireless channel, with layer 3 designated as the example
splitting point. We use the 32-layer LLAMA2-7B model as an example

Table 2 Notations used in the paper

Notation Definition

L Total number of layers in the LLM

P Adjustable splitting point, indicating
the number of layers deployed at
the UE

Ly(+),Lc(v) Layers deployed on the UE and the
edge, respectively

x € Ré%n Input data

Y, Y € Rimia Intermediate tensor before and after
the channel, respectively

OUE; Oedge Parameters of the LLM layers
deployed on the UE and the edge,
respectively

h Nakagami-m fading channel gain

m Nakagami-m fading channel shape
parameter

9] Nakagami-m fading channel spread
parameter

n ~N(0,0%) Gaussian-distributed noise with mean
0 and variance o2

hin Threshold for channel gain below
which packet loss occurs

P Probability of packet loss

z € Rdout Inference output provided by the edge

Osurr Parameter of the reward surrogate

model

where fyg denotes the parameters of layers in Ly (+).
This procedure inevitably incurs a certain computa-
tional load on the UE, typically measured in floating
point operations per second (FLOPs). Typically, for
layer 1 with an input sequence of length d;, with hid-
den dimension dyiq, using a multi-head self-attention
mechanism with s heads, the computations for the
involved multi-head attention mechanism and feed-
forward network components can be obtained as fol-
lows: FLOPs(Ly) = nduia 4 2dadmia 4 gg, g2
Thus, the computational load on the UE can be ap-

proximated as

Z FLOPs(L

_ <3dmdm1d

K

Cug(p

2d12 dmld

+ 9dmdmld)
(2)

The intermediate tensor y is transmitted from the
UE to the edge over a wireless communication chan-
nel. Mathematically, the received signal § € R%mid
after a Nakagami-m fading channel (Nakagami et al.,
1960; Beaulieu and Cheng, 2005) can be represented
as

g = hy +n, (3)

h ~ Nakagami(m,{2) represents the
Nakagami-m fading with shape parameter m and
spread parameter (2, and n ~ N(0,0?) represents
the noise following a normal distribution with zero

where

mean and variance o2. In our simulation, each el-
ement of the intermediate tensor is independently
subjected to a packet loss probability, abstracting
each element as a separate packet to capture the
impact of noise at a granular level. When h = 1,
it degenerates to an additive white Gaussian noise
(AWGN) channel. The probability density function
(PDF) of the Nakagami-m distribution for the chan-
nel gain h is given by the following expression:

mthmfl 12

f(h) = WefTv (4)

where I'(m) denotes the gamma function. The shape
parameter m controls the severity of fading. When
m = 1, the Nakagami-m distribution degenerates
to a Rayleigh fading channel; at lower values of m,
the channel experiences more severe fading, leading
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to greater variability in noise levels. In practical sce-
narios, particularly when splitting LLMs between the
UE and base stations, the mobile nature of devices
often leads to rapidly changing channel conditions.
For instance, as a user moves from an open outdoor
area into a building or dense urban environment,
the shape parameter m in the Nakagami-m distribu-
tion would decrease, reflecting more severe multipath
fading and greater noise intensity fluctuations. This
dynamic environment necessitates continuous adap-
tation of the splitting strategy to maintain inference
performance under varying noise conditions.

Moreover, when the channel gain h falls below
a certain threshold Ay, the lower signal-to-noise ra-
tio (SNR) and relatively high bit error rate (BER)
imply retransmission, thus exceeding the latency re-
quirement in quality of service (QoS) with a rather
high probability. Hence, such a case can be regarded
as a packet loss. Accordingly, recalling the formula of
Nakagami-m distribution, the probability of packet
loss can be expressed as

P(packet loss) = P(h < hy)

hen my2m—1 5
:/ 2B e (5)
0 L(m)2m

Subsequently, the edge delivers an inference output
z € Réout ag

z = LC(:’); eedge)- (6)

The performance of the LLMs is commonly
quantified using the perplexity (PPL) metric, a stan-
dard means in NLP to evaluate how well a probabil-
ity model predicts a sample. Given an LLM and a
sequence of N tokens (i.e., wy,ws, -+ ,wy), PPL is
defined as

PPL

N
1
=exp <_N > log P (wy|wy, wa, ... 7wk—1)> ;

k=1

(7)
where Prpv(wg|wi,wa, ..., wg—1) denotes LLM’s
prediction probability from the previous k—1 tokens.
A lower PPL signifies superior model performance,
demonstrating the model’s proficiency in accurately
predicting the subsequent word in a sequence. Hence,
in this context, PPL can serve as a unified metric

to assess the impact of channel impairments on the
LLM’s ability.

