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Abstract— Generative Artificial Intelligenge (GAI) is revolu-
tionizing the world with its unprecedented content creation
ability. Large Language Model (LLM) is one of its most embraced
branches. However, due to LLM’s substantial size and resource-
intensive nature, it is cloud-hosted, raising concerns about
privacy, usage limitations, and latency. In this paper, we pro-
pose to utilize ubiquitous distributed wireless edge computing
resources for real-time LLM inference. Specifically, we introduce
a novel LLM edge inference framework, incorporating batching
and model quantization to ensure high throughput inference on
resource-limited edge devices. Then, based on the architecture
of transformer decoder-based LLMs, we formulate an edge
inference optimization problem which is NP-hard, considering
batch scheduling and joint allocation of communication and
computation resources. The solution is the optimal through-
put under edge resource constraints and heterogeneous user
requirements on latency and accuracy. To solve this NP-hard
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problem, we develop an OT-GAH (Optimal Tree-search with
Generalized Assignment Heuristics) algorithm with reasonable
complexity and 1

2
-approximation ratio. We first design the OT

algorithm with online tree-pruning for single-edge-node multi-
user case, which navigates the inference request selection within
the tree structure to miximize throughput. We then consider the
multi-edge-node case and propose the GAH algorithm, which
recrusively invokes the OT in each node’s inference schedul-
ing iteration. Simulation results demonstrate the superiority of
OT-GAH batching over other benchmarks, revealing an over 45%
time complexity reduction compared to brute-force searching.

Index Terms— Generative AI, edge inference, wireless net-
works, multiuser edge computing.

I. INTRODUCTION

JUST as electricity transformed the world a century ago,
Artificial Intelligence (AI) is now revolutionizing our daily

life [1]. A significant milestone in this evolution is Generative
AI (GAI), which exceeds mere analytics to enable machine
creativity [2], [3], [4], [5]. Among its prominent subfields,
Large Language Models (LLMs) have excelled in diverse
applications over the past years, from code generation and
customer service chatbots to the interpretation of academic lit-
erature [6]. The extraordinary generative potential stems from
LLM’s sophisticated architecture with billions of neurons,
leading to intensive resource consumption during inference.
Hence, LLMs primarily operate in clouds nowadays. This
centralized inference approach, however, introduces challenges
in privacy, usage limitations, and latency [7], [8], [9]. These
issues pose significant obstacles to LLM’s businesses expan-
sion and broad adoption, necessitating careful consideration
and innovative solutions.

Wireless edge networks offer a promising complement
to cloud-based LLM inference. By harnessing ubiquitous
edge computing power, LLM service capacity is amplified.
Besides, deploying LLMs on nearby edge nodes circumvents
long propagation. Furthermore, the risk of data leakage from
single-point vulnerabilities is reduced as user prompts are
spread across distributed edge nodes over time. While many
studies [7], [8], [9] have proposed solutions for collaborative
edge-cloud GAI service architectures and edge-enhanced GAI
computations, none of them has explicitly tackled the chal-
lenges related to LLM inference in wireless edge networks.

Exploring LLM inference in wireless edge networks is
crucial due to LLM’s distinct attributes compared with other
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Fig. 1. Edge-enhanced large language model service provisioning framework.

GAI models. First, transformer-based LLMs are notably larger.
Specifically, the advanced GPT-4 model has around 1.8 trillion
parameters [10], whereas diffusion models like Stable Diffu-
sion XL have only 3.5 billion [11]. This magnitude demands
extensive memory footprint during inference. Additionally,
transformer decoder-based LLMs sequentially generate tokens
in an autoregressive manner [12]. This means that the com-
putation of every new output token must go through all
layers of the model, exacerbating the computational bur-
den [13]. Moreover, the self-attention module requires each
output token to be calculated using the cache of all its
preceding tokens [14]. The cache is retained until the output
sequence ends, thereby further intensifying memory require-
ments. In summary, the inherent complexities of LLMs make
their inference on resource-constrained edge nodes particularly
challenging. Although [15] delved into joint LLM caching and
inference in wireless edge networks, it overlooked LLMs’ sig-
nificant size, extensive memory footprint, and computational
intensity.

Therefore, in this paper, we introduce a novel
transformer-based LLM inference framework for mobile
users in wireless edge networks. As shown in Fig. 1, LLM
service providers (LSPs) cooperate with cloud computing
providers (CCPs) for LLM deployment and inference. CCPs
employ edge computing power, such as UAVs over hotspot
zones or vehicles in dense areas, to augment their services and
ensure instant delivery via wireless networks. Mobile users
can conveniently access LLM services in a pay-as-you-go
manner. However, two significant problems arise in this
framework. First, is it feasible to run resource-intensive
LLM inference on resource-limited wireless edge nodes?
Second, how can we assess the LLM service quality and
ensure that it meets user requirements? To address the first
challenge, we adopt model quantization in the framework
to conserve memory footprint during LLM edge inference
by storing model weights and activations with reduced
bit precision [6], [16]. To address the second challenge,
we recognize the variability in user accuracy demands. For
example, online medical prescriptions prioritize output text
accuracy unlike poetry writing. Hence, we introduce the
perplexity differential [17] as a metric to balance the trade-off

between quantization-induced accuracy loss and user accuracy
demands. Moreover, we notice that while Metaverse dialogue
and other social network live interactions demand stringent
timeliness, blog creation is less time-sensitive. Thus, latency
is also considered for service quality evaluation. Furthermore,
our framework utilize batching to compute multiple user
requests parallelly [18], [19], boosting the inference capability
of wireless edge networks.

Based on the above framework, we propose an LLM
edge inference optimization problem, encompassing batching
scheduling and resource allocation. The problem is NP-hard
due to the following three facts. Firstly, batching scheduling
and resource allocation are intertwined. A request’s prompt
size and expected output length affect both the latency of
batched inference and the consumption of memory and com-
munication resources. Secondly, users’ scheduled requests are
inter-dependent. An inference output cannot be released until
the entire batch of requests is fully processed, making each
request’s batched inference latency reliant on others in the
same batch [20]. Lastly, there is a tight interplay between
communication and computation, requiring joint consideration
of channel states and user needs. To efficiently solve this
complex problem, we propose the Optimal Tree-search with
Generalized Assignment Heuristics (OT-GAH) algorithm. Our
contributions can be summarized as follows:
• We introduce the LLM edge inference framework tailored

for wireless networks, incorporating model quantization
and batching techniques to enhance inference through-
put on resource-constrained edge nodes. The framework
ensures real-time, privacy-protected LLM services univer-
sally accessible to any device, at anytime, from anywhere.

• We propose the LLM edge inference optimization prob-
lem that aims at maximizing the throughput by scheduling
batching in granularity of requests and jointly allocating
communication and computation resources. The con-
straints include edge resources of communication and
memory, as well as user-specific latency and accuracy
requirements. The problem is a variant of the multiple
multi-dimensional knapsack problem, which is NP-hard.

• We design an OT-GAH algorithm to solve the problem.
First, we develop a depth-first Optimal Tree-search (OT)
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algorithm with online pruning to determine the optimal
solution for a single edge node serving multiple users.
Then, for the multi-node, multi-user case, we adopt the
generalized assignment problem model and propose a
Generalized Assignment Heuristic (GAH) approxima-
tion algorithm. We theoretically prove that the OT-GAH
algorithm is of polynomial time and 1

2 -approximation
ratio.

• We demonstrate the effectiveness of the proposed
OT-GAH batching against other batching schemes by
simulations. We also illustrate the varied effect of quanti-
zation approaches on LLM edge inference performance.
The superiority of OT-GAH algorithm is confirmed com-
pared to the brute-force approach.

