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Abstract—This paper presents a novel two-phase maskable
proximal policy optimization (TP-MPPO) algorithm, which max-
imizes the system goodput counting request throughput with
strict service level objective (SLO) compliance for large language
model (LLM) inference services in wireless edge networks. In
the first phase of TP-MPPO, we optimize the task offloading
decisions by MPPO with action masking mechanism, effectively
avoiding exploring invalid actions and reducing the action space.
In the second phase, closed-form solutions are derived for
uplink bandwidth allocation; a greedy algorithm is designed for
downlink bandwidth allocation to provide immediate rewards
for the MPPO in the next round. The two stages alternate till
convergence. Simulation results demonstrate that TP-MPPO can
improve the system reward by 33.3%-87.5% compared to its
benchmarks and achieve the highest goodput.

Index Terms—Large language model, edge inference, resource
allocation, task offloading.

I. INTRODUCTION

The rapid proliferation of large language models (LLMs)
has surged inference demands, straining traditional cloud-
based LLM inference services that struggle with throughput
and latency [1]. Edge computing supplements cloud-based
LLM inference by leveraging distributed resources to scale
service capacity. Furthermore, deployment on nearby edge
nodes effectively mitigates propagation latency.

Unlike conventional edge scenarios, LLM services are con-
strained by intensive workloads and GPU scarcity. At the
model and system level, efficient inference techniques such
as KV cache compression [2] and speculative decoding [3]
reduce per-request compute overhead, while selective batch-
ing [4] improves server-side utilization. These techniques are
complementary to network-level resource management, which
requires jointly optimizing task offloading and bandwidth allo-
cation across heterogeneous users and wireless edge nodes [5],
[6]. In [5], LLM task offloading, computational, bandwidth
and graphics memory resource allocation were optimized to
minimize the average latency of all LLM tasks. In [6], LLM
task distribution, computational and communication resource
allocation were optimized to maximize the system utility of
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6G networks. However, the studies in [5] and [6] overlooked
throughput, a critical metric for LLM service systems.

Although some studies have targeted aggregate through-
put [1], they have overlooked the fact that downstream ap-
plications have different latency requirements for user experi-
ence, leading to dramatically different service level objectives
(SLOs) that need to be satisfied. The most widely used
SLOs in LLM services are Time-to-First Token (TTFT), Time
per Output Token (TPOT) and End-to-End (E2E) latency.
Goodput [7], which captures request throughput under SLO
attainment reflecting both cost and service quality, can be an
effective metric for LLM service systems. To fill the void in
goodput-oriented optimization, this paper presents a two-phase
maskable proximal policy optimization (TP-MPPO) algorithm,
which determines offloading and bandwidth allocation for edge
LLM inference with GPU-constrained users, while preventing
out-of-memory (OOM) failures caused by excessive batch
sizes. The contributions of this paper are collated below.

¢ We model a wireless edge LLM inference system cap-
turing full E2E latency pipeline and GPU memory con-
straints, enabling a realistic formulation of joint offload-
ing and resource allocation.

o« We formulate a mixed-integer nonlinear programming
(MINLP) problem to maximize goodput, bridging the gap
between raw throughput and service quality. The problem
jointly optimizes task offloading and bandwidth allocation
under SLO and memory capacity constraints.

e We propose TP-MPPO, which decomposes the MINLP
into an MPPO-based offloading phase and an analytical
bandwidth allocation phase with closed-form uplink and
greedy downlink solutions. This algorithm provides im-
mediate rewards that drive stable policy convergence, e.g.,
within 200 episodes.

Experiment results demonstrate that TP-MPPO improves the
system reward by 33.3%-87.5% compared to its benchmarks
and achieves the best goodput performance under diverse
configurations of user and node numbers.

The rest of this paper is organized as follows. Section II
provides the system model. Section III formulates the con-
sidered problem. The TP-MPPO algorithm is proposed in
Section IV and evaluated numerically in Section V, followed
by concluding remarks in Section VI.

II. SYSTEM MODEL

We consider an LLM inference system comprising a service
controller co-located with an access point (AP), J GPU-
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Fig. 1. Illustration of the system supporting LLM inference services.

enabled edge nodes (J = {1,...,J}), and N users (N =
{1,...,N}); see Fig. 1. These users generate LLM inference
requests but cannot perform local inference due to lack of
GPU resources; they need to offload these tasks to the edge
nodes. The AP acts as a centralized scheduler and controller,
collecting requests and making offloading decisions [1].