3.2 Problem formulation

Beforehand, we investigate the impact of split-
ting points on the inference performance under differ-
ent channel conditions and, in Fig. 3, we present the
corresponding simulation results considering several
mainstream open-source LLMs, including LLAMA2-
7B, LLAMA2-13B (Touvron et al., 2023), Mistral-7B
(Jiang et al., 2023), Aya-23-8B (Ustiin et al., 2024),
OpenChat-8B (Wang G et al., 2023), and Prem-1B
(Gupta R and Sosio, 2024). Consistent with our intu-
ition, it can be observed from Fig. 3 that for the same
setting, a lower SNR or larger packet loss rate gen-
erally yields inferior performance (i.e., larger PPL).
More interestingly, an earlier model splitting (i.e., a
smaller p) could worsen the inference performance
while the channel conditions significantly affect the
performance of a given splitting point. Such an obser-
vation is also consistent with the widely recognized
fact that earlier layers in LLMs are responsible for
learning the general or basic features of the training
dataset (Zhang XH et al., 2023). These findings un-
derscore the importance of strategically selecting the
splitting point in the LLM architecture to maintain
the desired performance.

On the other hand, high computational load on
the UE would lead to increased latency and energy
consumption, further undermining the benefits of de-
ploying LLMs in edge environments. As indicated in
Eq. (2), the computational load on the UE is approx-
imately proportional to the number of layers pro-
cessed locally. This proportionality yields a contra-
dicting phenomenon that an earlier model splitting
worsens the inference performance but ameliorates
the computational cost at the computation-limited
UE. In other words, to minimize the overall system
PPL while effectively balancing the computational
load on the UE, the problem turns to identifying
the optimal splitting point p under volatile channel
conditions, that is,

p* = arg n%in (PPL(p; 0,m) + \Cuk(p)) , (8)

where PPL(p; 0,m) quantifies the inference perfor-
mance of the LLM, taking into account the splitting
point p, the noise intensity o, and the Nakagami-
m fading shape parameter m which directly affects
the packet loss probability. Moreover, the weight A
balances the trade-off between the inference perfor-
mance and the computational load.
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Fig. 3 Illustrations of the impact on perplexity (PPL) across different layers for various large language models
(LLMs): (a) high signal-to-noise ratio (SNR); (b) low SNR in additive white Gaussian noise (AWGN); (c) low
packet loss probability; (d) high packet loss probability under Nakagami-m fading

Considering the variability of network condi-  this optimization problem as a sequential decision-
tions and the complexities of real-time decision- making task. In this context, RL is particularly well-
making in distributed systems, we reformulate suited for this scenario, due to its capability to adapt
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to the evolving environment and optimize decisions
accordingly.

4 RL for splitting point optimization

In this section, we investigate the application
of RL to dynamically optimize the splitting point of
LLMs across the UE and edge computing resources,
thus adaptively responding to channel variations.

4.1 Markov decision process (MDP)

Splitting point adjustment under volatile chan-
nels can be formalized as an MDP, consisting of
a tuple (S, A, P, R). In particular, as illustrated in
Fig. 4, the state space S encompasses the key factors
such as the noise intensity o, the Nakagami-m fading
shape parameter m, and the current splitting point
p, namely, s = {o,m,p} € S. The action space A is
designed to accommodate a range of possible adjust-
ments to the splitting point, allowing for both finer-
grained and more substantial modifications. Specifi-
cally, A includes actions such as moving the splitting
point upward or downward by w layers (where u can
take values such as 1, 2, 3, and so forth) or maintain-
ing the current position. Mathematically, this can be
expressed as a € A = {—u,...,—1,0,4+1,...,Fu}.
This generalized action space provides the RL agent
with the flexibility to optimize the splitting strategy
dynamically in response to varying channel environ-
ments. For a time step t, given an action a; under
state sy, the environment state will transit to the