The rest of the paper is structured as follows: Section II
introduces the ralated works. Section III represents the LLM
edge inference model. The optimization problem formulation
and solution are proposed in Section IV. Simulation results are
given in Section V, followed by the conclusions in Section VI.

II. RELATED WORK

In this section, we provide a brief review of related work,
i.e., collabrative cloud-edge-end GAI service provisioning,
batching inference, and LLM quantization.

A. Collaborative Cloud-Edge-End GAI Service Provisioning

GAI has revolutionized content creation with its unparal-
leled ability to automate diverse outputs like text, images,
and videos [8], [21]. It offers significant time and resource
savings compared to manual methods, transitioning us from
professional and user-generated content to a new era. GAI’s
remarkable generative capacity originates from its complex
architecture, which boasts a vast number of parameters. This
design allows the model to discern subtle data nuances,
grasp underlying structures, dependencies, and statistical dis-
tributions of the training data, and produce sophisticated,
realistic outputs [12], [22]. Yet, such large-size models demand
rigorous computational operations and substantial memory
resources during inference, leading to their deploymet on cloud
platforms. Specifically, users upload their GAI tasks to the
cloud via core networks. The cloud servers execute the GAI
models and return the generation outputs to the users [7].

However, such cloud-centric approach poses issues as fol-
lows. Firstly, privacy concerns arise from the centralized
storage of GAI service prompts on the cloud platform, as seen
with instances such as Samsung’s ban on ChatGPT usage
due to data exposure [23] and misalignment glitches causing
information leakage in ChatGPT [24]. Additionally, sensitive
information is vulnerable to attacks during long-distance trans-
mission to remote clouds. Secondly, GAI service providers
pose strict usage limits to users. For example, a ChatGPT Plus
user can only initiate 50 chats within 3 hours [25]. Claude
2.0 can only be used in US and UK [26]. Lastly, the current
centralized framework suffers from high latency. For example,
in the game Mount&Blade 2, typing-based dialogues with
GPT-empowered NPCs introduce 3 to 5 seconds of latency,
notably affecting player experience [27].

To offer privacy-preserving, no-restriction, low-latency GAI
service, the concept of collabrative cloud-edge-end GAI ser-
vice provisioning is recently proposed. The authors in [7]
delineated the architecture designs, benefits, and significant
technical problems. Meanwhile, the authors in [8] introduced
metrics for evaluating GAI service quality within collabrative
cloud-edge networks and proposed a mechanism to select
GAI service providers for users demanding image generation.
The authors in [9] presented a device-to-device distributed
offloading approach for diffusion-based GAI image-generation
services. Besides, the authors in [15] explored joint LLM
caching and inference in wireless edge networks, and intro-
duced a novel metric “age of context” to evaluate the freshness
of GAI-produced text. While these studies shed a light on
collabrative cloud-edge-end GAI computations, they over-
looked the challenges of LLM inference in resource-limited
wireless edge networks, which arises from LLMs’ super large
model size, autoregressive generation process, and resource-
demanding self-attention operations.

B. Batching Inference

Batching is a key technique to optimize accelerator utiliza-
tion when using accelerators like GPUs, by exploiting their
parallel computation capabilities [18]. Its process is as follows:
A batch assembles a set of input requests into a single, large
input tensor. This tensor is then fed as a whole into the model
for parallel inference. During the inference phase, the model
parameters, once loaded from off-chip memory to GPUs, are
reused for multiple requests within a batch. This significantly
diminishes memory access frequency and amortizes the mem-
ory access time, thereby boosting the resource utilization.

Numerous studies have delved into batching techniques for
LLM inference. In [14], the authors enhanced the throughput
of latency-insensitive LLM tasks on a single GPU, incorporat-
ing dynamic batch size adjustments, optimized tensor storage
and retrieval, and a unique execution sequence across batches,
model layers, and text iterations. In [20], the authors noted
that requests within a batch require varied iteration counts
in the autoregressive generation. They proposed allowing
early-completing requests exit the batch early to accommodate
new ones, reducing latency and boosting throughput. However,
although these works focused on accelerating GAI computa-
tion on distributed computing systems by optimizing batching,
our work lies in enhancing the access availability of GAI
services in the wireless network domain. [19] bears a close
resemblance to our research, but it was based on traditional
deep neural network models and does not adapt to our work.

C. Model Quantization

Model quantization has been one of the most impactful
ways to reduce computational time and memory use of neural
networks by representing model weights and activations in
lower bits [16]. This technique is crucial for making LLMs
manageable and efficient on wireless edge nodes, given their
large size and computational demands. Generally, there are
two primary model quantization techniques: quantization-
aware training (QAT), which necessitates full model retraining,
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Fig. 2. The LLM edge inference network and workflows. The blue squares
with different sizes represent LLMs with various quantization methods.

and post-training quantization (PTQ), which doesn’t require
any model retraining. Due to LLMs’ extensive parameters
and complex activation patterns, PTQ is often preferred,
as discussed in [6]. The authors in [17] provided a comprehen-
sive examination of various LLM PTQ schemes. Meanwhile,
the authors in [28] proposed a mixed-precision quantization
scheme, using 8-bit matrix multiplication excluding outlier
features. This approach efficiently ran OPT-175B on a con-
sumer GPU server without performance losses. In our study,
we adopt some outstanding LLM quantization schemes in
wireless edge networks and design two metrics to represent
the effect of quantization on memory savings and computa-
tional time. We propose to select quantization strategies based
on these metrics to match LLM services with edge node
resources.

III. MODELS AND METRICS

Consider a wireless edge network that comprises multiple
users, multiple edge nodes, multiple access points, and a
service controller, as illustrated in Fig. 2. An edge node,
denoted as j ∈ J = {1, 2, . . . , J}, can be an edge server,
a UAV, or a vehicle equipped with LLMs. While we demon-
strate the edge inference optimizating process for only one
LLM, the proposed method can be easily extended to other
LLMs. Besides, although all edge nodes in Fig. 2 are deployed
with the same LLM, the model quantization methods vary
across these nodes. A more in-depth discussion on this is
provided in Section III-B. Let BU

j and BD
j be the total uplink

and downlink bandwidth of j, respectively. Cj denotes the
computing speed and Mj represents the memory capacity.

As depicted in Fig. 2, when a user requests an LLM service,
it first sends its inference request to a nearby access point,
which then forwards it to the service controller via wired links.
After deciding on edge inference scheduling, the controller
dispatches control signaling messages to user devices and
edge nodes through access points. These messages inform
user devices of edge nodes assigned for prompt transmission
and processing, and also instruct edge nodes to reserve the
necessary bandwidth, computation, and memory resources for
the inference tasks they manage. Subsequently, the user device
sends its inference prompt to the assigned edge node and
receives output feedback. Here, the access point serves as a sta-
tionary intermediate node, forwarding inference requests and

Fig. 3. Timeline for LLM edge inference.

control signaling messages between the controller and mobile
user devices and edge nodes. The edge node is responsible for
receiving the actual inference prompts and processing them.

A user request i ∈ I = {1, 2, . . . , I} containing its
request information ⟨si, ni, τi, ai⟩ is forwarded to its nearby
access point through the application API, just like ChatGPT
playground [29]. Here, si is i’s input prompt length, ni is
i’s required maximum text output length, categorized into
multiple levels of {N1, N2, . . . , Nmax}. The output length
depends on the input length and LLM service type. For
example, in translation, the output length matches the input.
For text summary, the output is much shorter than the input,
while in article writing, the output is much longer. We assume
that the output length is defined by users or the API. The
latency constraint of i is symbolized by τi, which measures the
maximum duration from the request’s dispatch to the inference
output’s receipt. ai is the required text output accuracy, further
detailed in Section III-B.