As depicted in Fig. 2, the AP schedules requests on the basis
of time slots 7 = {1, ..., K}. The slot length is denoted as 7,
which acts as a macroscopic scheduling window rather than an
orthogonal frequency division multiplexing (OFDM) symbol
duration. Requests arriving in slot ¢ are buffered at the AP
and scheduled at the end of this slot. Each request from user
n is denoted by ¢!, = <sg’t out:t ¢t where sl is the input
prompt length, s is the maximum output sequence length,
and ¢! defines the E2E delay bound. The AP decides whether
to offload a request to node j or reject it. The offloading
decision of request ¢!, is an integer variable of, € J U {0},
and of, = 0 indicates that the request is rejected and failed.
After scheduling, users transmit their inference prompts to the
designated edge nodes, which aggregate the prompts into a
single batch, perform inference, and return the output results.

We assume each user initiates a new request only after
receiving the previous response [4], with “thinking time” fol-
lowing an exponential distribution. The LLM inference process
comprises two stages [8]: the prefill stage, which processes
inputs in parallel to initialize the Key-Value (KV) cache and
generate the first token; and the decoding stage, which utilizes
the KV cache to auto-regressively generate subsequent tokens.
Both stages rely on the Transformer architecture [9], with the
key distinction that prefill computes self-attention across all
input tokens concurrently, whereas decoding restricts attention
to the new token and cached history. Let of, < s2%* denote
the total number of output tokens generated for request ¢',.

A. Communication Model

The communication model focuses on prompt transmission
and output feedback, with negligible overhead from inference
request and scheduling. We consider OFDM, with each edge
node operating on non-overlapping frequency bands to avoid
interference. Let ﬁ“p’ , ﬁd(’wn " € [0,1] denote the bandwidth
fractions assigned by edge node j to user n (af = j) for
uplink and downlink transmissions, respectively. Per time slot
t, the uplink transmit rate of user n is given by
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Fig. 2. Workflow of LLM inference system: Requests R1-R6 arrive in the first
slot; the AP assigns R1-R4 to Node 1 and R5-R6 to Node 2. Subsequently,
R7-R9 are allocated to Node 3, since Nodes 1 and 2 remain occupied with
ongoing inference.

where B} is the uplink bandwidth of edge node j; ¢ is the
background noise power at the edge node; p“p’ denotes the
uplink transmit power of user n; and h,, >’ " is the channel gain
from user n to edge node j. The wireless channel consists of
large-scale path loss and small-scale fading: h“p’ §“p’thf£,
where &7 P follows an exponential distribution w1th unit mean

correspondlng to Rayleigh fading, and huP = (A4q 4?7?13 )de

is the distance-dependent average channel gain, with Ay
the antenna gain, f. the carrier frequency, d. the path loss
exponent, and d,,; the distance between user n and edge
node j. The channel gain hfl?"t is treated as slot-level ef-
fective average value under a quasi-static fading assumption,
as widely adopted in wireless edge computing models [1],
[5], [6]. Likewise, the downlink transmit rate is Rdo-wn’t =

down,t; down,t
ﬁdownth"W“ log, (1 + %), where BV is the
downhnk bandwidth of edge node j; v’ is the background

o

noise power at user n; pn;’-wn denotes the downlink transmit

hdown,t
do

power of edge node j; and
edge node j to user n.

is the channel gain from

B. Latency and Memory Analysis

For request ¢!, (if user n generates a request during slot t),
let 79! denote its uplink latency, and D! denote the data
size of its input prompt. We have TPt = Dint/ Rup’ Like-
wise, the downlink latency of ¢, is 740%™t = poutst/ Rd""”1 K
where D%"%% is the data size of its output. Each uphnk and
downlink transmission is assumed to complete within one
scheduling slot, over which the channel gain is treated as
quasi-static. Extending the framework to account for trans-
missions spanning multiple slots is left for future work.

The E2E latency of user m’s task is composed of five
components. Since requests arriving at the AP are scheduled
at the end of each time slot, a waiting time for scheduling
Twaitt is incurred at the AP. Upon finishing the prompt
transmission which takes T"P-*, user n may need to wait for
other users assigned to the same node to complete their prompt
transmissions before conducting batch inference, resulting in
a batching wait time 7' at the edge node. Let Nj =
{nl|al, = j} denote the set of requests assigned to edge node
J» with batch size b% = |N}|. During batch inference at edge



node j, all requests assigned to the same batch are processed
together, and the batch completion latency is given by T;“f’t =
ij’t + TJD’t, where TJP’t and TJD”5 denote the prefill and
decoding latency, respectively. Following the analytical latency

model for Transformer inference in [1], the prefill latency is
T} = Lbt(6s4h? + (4(sh)2h + 25t h?) + 4s§hh)/F and the