285

next state s;y1 following the transition probability
P, which is contingent on the selected action and
real-time channel conditions. Meanwhile, a reward

following the reward function R can be obtained as
T+ = R(St, at) = —(PPL(StJrl) =+ AOUE(StJrl)) . (9)

Finally, the long-term overall objective can be
formalized as

J(0)
T T
=E,, lgﬁytnl =E,, ;'th(st,at)] (10)

:Eﬂ'e [— Z’yt (PPL(St+1) + )\CUE(St+1))‘| )

where the discount factor v involves the significance
of future rewards. Correspondingly, it requires learn-
ing a policy 7y parameterized by 6 to attain the max-
imum of Eq. (10).

4.2 PPO approach

For dynamically adjusting the splitting point of
LLMs within cloud—edge—UE networks, we apply the
PPO algorithm (Schulman et al., 2017) to iteratively
learn the policy my. Specifically, PPO uses two neu-
ral networks, namely, the policy network 7y (a|s) and
the value function network V;(s), which are param-
eterized by 6 and ¢, respectively, to dictate the ac-
tion a given the state s and estimate the expected
discounted return from state s. Notably, PPO lever-
ages a clipped surrogate objective function L~ (6),

State input Reward

LLM

Evaluate
dataset

I

State space Reward function

-Noise intensity (o)
-Nakagami-m fading shape (m)|| R(s,a,)=—(PPL(s,,,)*AC(S,,,))
-Splitting point (p)

Policy network
* Receive state input and
compute action probabilities

* Update policy based
on rewards

== 1
Reward
(\0\9 Spllttlng point
Action
Channel noise RL agent
State

Action space

Move up | Move down | Maintain the current splitting point

J

Action selection

Fig. 4 Illustrations of the reinforcement learning (RL) setup, including the large language model (LLM), RL
agent, and channel noise modules. The RL agent optimizes the splitting point of the LLM by receiving state
inputs (noise intensity, Nakagami-m fading shape, and splitting point), computing action probabilities via the
policy network, and updating the policy based on the reward function
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which approximates the true objective J(6) but in-
troduces a clipping mechanism to limit the magni-
tude of policy updates. Mathematically, the clipped
objective can be written as

min (77@ (o |St> flt?

T (@t |5¢)

clip (Ml —e,1+e) At)

TOo1a (at |5t

LCLIP (0) — ]Et

)

(11)
where 6,4 represents the policy parameter for sam-
pling and € represents the clipping threshold. The

clipping mechanism clip(-) ensures that the policy
7o (at|st)
Toorq (at]St)

1, thus preventing large, destabilizing updates. This
mechanism is critical in RL scenarios in which sta-

ratio does not deviate significantly from

bility and reliability are paramount, especially in
dynamically changing environments such as cloud—
edge-UE networks. The advantage estimator Ay,
which can be computed using the generalized ad-
vantage estimation (GAE), is formulated as

A=Y (1) 6eu, (12)
=0

where 0; = 7, + Vi (s141) — Vi (s¢) denotes the tem-
poral difference error, - is the discount factor, and &
is the GAE parameter controlling the bias-variance
trade-off.

The update to the policy parameter 6 is per-
formed using a gradient ascent step on the clipped
objective function LCMF(#). Mathematically, we
have

0« 6+ aVyLF(9). (13)

This gradient ascent step ensures that the policy is
updated iteratively to maximize the expected re-
ward while maintaining stability through the clip-
ping mechanism.

During the training process, we use an experi-
ence replay mechanism specifically adapted to the
dynamic nature of the channel conditions in our
scenario. Notably, state-action pairs, including the
current splitting point p, noise intensity o, and
Nakagami-m fading channel shape parameter m, are
stored in a replay buffer. At each training step, a
mini-batch of these pairs is sampled from the re-
play buffer to update the policy network, ensur-
ing that the model learns from the past experience
under varying network conditions. This technique

helps break the temporal correlations inherent in se-
quential channel variations, leading to more stable
learning.