The following protocol for edge inference is consid-
ered [19]. As shown in Fig. 3, time is divided into epochs,
each of which is further divided into an uplink communication
slot TU , a computation slot TC , and a downlink communi-
cation slot TD. To maximize resource efficiency, each TC

starts immediately after the prior one ends, overlapping with
the preceding epoch’s TD and the subsequent epoch’s TU .
Slot durations adjust periodically based on long-term service
observations. User requests arrive at access points within an
arbitrary epoch, with the wait time until next epoch’s start
denoted by tw. By next epoch’s TU , the controller aggregates
requests from all access points and schedules edge inference
for the next epoch. In next epoch’s TU , users send input
prompts to designated edge nodes. By TU ’s end, edge nodes
assemble the prompts into a single batch, completing inference
on the batch within TC . During next epoch’s TD, the inference
outputs are fed back to users. Models and metrics are described
as follows.

A. Communication Model

As illustrated in Fig. 2, the data sizes for inference requests
and control signaling are negligible. Therefore, the commu-
nication model focuses on prompt transmission and output
feedback. The system employs orthogonal frequency-division
multiple access (OFDMA) to allocate broadband spectrum to
scheduled users. With the number of sub-carriers assumed to
be sufficiently large (e.g., several thousands in 5G), bandwidth
partitioning can be approximated as being continuous [19].
Let ρU

ij (for uplink) and ρD
ij (for downlink) be the fractions

of edge node j’s bandwidth allocated to i, with both ρU
ij

and ρD
ij between 0 and 1. For any scheduled user request

i, the associated channel is assumed frequency non-selective
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and the channel gain can be represented by scalars hU
ij and

hD
ij , remaining consistent within one epoch. The uplink and

downlink transmission power are given by pU
ij and pD

j , respec-
tively. Using measurement techniques such as CSI-RS, edge
nodes can estimate the channel gain and uplink transmission
power. This data is then forwarded to the server controller
for bandwidth allocation. However, if the information is not
available to the controller, bandwidth planning should be
carried out at the distributed edge nodes, which will be further
explored in future work. The uplink communication rate, rU

ij ,
is given by:

rU
ij = ρU

ijB
U
j log2

(
1 +

pU
ijh

U
ij

2

N0

)
,

where N0 is the white Gaussian channel noise power. The
downlink communication rate rD

ij can be modeled similarly.
Given that the prompt must be uploaded within one TU ,

which means rU
ijTU ≥ si mathematically, the minimum

fraction of allocated uplink bandwidth, denoted as ρU
ij,min,

is:

ρU
ij,min ≜

si

TUBU
j log2

(
1 +

pU
ijhU

ij
2

N0

) , (1)

where ρU
ij ≥ ρU

ij,min if request i is scheduled. Similary, since
the duration of output downloading must be within TD, ρD

ij,min

is defined:

ρD
ij,min ≜

ni

TDBD
j log2

(
1 +

pD
j hD

ij
2

N0

) . (2)

B. Inference Model

1) Basics of Transformer Decoder-Based LLM
Generative LLMs are autoregressive language models com-

posed of stacked transformer decoder layers. Fig. 4(a)
illustrates a simplified inference procedure of a three-layer
GPT-3. Here, we take GPT-3 as an example because it typifies
the architecture of transformer decoder-based LLMs and GPT-
4’s architecture details are not released. In Fig. 4(a), the
model receives a sequence of prompt tokens and completes
the sequence iteratively until the end-of-sequence terminator,
⟨EOS⟩, is produced. We define the run of all layers as an
iteration. The first iteration, termed the Initial Stage, takes
all input prompt tokens and generates a new token. The
generated token becomes input for the next iteration. Sub-
sequent iterations, termed the Autoregressive Stage, input the
previously generated token and produce the next, composing
a sequential, one-by-one inference procedure [20]. Since each
transformer layer has the same architecture, we focus on a
single transformer layer in the following.

Fig. 4(b) zooms in on a GPT-3 transformer decoder layer.
Among the operations that compose the layer, Attention is the
essence that distinguishes transformer from other architectures.
It takes three inputs (i.e., query, key, and value) and computes
a weighted average of tokens so that each token is aware
of the other. Since Attention relies on all preceding token
keys and values, a key-value cache (KV cache) is maintained

Fig. 4. Architecture of a transformer decoder-based LLM.

across iterations to avoid redundant calculations. During the
Initial Stage, the KV cache for all prompt tokens is computed
and retained per transformer layer. During the Autoregressive
Stage, the KV cache updates with each new token until
generation concludes [14].

The computation precedure of the l-th transformer decoder
layer is illustrated in Fig. 4(b). While we ignore minor details
like LayerNorm, Mask, Dropout, and Residual Connection
for simplicity, we focus on matrix multiplication [20]. Let
dm represent the transformer’s hidden dimension, nh the
number of attention heads, dh the hidden dimension of one
attention head, and df the hidden dimension of the FFN.
The weight parameters of the l-th layer are specified by
wl

Q,wl
K ,wl

V ∈Rdm×dhnh , wl
O ∈Rdhnh×dm , wl

1 ∈Rdm×df ,
and wl

2 ∈ Rdf×dm . During the Initial Stage, the input of
the l-th layer is specified by Xl ∈Rs×dm . During the Auto-
regressive Stage, the l-th layer’s input is gl∈R1×dm .

2) Batching Model
Now, we focus on the LLM inference with batching during a

given computation slot and analyze its peak footprint memory
and inference latency.
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Batching is a key to enhance the throughput, measured
by the number of executed tasks per second [19]. The batch
size is defined as the number of inference prompts processed
together within a batch. Given any TC , we define a 0-1 variable
xij to represent whether user request i is allocated to edge
node j for inference. If so, xij = 1 and xij = 0 otherwise.
We assume that each edge node only processes one batch in
any TC . Hence, the batch size of any j can be represented
by
∑

i∈I xij . Furthermore, at the beginning of TC , the edge
node assembles all received input prompt tensors into a single
input tensor. In this step, all input prompts must be extended
to the maximum token length for parallel execution. We set
the maximum token length to not exceed s′. The outputs for
all batched requests are released once the batch completes.

Although batching can greatly reduce memory access fre-
quency and amortizes memory access time, a large batch size
can result in excessive memory demands during inference and
extreme latency for users, which instead leads to throughput
reduction. This necessitates intelligent batching scheduling to
balance the tradeoff. Hence, in the following, we analyze the
peak footprint memory and inference latency with batching.

1) Memory Analysis: During LLM inference, the mem-
ory footprint mainly comes from two components: weights
and KV cache. The model weight parameters, including
wl

Q,wl
K ,wl

V ,wl
O,wl

1, and wl
2 for each transformer decoder

layer in Fig. 4(b), need to be loaded from off-chip memory and
then maintained in GPUs. Given the FP16 storage precision,
which utilizes 16 bits to encode a floating-point number,
a matrix A ∈ Rm×n requires 2mn bytes of memory. Hence,
the memory for maintaining weights on an edge node j during
LLM inference is:

m1
j = L (8dmdhnh + 4dmdf ) , (3)

where L is the number of model layers, 8dmdhnh denotes
memory for wl

Q,wl
K ,wl

V ,wl
O in Fig. 4(b), and 4dmdf rep-

resents memory for wl
1,w

l
2 in Fig. 4(b) [14].

Another component contributing to memory footprint is the
KV cache. For subsequent token generations, the KV cache
components should be retained for reuse. Hence, the footprint
memory of KV cache during batch inference is:

m2
j =

∑
i∈I

xij (4Ls′dhnh + 4Lnidhnh) , (4)

where 4s′dhnh is the cache of Xl
K ,Xl

V during Initial Stage,
and 4nidhnh is the cache of gl

K= gl ·wl
K and gl

V = gl ·wl
V

per prompt during Auto-regressive Stage.
Therefore, the total peak footprint memory of an edge node

j during a LLM batched inference is:

mj = m1
j + m2

j = k1 + k2

∑
i∈I

xij (s′ + ni) , (5)

where k1 and k2 are constants related to specific LLM model
parameters.