decoding latency is TD "= Lbt (ot — 1)(6h2 + (4(s! )h+
2h?) + 4hh)/F Here sk s the padded input length of =
max,,c ¢ 0!, is the batch- level output length, L is the number
of Transformer layers, h is the Transformer hidden dimension,
b is the feed-forward network (FFN) hidden dimension, and F;
is the computational capacity (in FLOPs/s) of edge node j. The
inference latency model captures the latency trends observed in
practical inference systems, where larger batch sizes, longer
sequences, and larger models increase computation latency,
while stronger GPU resources reduce latency. Finally, the
output feedback consumes 794%™, The total E2E latency of
user 7 is TTI;DQE,t — T;l)vait.,t+T11llp,t+T7sltay,t+T;nf,t+T1(liown,t.

For batch inference, the memory footprint of edge node j is
mh = m"t 4 mkV !, which consists of the memory for model

weights, m™t, and the KV cache footprint, mkv ! The KV

kv,t
cache footprint m;"" = 4hLb(s} + of) [1].

III. PROBLEM FORMULATION

Let a binary variable !, € {0,1} denote the completion
status of request ¢’,, where t!, = 1 indicates that request ¢/,
is successfully completed, and v}, = 0 indicates otherwise.
Request ¢, is considered successfully completed (t!, = 1) if
it is assigned to an edge node (i.e., not rejected, afl £ 0),
the batch inference finishes without an OOM failure, and
the output is returned to the user. The system throughput
can be given as Y = Y _\ >, ,tl. Larger batch sizes
enhance throughput; conversely, oversized batch sizes can
trigger memory exhaustion, causing the inference to fail. Let
M denote the memory capacity of edge node j, which
depends on its GPU resources.

We define goodput as the number of completed requests
satisfying the E2E latency SLO [7]. For request ¢!, let gf, €
{0,1} denote whether request ¢, contributes to the goodput.
gl, = 1 only if v, = 1 and TF?E* < ¢!, Requests that are
rejected, fail due to OOM, or are completed but violate the
SLO are not counted. The system goodput is defined as y' =
Y onen 2oier 0, a dimensionless metric representing the total
number of SLO-compliant completed requests over the entire
simulation horizon (i.e., all K time slots).

Our goal is to maximize the system goodput by optimizing
offloading decisions and bandwidth allocation, accounting for
the unique challenges of LLM inference driven by dynamic
KV cache footprint and heterogeneous SLO requirements. Let
mz- represent the memory footprint of edge node j for batch
inference. The optimization problem is formulated as:

P1: max '

{at gup,t gdown,t}
s.t. ot BoME <1, Yyt (2b)

neN; neN;

mh < Mj, Vit

(2a)

(20)

Here, ! = {af,,Vn}, 8" = {82! ¥n, j}, and glovnt =

{ﬂdown *.¥n,j}. Constraint (2b) limits uplink and downlink
bandwidth allocation, while Constraint (2¢) ensures that each
edge node’s memory footprint remains within its capacity.
Solving P1 is challenging because it is an NP-hard MINLP
problem involving non-convex and discontinuous binary deci-
sions. Moreover, LLM batch inference creates strong coupling
among users, where the latency and memory consumption of
a batch depend on the specific combination of assigned tasks.

IV. PROPOSED TP-MPPO SCHEME

We present TP-MPPO to address P1. In the first phase,
MPPO determines the offloading decisions. In the second
phase, the remaining problem is decomposed into two sub-
problems. Closed-form solutions are derived for uplink band-
width allocation, while downlink bandwidth allocation is
solved using a greedy-based algorithm.

A. PPO Framework with Invalid Action Masking

Upon inspecting P1, optimizing «' first makes the remain-
ing problem over {3"P¢, 39°Wn:t1 more tractable. We propose
MPPO to tackle offloading decisions a'. MPPO extends
PPO with invalid action masking [10], enabling agents to
avoid infeasible actions under state-dependent constraints and
complex action spaces. The MPPO components are designed
as follows.

1) State: The state space is s' = {qfl,hﬁg” ,hd"w’“t,lf7
Vn,j}, where I} € {0,1} indicates whether edge node j is
idle, taking 1 if 1d1e and 0 otherwise.

2) Action: To prevent invalid node selection, we introduce
a binary mask vector v, = {v}, ;,Vj} for each user. Each
element is dynamically generated based on the current en-
vironment: v!, . = 1 when request ¢, ex1sts and node j is
available at slot t (e, I ¢ = 1); otherwise, v}, . = 0.