4.3 Reward surrogate model for faster RL

The integration of MBRL into our LLM split
optimization scenario significantly enhances the ef-
ficiency and effectiveness of our RL approach. Nev-
ertheless, the limited reasoning capability of LLM
makes the learning process sluggish. Therefore, in-
spired by the classical MBRL, which uses a predic-
tive model to simulate the environment, we adopt
a surrogate model to approximate the reward func-
tion, thereby boosting the learning efficiency. Specif-
ically, we approximate the PPL(p; o, m) that needs
to be computed by running the LLM and compute a
DNN-based surrogate model 151\31(19; 0, M, Osurr) DA~
rameterized by Ogyr to minimize the mean squared
error (MSE) as follows:

MSE = E{(PPL(p; o,m) — P/f’/L(p; o,m, HSurr))ﬂ

(14)
Notably, we use cross-validation (Stone, 1974) to pre-
vent overfitting and ensure the generalizability of the
surrogate model.

Incorporating the surrogate model directly into
the reward calculation, the reward at time step t can
be redefined as

R(st,at) = — (PPL(pﬁUhmtaesurr) + )\CUE(pt)) )
(15)
where 15131(]%; O, My, Osurr) Tepresents the estimated
PPL provided by the surrogate model. This reformu-
lation significantly reduces the training burden by
replacing the direct LLM inference with an efficient
approximation, enabling more rapid policy evalua-
tion and iteration of an RL policy. From a theoretical
standpoint (Romoff et al., 2018), the surrogate model
effectively reduces the variance in reward estimation
by providing a smoothed approximation of the true
reward landscape. This smoothing is particularly ad-
vantageous in high-dimensional action spaces, where
small perturbations in actions could lead to large
fluctuations in PPL if calculated directly.

Correspondingly, during the training process of
RL, the term A; in Eq. (12) can be re-written as
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follows:

o0
A = Z(Vﬁ)l [ — (PPL(s43141) + ACur(s14141))
1=0
+ Vo (st4241) — V¢(8t+1+z)} :
(16)

Based on this, we can compute LCYF (), which
consequently facilitates the update of 6.

By incorporating this model-based approach, we
achieve substantial gains in computational efficiency
in Table 3, enabling the RL agent to flexibly accom-
modate changing deployment environments.

Finally, we summarize the
Algorithm 1.

algorithm in

5 Simulation settings and results
5.1 Simulation setup

To validate the effectiveness of this RL-based
adaptive LLM splitting point determination method,
we use a 32-layer LLM, the LLAMA2-7B model
(Touvron et al., 2023), and the WikiText-2 dataset
(Merity et al., 2016) which contains 4355 sentences
with an average length of 20 words, to evaluate the
PPL under varied network conditions. Particularly,
we simulate a changing, fading-induced packet loss
probability in the range between 0 and 0.3. Moreover,
we primarily consider three representative cases:

1. Case L: a low packet loss probability 0-0.1
and an initial splitting point pini;, near the input
(layers 1-5);

2. Case H: a high packet loss probability 0.1-0.3
and an initial splitting point pinit,, far from the input
(layers 6-10);

3. Case A: complete range of packet loss proba-
bility 0-0.3 and the initial splitting point pinit, (lay-
ers 1-10).

In addition, the default hyperparameters for the
PPO (Schulman et al., 2017) algorithm and the chan-
nels are given in Table 4.

Table 3 Performance comparison of proximal policy
optimization (PPO) with or without reward surrogate
model under case A

Metric Without surrogate With surrogate
Reward at 24 000 steps 2.9736 2.9663
Training duration >24d 7.7 min
Computational resource 16.3 GB <1GB

consumption

Algorithm 1 PPO with reward surrogate model
for adaptive splitting point determination in wire-

less LLM inference
1: Initialize the policy network parameter  and value func-
tion network parameter ¢
2: Initialize the learning rate «, discount factor v, GAE
parameter &, and clipping threshold ¢
: Initialize the surrogate model parameter Osyurr

3
4: Initialize the replay buffer D

5: Initialize the flag USE_ SURROGATE < False

6: Initialize the EPOCH__ COUNTER - 0

7: Set threshold T for starting surrogate model training
8: for each training epoch do