2) Latency Analysis: The inference latency is defined as
the total delay spent on computing a batch of prompts and
generate all output tokens. We adopt the inference acceleration
method detailed in [14], which facilitates parallel execution
of model weight reading and computation. Consequently, the

overall latency is governed by the longer of the two durations:
weight reading or output computation. Evidence from [14]
indicates that the time for weight reading is less than that
for computing. Hence, the latency mainly comes from matrix
multiplication computations, as shown in Fig. 4(b). Floating
point operations (FLOPs) quantify computational work. For
a matrix-vector multiplication with A ∈ Rm×n,b ∈ Rn, the
computation is 2mn FLOPs. The matrix-matrix multiplication
invoving A∈Rm×n,B∈Rn×p is 2mnp FLOPs. Hence, the
batched inference latency of Initial Stage on edge node j is:

t1=
L
∑

i∈Ixij

Cj(
6s′dmdhnh+

(
4s′

2
dhnh+ 2s′dmdhnh

)
+ 4s′dmdf

)
, (6)

where 6s′dmdhnh denotes the computation to obtain
Xl

Q,Xl
K ,Xl

V , 4s′
2
dhnh+ 2s′dmdhnh denotes the calculation

of Xl
Out, and 4s′dmdf is related to Xl+1.

Similarly, the batched inference latency to get
gl

Q,Xl
K ,Xl

V ,gl
Out,g

l+1 in Auto-regression Stage is:

t2j =
L

Cj

∑
i∈I

xij(ni − 1)
(
6dmdhnh

+
(
4(s′ +

ni

2
)dhnh + 2dmdhnh

)
+ 4dmdf

)
, (7)

where the latency increases with output iteration rounds. Here,
(s′+ ni

2 ) arises because the dimensions of Xl
K and Xl

V grow
from Rs′×dhnh to R(s′+ni)×dhnh with each output iteration
round, and we take the average dimension.

Therefore, the total latency of LLM batched inference on
an edge node j is:

tj = t1j + t2j =
1
Cj

∑
i∈I

xij(k3 + k4ni + k5n
2
i ), (8)

where k3, k4, and k5 are constants related to s′ and specific
LLM model parameters, and tj should be shorter than TC .

3) Quantization Model
Given the resource-intensive nature of LLMs, PTQ encodes

the LLM weights and activation tensors at a precision typically
lower than FP16, often using INT8 or INT4 (using 8-bit
or 4-bit integers to encode data) [6]. By transitioning from
FP16 to INT8, the memory needed for tensor storage is
reduced by half. The computational cost for matrix multi-
plication decreases by a factor of 4 [16]. However, various
PTQ approaches employ distinct quantization strategies. Some
only quantize weights, while others quantize both weights
and activations. The precision can also vary, encompassing
INT8, INT4, or even a mix, leading to differential impacts
on memory saving and computation latency. To quantify these
effects, we define αj to represent the memory reduction effect
of the quantization method on edge node j. Another variable
βj is defined to denote the computational time reduction.
It is worth noting that βj is not always the square of αj ,
as some PTQ methods only compress specific tensor types.
Importantly, both αj and βj are obtained in advance through
extensive testing across multiple datasets [17].

Thus, accounting for model quantization on edge nodes, the
footprint memory and inference latency can be expressed as:

mj ← αjmj , tj ← βjtj . (9)
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C. QoS Metrics

1) End-to-End Latency
An arbitrary LLM inference for request i is considered

successful only if the end-to-end latency does not exceed τi.
The end-to-end latency consists of four parts. Firstly, the tw in
Fig. 3. Since edge nodes consistently broadcast their inference
epoch information to users, tw,ij is fixed for any i in edge
node j’s coverage. Secondly, the time for prompt transmission,
which does not exceed TU . Thirdly, the computation time at
the edge node, tj . Lastly, the time for output downloading,
which is less than TD. Hence, if xij = 1, the following
condition must be met:

tw,ij + TU + βjtj + TD ≤ τi. (10)

2) Inference Accuracy
While model quantization effectively diminishes the mem-

ory footprint and reduces inference latency, it introduces
additional noise that can degrade accuracy. To address this, the
perplexity (PPL) differential [17] is employed to measure the
change in LLM accuracy pre- and post-quantization. A larger
PPL differential indicates a greater accuracy loss. We define
∆PPLj as the PPL differential of the LLM deployed on edge
j. Since the PPL differential of a specific quantization method
is assessed across a wide range of test datasets, ∆PPLj

is assumed to be known [17]. Furthermore, we introduce f
as a function that maps PPL differential to accuracy [17],
which is monotonically decreasing. Consequently, for users
prioritizing high-accuracy LLM services, if xij = 1, the
following condition must hold true:

ai ≤ f(∆PPLj), (11)

which means the accuracy of provided generation text must
be higher than required value ai.

IV. PROBLEM FORMULATION AND SOLUTION

In this section, we first introduce the LLM edge inference
optimization problem in wireless networks, aimed at maxi-
mizing throughput while adhering to constraints of bandwidth,
memory, and heterogeneous user requirements on latency and
accuracy. For this NP-hard problem, we develop the OT-GAH
algorithm. Starting with the most basic version of this issue
involving one edge node and multiple users without bandwidth
constraints, we offer foundational insights for addressing more
intricate scenarios. We craft an optimal algorithm that greed-
ily selects the requests with minimal memory consumption
and the most accommodating latency in a sequential search
for the maximum throughput. As we progress to a version
with bandwidth constraints, the complexity grows with the
added bandwidth dimension. We propose the Optimal Tree-
search (OT) algorithm, which constructs a search tree to
represent all potential solutions and modifies the preceding
algorithm by incorporating the new bandwidth dimension in
its greedy search. We also introduce a tree-pruning method to
bypass exploring redundant branches. Lastly, we return to the
original problem. As it can be seen as a Generalized Assign-
ment Problem (GAP), we put forth the OT-GAH algorithm,

which approximates the solution heuristically by sequentially
scheduling edge nodes, where each derives its local optimal
solution using the OT algorithm. Fig. 5 vividly depicts the
connections between problems across various versions and
their corresponding algorithms.

A. Problem Formulation

Recall that edge nodes have limited communication and
computation resources, and user demands vary in latency
and accuracy. Let X = {xij |∀i ∈ I, j ∈ J } be the decision
variable, the LLM edge inference optimization problem for
the whole wireless network is formulated as follows:

P1: max
X

∑
i∈I

∑
j∈J

xij (12)

s.t.
∑
i∈I

ρU
ij,minxij ≤ 1, ∀j ∈ J (12a)∑

i∈I
ρD

ij,minxij ≤ 1, ∀j ∈ J (12b)

αjmj ≤Mj , ∀j ∈ J (12c)
(10), (11), ∀xij = 1, i ∈ I, j ∈ J (12d,12e)
xij ∈ {0, 1} , ∀i ∈ I, j ∈ J (12f)

where the objective is the throughput of edge inference, mea-
sured by the number of user prompts processed successfully.
Constraints (12a)-(12c) relate to uplink communication, down-
link communication, and peak footprint memory. (12d) ensures
that each scheduled request receives generation output within
its deadline. Meanwhile, (12e) mandates each edge node’s
outputs meet user accuracy requirements. By consolidating
all constants unrelated to the variable, we simplify P1. The
streamlined constraints are: (12c)

∑
i∈I(s

′+ni)xij≤Mj−k1αj

k2αj

and (12d)
∑

i∈I(k3 + k4ni + k5n
2
i )xij ≤

τ ′
ijCj

βj
, with τ ′ij =

τi−tw,ij−TU−TD being a constant for all i∈I, j∈J .
Proposition 1: Problem P1 is NP-hard.