During actor network forward propagation, logits of invalid
actions (vfm = () are set to —oo. After the Softmax, their
selection probability becomes zero. This Action Masking
dynamically prunes the action space, ensuring o is always
executable. The resulting action space is a' = {a'}.

3) Reward: The objective is to maximize the system good-
put while penalizing memory overflow failures. The immediate
reward r! is formulated as a normalized utility given by

pt = Yzood Z”ENN?ZQ :’"""‘N o , where N°°™? is the number
of requests that failed due to memory overflow, and N™%? is
the total number of requests generated during slot ¢. Vg0q4 and
Voom are weight coefficients.

MPPO selects the actlon a' by prumng invalid choices via
the mask v = {vn} . For a given &', the subproblems are
solved to determine ﬁ“p7 and B9°"™*_ The complete action set
{at, Bt 3downtl then updates the environment, triggering
the update of {I/} and the state transition from s’ to s'*'.

Specifically, the behavior actor network (with param-
eters B,4q) generates action a’ under the masked pol-
icy m,,, (a?|s?,v'). The critic network (with parameters
w) estimates the state value V,(s'). Collected trajectories
(st,vt al,rt, s'™1) are sampled from the replay buffer to
update the target actor network @ by minimizing L{; 1p(0) =




Algorithm 1: Optimal Solution to P3

1 Initialize satisfied set S; = @, and cumulative bandwidth usage

down,t
B J,sum
2 for each user n € N t do
. . . down,t
3 | Calculate the minimum required bandwidth fraction 3, Jmin®
4 end

5 Sort users in Nt based on Bdsvgl’u’i in ascending order to obtain the

sorted index list K = {k1,..., ke }
J
6 fori=1to \Nt| do
. down,t down,t
7 1fﬁJ cum +Bkjmm§1then
8 Add user k; to satisfied set: S}« St U {k;}.
down t down,t
9 Allocate mlmmu;n requlreme(rilt B, d_ Bkl Jmin
own,t own, t own,t
10 Update usage: ﬁj cum B] cum T ﬁkl],mln
11 end
12 end

down,t

13 Obtain the optimal {3, p Fnent-
1

Et[r(rlln( g'(8)A!, clip(¢g'(),1—¢,14€)A")], where g'(0) =
mo(at|st v?

is the masked-policy probability ratio, and €

is the clipping factor., A* = Ziligt(y)iét*i is the advantage

function calculated via generalized advantage estimation [11],
where v is the discount factor and 6° = rf + 4V, (s'*1) —
V. (s!) represents the temporal-difference error. The critic
network is updated by minimizing L' (w) = E,[(6")%].

Tooa (@7 157vT)

B. Closed-Form Solutions to Uplink Bandwidth Allocation

Given o, the subset of users offloaded to edge node j is
determined. For user n € ./\/ ¢ the prompt transmission time
TPt and waiting time T“‘W’ are dictated by the slowest user
in the batch, as batch inference requires all prompts uploaded
before padding. Thus, the uplink bandwidth allocation problem
at node j is to minimize the maximum uplink latency among
its assigned users, expressed as TuP’ = MaX eyt TYp-t. The
subproblem of uplink bandwidth allocatlon is glven by

. up,t UP7 .
P2 T XA:[ Babt <1, Vjit. 3)
ne Jt

min
ot
{ﬁZ? }nEth.

According to the min-max fairness principle, the optimal

strategy equalizes uplink latencies across all users in the batch.
up tyup,t
Using the auxiliary variable 3t P = = B logy(1 + M)
in,t
and equating W for all users n € /\/'J’?, the optimal
ni Mnj .

Dy ‘t/?*n?’t )

iEN? (D /R )

C. Optimal Solution to Downlink Bandwidth Allocation

allocation is (3,5"")" = 5

After batch inference, user n must satisfy the SLO, with
downlink latency T¢°"™* constrained by the residual margin
Tiet =gl — Tyaitt — Tupt — 7stavit — 710" The downlink
bandwidth allocation problem at node j seeks to maximize the
number of requests meeting the SLO, aligning with system
goodput. Let j\/fo"d’t = {n|n € N}, T"™" < Tr"} be the
set of requests contributing to goodput. The subproblem of
downlink bandwidth allocation is then formulated as

P3 - |/\/—J_good7t| Z Bdown ,t < 1 V],t
nEJ\ff

B max
ot
{ﬂnf;wn }nEN;
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Based on the expressions of ngwn"t and Tdovnt we
calculate the minimum required bandwidth fraction (subject
to Tdownt < Trety for user n by setting 740wt = Tret:

t,t

down,t A& Dou 5

ﬁnj,min - re,t down thdown t ( )
T BdOWﬂ log, (1 + %)

By introducing Bﬁ?“rfuf, we can reformulate problem P3

as finding the largest subset S; C N7 that satisfies the

constraint - o Bz‘;v&’li < 1 ThlS problem has a special
t Pnj,

equal-value structure, where all selected requests contribute
equally (i.e., one unit) to the goodput. Hence, Algorithm 1
achieves the optimal solution by prioritizing requests with
the smallest bandwidth requirements, attaining zero optimality
gap. The complexity of Algorithm 1 is dominated by the
sorting operation, which is O(N log N).