9 EPOCH_ COUNTER = EPOCH__ COUNTER + 1

10: for each interaction step ¢ do
11: Observe state s
12: Select action a¢ according to mg(+|s¢)
13: Execute action a; and obtain reward r¢. The envi-
ronment transits to state s¢41
14: if USE_SURROGATE then
15: Store transition (s¢,at, s¢41) in replay buffer D
16: else
17: Store transition (s¢,a¢, ¢, s¢+1) in replay buffer
D
18: end if
19: end for
20: Sample a mini-batch of transitions ¢ ~ D
21: for each transition in mini-batch do
22: if USE_ SURROGATE then
23: Compute surrogate reward Fﬁ;(st+1)
24: Update the advantage estimator Ay using surro-
gate reward with Eq. (16)
25: else
26: Compute the advantage estimator Ay using GAE
from Eq. (12)
27: end if
28: Compute the clipped surrogate objective LCLIP ()
with Eq. (11)
29: Perform gradient ascent on LCMP(9) with
function (13)
30: end for
31:  if not USE_SURROGATE and EPOCH_COUNTER > T
then
32: Train surrogate model ﬁ(p; o, m, Osurr) to mini-
mize MSE with Eq. (14)
33: Set USE_ SURROGATE < True
34: end if
35: end for

Table 4 PPO algorithm hyperparameters

Hyperparameter Value
Learning rate a 0.0003
Discount factor vy 0.99
Clipping parameter e 0.2
Update frequency nstep 400
Batch size B 100
Number of steps per episode 5

GAE parameter & 0.95
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To reduce the computational cost of evaluat-
ing the LLM performance at each step, by collecting
9718 pieces of practical records, we derive a reward
surrogate model as in Section 4.3. Our results show
that a multi-layer perceptron (MLP) yields a test
loss of 0.00 548 in MSE and 0.050 in mean abso-
lute error (MAE), thus providing sufficient accuracy.
Therefore, we use this MLP-based reward surrogate
model to accelerate the evaluation process.

5.2 Simulation results

We first present the performance of PPO with or
without the reward surrogate model and compare the
two circumstances with baseline RL schemes (i.e.,
advantage actor—critic (A2C) (Mnih et al., 2016)
and deep Q-network (DQN) (Mnih et al., 2015)).
Fig. 5 presents the corresponding results. It can be
observed from Fig. 5 that for case H and case A,
PPO yields significantly superior performance than
A2C and DQN, while for case L, most of the RL
approaches lead to similar performance. Moreover,
PPO trained with reward surrogate model closely re-
sembles that with actual rewards. Furthermore, Ta-
ble 3 compares the PPO process with or without
reward surrogate model under case A in terms of re-
ward, training duration, and computational resource
consumption. The results indicate that the reward
surrogate model significantly reduces the training
time and computational resource consumption while
achieving comparable rewards.

Fig. 6 presents a violin plot comparing the re-
ward distributions of four different strategies: the

Chen et al. / Front Inform Technol Electron Eng 2025 26(2):278-292

trained PPO agent with true reward training, the
trained PPO agent using the reward surrogate
model, a random policy, and an untrained PPO
agent. The plot shows that the trained agents, both
standard and MBRL-enhanced ones, lead to higher
average rewards and tighter reward distribution, in-
dicating more consistent and superior performance
compared to the random and untrained agents.

Fig. 7 illustrates 500 splitting points determined
by the trained PPO agent under case A, and com-
plements a locally estimated scatterplot smoothing
(LOESS) (Cleveland, 1979) trend line, whose slope
and R-squared value provide quantitative insights
into the relationship between channel conditions and

"

Random PPO-untrained PPO-surrogate
Strategy

Reward
N

PPO-base

Fig. 6 Reward distribution for different strategies.
This violin plot compares the reward distributions
across four different strategies. The width of each
violin represents the density of rewards at different
values, with wider sections indicating a higher proba-
bility of observing rewards in that range. The central
white dot represents the median reward, while the
thick black bar in the center denotes the interquartile
range (IQR)

3.0
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2.4
2.954

2.954
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Fig. 5 Comparison of training performances for different reinforcement learning (RL) approaches under case

L (a), case H (b), and case A (c)
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splitting point decisions. It can be observed from
Fig. 7 that as noise intensity o increases, the agent
prefers to place the splitting point farther from the
input layers. This strategic adjustment helps miti-
gate the adverse effects of noise on model perfor-
mance by leveraging cloud’s more robust processing
capabilities.