Proof: By omitting (12d) and (12e), Problem P1 is
reduced to a standard multiple multi-dimensional knapsack
problem (MMKP) [30], [31], where each edge node j can
been seen as a knapsack with three-dimensional capaci-
ties of (1, 1,

Mj−k1αj

k2αj
) from (12a)-(12c), and each request

i can been envisioned as an item with a profit value of
1 and three-dimensional weights of (ρU

ij,min, ρD
ij,min, s′ + ni)

in (12a)-(12c). The objective is to pack items into knapsacks
with maximal profit within capacity limits, aligning with the
objective of P1. Since MMKP is NP-hard in strong sense, the
reduction of P1 also is. Now examine the influence of (12d)
and (12e) on P1. During the exploration of the solution space,
the value of the right-hand side of constraint (12d) fluctuates as
i dynamically joins and leaves batches on edge nodes, thereby
aggravating the complexity. (12e) simply restricts edge node
options for requests without further complicating the solution.
In conclusion, P1 is proved to be NP-hard. □

B. Optimal Scheduling: Single Edge Node & Large
Bandwidth

In this part, we consider the simplest case where a single
edge node serves multiple users with sufficient bandwidth.
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Fig. 5. The connections between problems across various versions and their corresponding algorithms.

We first transform the problem into a series of feasibility
problems. Then, an optimal solution algorithm is designed by
solving the feasibility problems sequentially and its optimality
is proved.

Let Ĩ be the set of users who are under the edge node’s
coverage and are satisfied with its generation accuracy. The
large uplink bandwidth mathematically means that:

BU ≥
∑
i∈Ĩ

si

TU log2 (1 + pU
i hU

i
2

N0
)
.

Here, we omit j because only one edge node is considered
in this part. The downlink bandwidth can be represented sim-
ilarly. Given the above inequality, the bandwidth constraints
are always inactive. Hence, the edge inference optimization
problem between a single edge node and multiple users
without bandwidth constraints is as follows:

P2: max
X̃

∑
i∈Ĩ

xi (13)

s.t.
∑
i∈Ĩ

(s′ + ni)xi ≤
M − k1α

k2α
(13a)

∑
i∈Ĩ

(k3 + k4ni + k5n
2
i )xi ≤

τ ′iC

β
(13b)

xi ∈ {0, 1} . (13c)

We observe that the optimization object is only concerned
with the number of scheduled requests, whereas the constraints
determine requests to be chosen. Let S =

{
i|i ∈ Ĩ , xi = 1

}
be the set of scheduled requests, we have |S| =

∑
i∈Ĩ xi.

Problem P2 then translates to identifying such an S that
possesses the maximum cardinality while satisfying the con-
straints. Given |S| = z, Problem P2 is reformulated as:

P3: find S ⊆ Ĩ (14)

s.t. |S| = z (14a)∑
i∈S

ni ≤ M̃ (14b)∑
i∈S

k4ni + k5n
2
i ≤ τmin, (14c)

where M̃ = M−k1α
k2α −s′z and τmin =mini∈S τ̃i, τ̃i = τ ′

iC
β −k3z.

The feasible solution to Problem P3 with the maximum z is
exactly the optimal solution to P2. Given that the left hand
sides of (14b) and (14c) increase with ni, it can be deduced
that when selecting a fixed number of user requests, those
with smaller ni values and larger τ̃i are favored, reducing the
likelihood of violating the constraints.

We propose an efficient algorithm to search for the optimal
solution to P2, presented as Algorithm 1. In order to get
the optimal as quickly as possible, we start with the highest
z value and seek a feasible solution for P3. Requests are
ranked by τ̃i. Denoting latency index depth as d, we check
the feasibility of P3 among the top d requests, which are
then reordered by ni. τmin is the minimum latency among
the top d requests. The process terminates once a feasible
solution emerges. The essence of Algorithm 1 is the sequential
prioritization of z, τ̃i and ni, which guides the search direction
and accelerates the solution-finding process.

Algorithm 1 can be more vividly understood through a
graphical representation, as showcased in Fig. 6. In each
iteration of z, imagine having z playing cards. Each card
is characterized by two properties τ̃i and ni. The remaining
cards are arranged in descending order based on τ̃i. We check
whether the cards in hand meet constraints. If they do, we have
identified a feasible solution. If not, we draw the card in our
hand with the highest ni value and take a new card from
the remaining deck, subsequently assessing feasibility. The
process continues until a feasible solution is found.
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Algorithm 1 Optimal Scheduling Among a Single Edge Node
and Multiple Users With Large Bandwidth

Input: Available request set Ĩ.
Output: Optimal solution S to Problem P2.
1: Initialize z = 0, d = 0, Fd = ∅, S ′ = ∅;
2: Ĩ is sorted in τ̃i’s descending order;
3: for z = ˜|I|, ˜|I| − 1, . . . , 1 do
4: for d = z, z + 1, . . . , ˜|I| do
5: τmin ← τ̃d, Fd ← the first d− 1 requests in Ĩ;
6: Sort Fd according to ni’s ascending order;
7: S ′ ← the first z − 1 requests in Fd and the d-th

request;
8: if S ′ is feasible to P3 then
9: S ← S ′, return S;

return no solution

Fig. 6. Card draw-and-take mechanism, a graphic interpretation of
Algorithm 1. The τmin is influenced by the τ̃i of the most recently taken
card. The red circle points out the card with the highest ni within our hand,
which will be replaced with the newly taken card in the next iteration.

Proposition 2: Algorithm 1 provides an optimal solution to
Problem P2.

Proof: By searching for a feasible solution to Problem
P3 in z’s descending order and stop upon identifing one, the
resulting solution S necessarily possesses the maximal object
value of P2. In the following, we prove that the searching
process is optimal during each iteration of z. Suppose Sd is the
selected set of requests at any d’s iteration. If Sd is feasible for
P3, the optimal solution is found. If not, this implies violation
of (14b) or (14c) due to a large sum of ni or n2

i . We then draw
the card with the highest ni. In the (d + 1)-th iteration, if the
newly taken card’s ni exceeds the drawn one, the constraints
are still violated. Otherwise, feasibility is re-evaluated under
the updated τmin. The search proceeds towards changes in ni

and τmin. If no solution is identified throughout the iterations
of d, the objective value for P2 cannot be z. □

Complexity: Given that the time complexity to obtain the
maximum is O(I), the complexity of d iterations is O(I2),
the overall complexity of Algorithm 1 is O(I3).

In this part, the optimization problem P1 is converted to a
sequence of feasibility problems P2. Within each P2, we rank
the requests first by τ̃i and then by ni to expedite the solution
search. At its core, in the case of single edge node and
multiple users with large bandwidth, the optimization revolves
around metrics of ni and τ̃i under the optimization object of
z. By crafting the search in the order of z, τ̃i, and ni, our
greedy approach efficiently achieves the optimal solution.

C.OT Algorithm: Single Edge Node & Limited Bandwidth

In this part, we incorporate uplink and downlink bandwidth
constraints into Problem P3. This means that in addition to z,
τ̃i and ni in Algorithm 1, we now need to integrate two addi-
tional metrics, ρU

i,min and ρD
i,min, into the search. However,

this elevates the solution space and the complexity, making
the methodology of Algorithm 1 less intuitive. To address this,
while retaining the priority of z and τ̃i from Algorithm 1,
we develop the OP algorithm. This algorithm builds a tree to
methodically represent solution space consisted of bandwidth,
memory, and latency constraints. Leveraging this tree, the
search consistently gravitates towards branches that align
best with the problem’s constraints. We also introduce the
tree-pruning technique to sidestep redundant branches.