V. NUMERICAL RESULTS

Consider a system where 3 edge nodes and 15 users are
randomly deployed within a 300 m radius circular area. The
input sequence length of inference request is randomly gen-
erated from {128,256,512} tokens, with corresponding SLO
targets of {3,5,9} s. The maximum output sequence length
5ottt is randomly generated from {128,256,512,1024} to-
kens, and the realized output length is set as of, = \f st
where AL € {0.5,0.75,1} [1], [8]. All these task parameters
are independently sampled uniformly from their respective
discrete sets. For communication modeling, we assume 32 bits
per token, consistent with the INT32 representation commonly
used for token IDs. To ensure the simulated edge nodes reflect
a realistic deployment, the memory capacity and computa-
tional capacity are set according to the specifications of an
NVIDIA L2 PCle GPU with 24 GB memory. We adopt the
native Llama-7B hyperparameters: h = 4096 and L = 32.
We also set f. = 3.5 GHz and d. = 3, representing sub-
6 GHz fifth-generation (5G) edge access and urban/suburban
non-line-of-sight (NLOS) propagation, respectively, together
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with 7 =15, % =107 W, ¢/ =2x 10714 W, e = 0.2,
Vgood = 1, and Voo = 0.5.

We compare TP-MPPO with four benchmarks: 1) MPPO,
which learns all variables solely via MPPO. 2) TP-PPO [12],
which adopts PPO without action masking for offloading
decisions. 3) Rewardless [6], which adopts classical active
inference for offloading without reward guidance. 4) Heuristic
[13], which employs a weighted scoring mechanism based on
channel conditions and memory load for offloading decisions.

Fig. 3 shows the rewards of the considered algorithms.
TP-MPPO yields the highest reward and converges within
200 episodes. The reward of TP-MPPO is 33.3%, 87.5% and
71.4% higher than those of MPPO, TP-PPO and Rewardless,
respectively. Action masking in TP-MPPO and MPPO accel-
erates convergence by eliminating invalid action explorations.
TP-PPO struggles with early-stage cold starts, while Reward-
less converges to a low reward, indicating its free-energy-based
guidance is insufficient to avoid OOM states.

Fig. 4 shows the impact of model size on the throughput—
goodput gap and latency. Lighter models achieve lower latency
and higher throughput/goodput with a smaller gap, as their
lower resource demands reduce SLO violations and OOM
failures. In contrast, Llama-7B incurs a larger gap due to its
higher memory and computational demands, highlighting the
importance of goodput-oriented resource allocation and the
trade-off between model capacity and service reliability.

Figs. 5(a) and (b) demonstrate how number of edge nodes
and users affect the ratio of goodput to total requests. In
Fig. 5(a) (with 20 users), TP-MPPO surpasses all benchmarks.
With 6 nodes, the goodput ratio of TP-MPPO exceeds MPPO,
TP-PPO, Heuristic and Rewardless by 5.4%, 9.5%, 7.1% and
10.2%, respectively. In Fig. 5(b) (with 3 nodes), as the user
count scales to 30, the goodput ratio of TP-MPPO exceeds
MPPO, TP-PPO, Heuristic and Rewardless by 3%, 7.3%, 6.5%
and 7%, respectively. The relatively low goodput ratios in
Figs. 5(a) and (b) is caused by the constrained edge deploy-
ment scenario, where limited GPU resources and strict SLOs
reduce the number of successfully served requests. Fig. 5(c)
further evaluates the goodput ratio with the Llama-30B model
under varying GPU provisioning levels. As GPU resources
increase, TP-MPPO consistently outperforms the baselines,
improving the goodput ratio from 42.0% to 60.7% by reducing
OOM failures and inference latency.

VI. CONCLUSIONS

This paper presented the TP-MPPO framework for edge
LLM inference services, where the task offloading decisions

were learned by MPPO, uplink bandwidth allocation was
given in closed form, and downlink bandwidth allocation
was decided by the greedy algorithm. Simulation results
have demonstrated that TP-MPPO improves the reward by
33.3%—87.5% and outperforms the benchmarks significantly in
goodput performance across various network configurations.
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