10 s owdes @30 S@mMEsIS ¢

8
-
£
o 6
o
j=))
£
=
3 4
(2]

i p = = Splitting point variance: 9.8156
2 = LOESS trend line information:
Slope: 31.6070
B L R-squared value: 0.7505

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Noise intensity

Fig. 7 Splitting points determined by the trained
PPO agent across different noise intensities, along
with a LOESS trend line

In addition to the baseline simulation where the
action space is limited to single-layer adjustments,
we conduct further simulations with enlarged action
spaces to evaluate the impact of larger adjustments
on the training process and final rewards. As shown
in Fig. 8, allowing larger adjustments (e.g., mov-
ing by two or three layers) leads to slower conver-
gence but ultimately achieves higher rewards. This
trade-off suggests that while a larger action space
can explore a wider range of configurations, it may
require more training steps to stabilize. However, in
both simulation and practical scenarios, single-layer
adjustments offer notable advantages. They provide
fine-grained control over the splitting point, allow-
ing the model to quickly adapt to changes in channel
conditions. This is particularly beneficial in dynamic
environments where frequent and subtle adjustments
are necessary to maintain the optimal performance.

The performance impact of various hyperpa-
rameter settings on PPO training is analyzed in
Fig. 9. Fig. 9a indicates that higher learning rates
(o = 0.0005 and 0.0007) lead to faster initial learn-
ing but may introduce higher variance in the re-
wards. Fig. 9b demonstrates that larger batch sizes
(B = 150 and 200) generally result in smoother and
more stable reward curves, yielding better gradient
estimates. Fig. 9c reveals that moderate clip ranges

3.101
3.051
3.00+
o 2.957
S
& 2.90
2.85 Action space=3
(move +1 or maintain)
2.80+ —&— Action space=5
(move *1, +2 or maintain)
2.754 —— Action space=7
(move +1, £2, +3 or maintain)

0.2 0.4 0.6 0.8 1.0 1.2 1.4
Number of steps (x10°)

Fig. 8 Comparison of training performances across
different action spaces (action space=3, 5, or 7) for
varying movement ranges

(e=0.2 and 0.3) strike a balance between stability
and performance, whereas too small or too large clip
ranges can degrade the performance. Fig. 9d shows
that a larger GAE parameter (£=0.99) produces
more impressive long-term reward accumulation, em-
phasizing the importance of temporal smoothing in
advantage estimation.

6 Conclusions and future works

In this paper, we presented an MBRL frame-
work for dynamically optimizing the splitting point
of LLMs deployed across the UE and the edge, so
as to enhance the efficiency and performance of
LLMs under wireless network conditions. In partic-
ular, we formulated the problem as an MDP, and
introduced a reward surrogate model to significantly
shorten the overall training time. The simulation re-
sults demonstrated the framework efficacy in manag-
ing the trade-off between inference performance and
computational load at the UE. Meanwhile, compre-
hensive validations in mainstream open-source LLMs
clearly demonstrated that an earlier model splitting
could worsen the point inference performance, which
might provide an independent interest to the com-
munity. Our proposed framework offers a structured
approach to dynamically deploying LLMs across het-
erogeneous devices. In practical applications, such as
in smart cities and industrial IoT, this framework
can enhance the flexibility of LLM deployment while
alleviating the computational constraints associated
with running LLMs on edge devices.

Despite these achievements, several limitations
and challenges remain. Though the validation of the
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Fig. 9 Impact of various hyperparameters with respect to different numbers of training steps in the proximal
policy optimization (PPO) algorithm: (a) learning rate a; (b) batch size B; (c) clip range €; (d) GAE parameter

£

impact of splitting points on the performance of
some widely adopted LLMs has been provided, given
the versatility of LLMs, the generality issue still
needs further attention. The lack of a more accurate
channel model and the absence of communication-
efficient distribution learning approaches (e.g., quan-
tization) in data transmission also demand future
research. Furthermore, future research could explore
adaptive mechanisms that dynamically adjust the
action space based on the current learning phase
or environmental conditions, thereby balancing the
need for quick convergence and high reward attain-
ment. Additionally, further investigation is required
into the scalability of our framework in larger, more
complex network environments and its generaliza-
tion across different LLM architectures. We will ex-
plore these important directions in the future.
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