Intuitively, given |S| = z, the edge inference optimization
problem under limited bandwidth introduces two additional
constraints:ρU

i,min≤1 and ρD
i,min≤1 into Problem P3. However,

a closer examination of ρD
i,min in (2), reveals that the downlink

transmit power of the edge node, denoted as pD, remains
consistent for all users. Furthermore, the edge node can obtain
users’ channel status via interference measurement techniques,
such as CSI-RS, which means that hD

i is already known to
the edge node before inference scheduling. It is reasonable
to assume that the edge node allocates downlink bandwidth
to users based on the worst channel gain, mitigating potential
issues where users might receive insufficient downlink band-
width due to channel status fluctuation. As a result, we can
reexpress the expression in (2) as ρD

i,min ≜ ni/k6, where k6 is
a constant, identical for all users within the coverage of a given
edge node. Hence, the edge inference optimization problem
under limited bandwidth is as follows:

P3′ : find S ⊆ Ĩ (15)
s.t. |S| = z (15a)∑

i∈S
ρU

i,min ≤ 1 (15b)∑
i∈S

ni ≤ k6 (15c)∑
i∈S

ni ≤ M̃ (15d)∑
i∈S

k4ni + k5n
2
i ≤ τ̃i. (15e)

Due to the added constraints of (15b) and (15c), solving
Problem P3′ necessitates a more intricate searching strategy.
To enhance search efficiency, we employ a tree-search method.
Similar to Algorithm 1, we still start from the largest value of
z, sort Ĩ based on τ̃i in descending order, and iteratively search
for a feasible solution under τ̃d. Denote the top d candidate
requests as Fd. We categorize Fd based on output length:
N1 represents the shortest length and Nmax is the longest.
We express Fd as Fd = FN1 ∪ FN2 ∪ · · · ∪ FNmax

, where
FNk

= {i|i ∈ Fd, ni = Nk} , k ∈ {1, 2, . . . , N}. Let S ′ define
the set of z selected requests that will be further evaluated
for adherence to communication and computation constraints.
The set can be represented as S ′ = S ′1 ∪S ′2 ∪ · · · ∪S ′N , where
S ′k = {i|i ∈ FNk

} , k ∈ {1, 2, . . . , N}. Each S ′k is a subset
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of FNk
. With Fd established, we aim to identify a potential

solution S ′ efficiently by constructing a search tree. As shown
in Fig. 7, the methodology for this construction is as below.

1) Root node, parent node, and child node: The root
node, v0, has child nodes representing possible choices for
S1. While S1 can be any subset of FN1 , requests with
lower bandwidth requirements are prioritized. This means
that for each integer value u between 0 and |FN1 |, only
the choice of S1 that includes the top u requests with the
smallest bandwidth is selected. Thus, the child nodes of
the root node are sequentially indexed by 0, 1, . . . , |FN1 |.
Bandwidth includes both uplink and dowlink bandwidth. Since
the allocated downlink bandwidth ratio is proportional to ni,
constraint (15c) is applied using the same tree-search principle
as (15d) and (15e), which will be discussed later. Here,
we focus on (15b). Every S1 consists of |S1| requests with
minimum uplink bandwidth requirements from FN1 . Every
S1 acts as a parent node for S2. Specifically, each S1 has
|FN2 | + 1 child nodes. This is how the search tree is built
layer by layer.

2) Path: An arbitrary node, vN(v), with its depth N(v),
indicates the cardinality of SN(v), which is distinct among
all its sibling nodes. We can then refer to a vector p =[
v0, v1, . . . , vN(v)

]
to uniquely trace the path from the root

node to vN(v). Hence, the path defines a partial solution S
with

∣∣SN(k)

∣∣ = vk, where k = 1, 2, . . . , N(v).
3) Leaf node: We determine a node vN(v) to be a leaf

node without child nodes if it satisfies either of the two
following conditions: (1)

∑N(v)
k=1 vk = z, in which case the

accumulated number of selected requests reaches z, suggesting
that p represents a solution and its sum bandwidth should now
be checked. (2)

∑N(v)
k=1 vk < z and N(v) = Nmax, in which

case p has reached the maximum depth but is not a solution.
If none of the two conditions is satisfied, i.e., N(v) < Nmax

and
∑N(v)

k=1 vk < z, the node vN(v) has child nodes to be
discovered.

The search tree represents the entire solution space for
specified z and d. Each path within this tree represents a
potential solution S. We keep visiting nodes along paths
until reaching leaf nodes. As we visit node vN(v), we intend
to discover its potential child nodes, which would represent
solutions to the following sub-problem:

P3′(vN(v))
: find S ′ =

N⋃
k=N(v)+1

Sk (16)

s.t.
N∑

k=N(v)+1

|Sk| = z′ (16a)

∑
i∈S′

ρU
min,i ≤ 1− ρU

min(vN(v)) (16b)∑
i∈S′

ni ≤ k6 − k6ρ
D
min(vN(v)) (16c)∑

i∈S′

ni ≤ M̃ −M(vN(v)) (16d)∑
i∈S′

k4ni + k5n
2
i ≤ τmin − τmin(vN(v)), (16e)

Fig. 7. An example of Algorithm 2.
∣∣FN1

∣∣ =
∣∣FN2

∣∣ = 4,
∣∣FN3

∣∣ = 2. All
paths meet the memory and latency constraints. The number inside the dotted
circle represents the accumulated uplink bandwidth requirements of Sk .

where z′=z−
∑N(v)

k=1 vk. ρU
min(vN(v)), ρD

min(vN(v)), M(vN(v)),
and τmin(vN(v)) denote the accumulated sum demands for
uplink bandwidth, downlink bandwidth, memory, and con-
sumed latency along the path to vN(v), respectively.

Consider a search over the tree constructed for given z
and τmin. When dealing with large values of z and d, it is
impractical to store the entire tree in memory and check the
feasibility of all paths. This challenge is addressed by crafting
an efficient tree-search algorithm. Central to this design are
two imperative considerations: the order in which nodes should
be explored and the methods to avoid unnecessary search
complexity.

1) Tree-search: To answer the first question, two funda-
mental search strategies follow. Firstly, when exploring all
child nodes of any node, preference is given to the one with
the maximal index. Such an approach aligns with always
selecting more requests which has fewer ni, helping to bound
the left hand side of constraints (16d) and (16e). Secondly, the
searching direction should prioritize depth rather than breadth.
This depth-oriented direction guarantees that the first leaf node
is accessed rapidly, enabling the quick discovery of a viable
solution p. Specifically, upon visiting any node among all its
unvisited child nodes, the next step is to visit the one with
the largest index, increasing the search depth by 1. Upon
reaching a leaf node or a node without any unvisited child
node, we backtrack to visit its parent node and subsequently
repeat the aforementioned steps.

2) Tree-pruning: To answer the second question, we adopt a
tree-pruning technique for complexity reduction. For any given
node vN(v), if

∑Nmax

k=N(v) |FNk
| < z′, it is unnecessary to visit

vN(v) and its child nodes, as well as vN(v)’s sibling nodes with
indices smaller than vN(v) and their respective child nodes.
Since |FNk

| , k ∈ {1, 2, . . . , N} are already known under fixed
d, it is easy to prune, in an online manner, the tree branches
that cannot meet

∑Nmax

k=N(v) |FNk
| < z′.

The whole process of the tree-search algorithm with online
tree-pruning is shown in Algorithm 2.

Example: To illustrate the above algorithm, Fig. 7 shows
the complete process of tree-searching and tree-pruning for
Problem P3′ given z = 6, d = 10, and Nmax = 3.

Complexity: Ordering nodes by bandwidth has a complexity
of O(I2), hence the complexity of searching each path is
O(I2 max {I,N}). There areO(( I

N )N)nodes in a tree, and thus
the complexity of DFS is O(I2 max {I,N}( I

N )N). The total
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Algorithm 2 Optimal Tree-Search (OT)

Input: Available request set Ĩ.
Output: Optimal solution S to Problem P2 with added

communiation constraints.
1: Initialize z = 0, d = 0, Fd = ∅, S ′ = ∅;
2: for z = |I| , |I| − 1, . . . , 1 do
3: Sort Ĩ according to τ̃i’s descending order;
4: for d = z, z + 1, . . . , |I| do
5: τmin ← τ̃d, Fd ← the first d− 1 requests in Ĩ;
6: Construct root node v0 for Fd and the d-th request;
7: Call DFS(v0, d);
8: if DFS(v0, d) returns solution S ′ then
9: S ← S ′, return S;

return no solution
10: function DFS(vN(v), d)
11: N(v)← depth of vN(v);
12: Visit the path to vN(v) along unvisited nodes;
13: if

∑N(v)
k=1 vk = d then

14: Recover the subset S ′ from vN(v);
15: if S ′ meets constraints (15b)-(15e) then
16: return S ′
17: else
18: Mark vN(v) visited;
19: v′←vN(v)’s sibling node with the largest index;
20: Call DFS(v′, d);
21: else if

∑N(v)
k=1 vk < d and N(v) = N then

22: Mark vN(v), its parent node, and its sibling nodes
with lower index visited;

23: v′ ← vN(v)’s parent node;
24: Call DFS(v′, d);
25: else if

∑N(v)
k=1 vk < d and N(v) < N then

26: if all child nodes are visited then
27: if vN(v) is the root node then
28: return no solution
29: else
30: v′ ← vN(v)’s parent node;
31: Call DFS(v′, d);
32: vN(v)+1 ← min

{
z′, |FN(v)+1|

}
;

33: Call DFS(vN(v)+1, d);

time complexity of Algorithm 2 is O(I4 max {I,N}( I
N )N).

Since N is a constant much smaller than I, the complexity
is polynomial in the number of I, even without considering
complexity ruduction by pruning.

In this part, we propose the OT algorithm for edge inferene
scheduling across a single edge node and multiple users. For
a given z and τmin, the OT algorithm structures the solution
space as a tree, factoring in constraints like uplink bandwidth,
downlink bandwidth, memory, and latency. It then performs
a sequential depth-first tree-search with online tree-pruning to
maximize throughput.

D. OT-GAH Algorithm:Multiple Edge Nodes & Limited
Bandwidth

In this part, we shift our focus to edge infer-
ence scheduling across multiple edge nodes, an intricate

scenario made by the interplay among various edge nodes.
We address this complexity by modeling the original prob-
lem through the Generalized Arrangement Problem (GAP)
[32], [33], [34]. The OT algorithm is empolyed to heuris-
tically search for local-optimal solutions for each edge
node.

The GAP is defined as follows: Given a set of knapsacks and
a set of items, each knapsack has a distinct capacity. Each item
possesses a size and a profit contingent upon the knapsack that
it is placed in. The objective is to identify a subset of items
that can feasibly be packed within the knapsacks, ensuring
the profit is optimized. The Problem P1 can be represented
as a GAP, in which edge nodes are treated as knapsacks and
each item is with a multi-dimension size and a profit value
of 1.

To address this, we leverage the Next-Bin algorithm in [32].
The Next-Bin employs the local-ratio technique, offering an
innovative algorithmic framework that converts any algorithm
designed for a single knapsack problem into an approximation
algorithm for the GAP. Specifically, Next-Bin solves singu-
lar knapsack problems sequentially by utilizing any given
algorithm tailored for the single knapsack problem. Once an
item is designated for packing in knapsack j, its profit pj+1

is updated to pj+1 − pj , and the item joins the scheduling in
the subsequent knapsack.

Since the item’s profit is the same across all knapsacks in
Problem P1, which is equal to 1, the value pj+1 − pj = 0.
This implies that once an item is allocated to a knapsack,
it cannot be placed elsewhere. Hence, the Next-Bin utilized
in P1 adheres to the following procedure: for every individual
edge node, Algorithm 2 is used to select requests into the edge
node’s batch. Requests not chosen are eligible for the next edge
node’s scheduling, and the process continues up to the final
edge node. The complete scheduling process for Problem P1
is detailed in Algorithm 3.

Approximation Ratio: According to [32], if the approx-
imation ratio of a single knapsack algorithm is θ, the
Next-Bin algorithm guarantees a 1

1+θ -approximation ratio.
Consequently, as Algorithm 2 is optimal, the approximation
ratio for Algorithm 3 is 1

2 . This implies that the total edge
inference throughput produced by Algorithm 3 surpasses half
of the optimal throughput.

Complexity: Given that Algorithm 3 executes Algorithm 2
for J times, its time complexity is O(I4J max {I, N} ( I

N )N ),
which is polynomial in terms of I and J , with J representing
the number of edge nodes within a wireless network.

Algorithm 3 Optimal Tree-Search With Generalized Assign-
ment Heuristics (OT-GAH)
Input: Available request set I.
Output: Approximated solution S to Problem P1.
1: Initialize the solution for a single edge node S(j) = ∅;
2: for edge node j ∈ J do
3: Apply Algorithm 2 to select S(j) from I;
4: I ← I \ S(j);
5: S ← S ∪ S(j);

return S.
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V. SIMULATIONS

In this section, we first illustrate the advantages of the
proposed LLM edge inference optimization using dynamic
batching over other batching strategies. Next, we demonstrate
the impact of various model quantization methods on edge
inference. Finally, we showcase the benefits of our proposed
OT-GAH algorithm complemented with tree-pruning.

A. Simulation Settings

The experimental settings are as follows unless specified
otherwise. The arrivals of multiple user requests are modeled
as a Poisson process with the arrival rate λ varying from 5 to
250 requests per second [35]. The input prompt length is
randomly selected from {128, 256, 512} tokens, as well as
the generation sequence length. We introduce the Byte-Pair
Encoding (BPE) tokenization method widely used in most of
LLMs [36], [37], where each token is represented by a 2-byte
(16 bits) integer index. The required accuracy is uniformly
selected from [0, 1] [17], [28].

An edge server, an UAV, and a vehicle are placed in a
wireless network. In the simulation, the edge server is assumed
to be equipped with 20 NVIDIA JETSON TX2 GPUs, each
with 1.33TFLOPs and 32GB memory. The edge server is
placed together with a base station. The uplink and downlink
bandwidth are 20MHz, the transmit power from users to the
base station is 20dBm, and the transmit power from the base
station to users is 43dBm [38]. N0 = −174dBm/Hz. The
channel gain follows Rayleigh fading with average path loss
as 10−3 [19]. The UAV is assumed to carry a TX2 GPU and
fly at the height of 100m, which is within the free-space path
loss. The uplink and downlink bandwidth are both 1MHz. The
transmit power between the UAV and a user is 10dBm [39],
[40]. The vehicle is assumed to be equipped with three TX2
GPUs and receive the user requests from road-side small base
stations. The uplink and downlink bandwidth are both 2MHz.
The transmit power from the base station to the vehicle is
30dBm, and the transmit power from the vehicle to the base
station in 23dBm. The pathloss and slow fading model follows
the Manhatann grid layout [41]. The duration of an epoch is
set as 2 seconds, with TU = TD =250ms.

Two benchmarking schemes of batched inference are
adopted [19], [35], [42]:
• Static batching: Edge node operates with a predefined

batch size, which is established considering epoch dura-
tion, the implemented LLM, and the requisite input and
output lengths to ensure there is no GPU overflow. During
each epoch, the edge node aggregates prompts, either of
the designated size or smaller, for parallel inference.

• No batching: Requests randomly arrive at edge nodes in
uplink communication slots and wait in a first-in-first-out
queue. When any GPU is idle, the edge node accepts
the request at the queue head, executes inference on that
single GPU without batching. During execution, if the
accumulated uploading, waiting, and computing latency
exceeds the request’s deadline, it is dropped. Once a
request is completed, the output is sent back.

TABLE I
LLM SETTINGS IN THE SIMULATION

TABLE II
PPL DIFFERENTIAL OF DIFFERENT QUANTIZATION METHODS

Fig. 8. Completion rate vs. arrival rate of LLM inference with different
batching schemes.

A benchmarking algorithm is adopted to demonstrate OT-
GAH’s superiority. Unlike OT-GAH, it searches the entire
solution space without the online tree-pruning technique.

Three open-source LLMs are adopted in this simulation,
as detailed in Table I. All of them adopt the transformer
decoder-based architectures. The FFN dimension is four times
that of the model dimension.

In our simulation, we incorporate various model quan-
tization techniques. As evaluated by [17], the quantization
schemes using the precision of 8-bit weight and 16-bit acti-
vation (W8A16) have a negligible degradation in accuracy.
Therefore, by default, we employ this W8A16 scheme on edge
nodes to reduce memory usage. Other quantization methods
and their performance on LLMs are evaluated in [17], and the
details are shown in Table II.

The request completion rate denotes the proportion of
successfully completed inference requests to the total number
of arriving requests within an epoch.

B. Edge Inference With Different Batching Schemes

Fig. 8 compares batching scheme performance for BLOOM-
3B and BLOOM-7.1B, with latency requirements between
1.5 and 2 seconds. Increased arrival rates decrease completion
rates due to edge node resource limits. The OT-GAH scheme
outperforms both static and no batching. This is because
OT-GAH dynamically adjusts the batch size based on received
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Fig. 9. Number of completed requests within one epoch vs. epoch duration.
TU = TD =250ms.

Fig. 10. Completion rate vs. epoch duration. TU = TD =250ms.

requests, whereas the static scheme processes a fixed number
of requests at each epoch to prevent overflow. The no-batching
scheme, in contrast, fails to leverage parallel computing. The
single GPU’s processing speed is quite limited, resulting
in most requests being dropped. Furthermore, BLOOM-7.1B
consistently exhibits a lower completion rate than BLOOM-3B
across all batching schemes, as it possesses more param-
eters and thus requires greater resources during inference.
No BLOOM-7.1B requests meet their deadlines due to this
intense computational load.

Figures 9 and 10 highlight the impact of epoch duration
settings on edge inference. With latency requirements between
1.5 and 2.5 seconds and an arrival rate of 50 requests per
second, an increase in epoch duration correlates with a rise in
completed request number per epoch. However, the completed
rate initially grows but then decreases. This behavior can be
attributed to the edge inference scheduling protocol we have
developed. Specifically, beyond each request’s latency require-
ment, the cumulative inference latency for all batched requests
must remain under TC . A larger TC accommodates more
requests in an epoch. But if excessively prolonged (as in 1.7s
to 2.0s in Fig. 10), batched requests finish well before TC ends,
causing idle computational periods and a decreased completion
rate. Interestingly, the no-batching method in BLOOM-3B,

Fig. 11. Completion rate vs. latency requirement of LLM inference with
different batching schemes.

Fig. 12. Completion rate vs. arrival rate under LLM quantization with
different precisions.

by processing requests in a first-in-first-out manner and con-
tinually employing computational resources, shows a slightly
increasing completion rate.

Fig. 11 showcases how the request completion rate varies
based on users’ latency requirements. Epoch duration is equal
to the latency requirement. Arrival rate is 50 requests per
second. As latency expectations become more relaxed, more
requests can be batched for inference within their set dead-
lines. BLOOM-3B consistently outperforms BLOOM-7.1B,
attributed to its streamlined tensor dimensions and fewer
matrix operations. In no-batching, a single GPU starts to
satisfy the deadline for large-scale BLOOM-7.1B inferences
when epoch duration and deadline exceed 3 seconds.

Overall, the OT-GAH dynamic batching significantly
enhances the throughput of LLM edge inference. Concurrently,
the inference protocol should adapt dynamically to both users
and models.

C. Edge Inference With Different Quantization Schemes

In Fig. 12, we exclude user accuracy requirements to focus
on quantization’s effect on edge inference. With a 2-second
epoch, 50 requests/sec arrival rate, 1.5-2 second deadlines,
larger LLM model sizes with the same quantization yield fewer
completed requests due to resource constraints. Additionally,
reduced quantization precision translates to lesser memory
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Fig. 13. Completion rate vs. accuracy requirement under different LLM
quantization schemes.

TABLE III
ALGORITHM TIME COST AND TIME REDUCTION WITH TREE-PRUNING

usage. Consequently, the completion rate for LLM inference
sees a substantial rise when a more aggressive quantization
scheme is in place.

However, this enhancement in completion rate carries an
inherent trade-off, as depicted in Fig. 13. The relationship
between provided output accuracy and PPL differential is
f(∆PPL) = 1−∆PPL. The dotted lines indicate the com-
pletion rate when the W8A16 quantization method is deployed.
As a model undergoes more extensive quantization, there is a
notable increase in PPL degradation, leading to diminished
accuracy and, by extension, a reduced completion rate. Even
with the same precision levels, LLM inference exhibits varied
performance between GPTQ and ZQ-Local quantizations due
to the distinct tensor operations each quantizes. Moreover,
as users’ accuracy requirements become more lenient, there
is an increase in completion rate.

A joint analysis of Fig. 12 and Fig. 13 offers insights
into the balance between accuracy and memory footprint
reduction. This informs our strategy in selecting the most
fitting quantization schemes tailored to specific LLMs and the
needs of the target users.

D. OT-GAH Algorithm Performance

Finally, we examine the computational complexity of the
proposed OT-GAH algorithm, designed for efficient tree-
search, in contrast to the benchmark design that lacks
tree-pruning. As presented in Table III, the time cost escalates
with the increase in arrival rate yet remains quite afford-
able. The computational complexity of brute-force searching
without pruning escalates exponentially as the arrival rate
grows. The efficiency gained through the OT-GAH algorithm
becomes increasingly pronounced with a rising arrival rate,
even achieving a remarkable 97.92% reduction when the
arrival rate reaches 200.

VI. CONCLUSION

In this paper, we have investigated the ubiquitous access
to generative LLM services by leveraging wireless edge net-
works. We have studied the LLM edge inference optimization
across multiple edge nodes and multi-users featuring dynamic
batching, LLM quantization, and joint communication-and
computation resource allocation for throughput maximiza-
tion. We have proposed the OT-GAH algorithm, which can
efficiently obtain the optimal solution to within a factor of
1
2 in polynomial time by leveraging tree-search and tree-
pruning strategies. Simulations results have demonstrated
that OT-GAH not only surpasses brute-force tree-search
algorithms by reducing complexity by over 45% but also
outperforms benchmarking batching schemes on request com-
pletion rate across various user settings and inference settings.
Furthermore, these results offer insights into the applica-
tion of quantization schemes tailored for specific LLMs
in resource-limited wireless edge networks. In future work,
we will delve deeper into more scalable GAI offloading
strategies. We will explore multi-modal GAI architectures,
retaining lightweight components for local processing while
offloading the rest to the edge. This approach will further
enhance privacy protection.
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