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Abstract—Deep reinforcement learning (DRL)-based slicing poli-
cies have shown significant success in simulated environments but
face challenges in physical systems such as open radio access
networks (O-RANs) due to simulation-to-reality gaps. These policies
often lack safety guarantees to ensure compliance with service
level agreements (SLAs), such as the strict latency requirements of
immersive applications. As a result, a deployed DRL slicing agent
may make resource allocation (RA) decisions that degrade system
performance, particularly in previously unseen scenarios. Real-
world immersive applications require maintaining SLA constraints
throughout deployment to prevent risky DRL exploration. In this pa-
per, we propose SafeSlice to address both the cumulative (trajectory-
wise) and instantaneous (state-wise) latency constraints of O-RAN
slices. We incorporate the cumulative constraints by designing a
sigmoid-based risk-sensitive reward function that reflects the slices’
latency requirements. Moreover, we build a supervised learning cost
model as part of a safety layer that projects the slicing agent’s
RA actions to the nearest safe actions, fulfilling instantaneous
constraints. We conduct an exhaustive experiment that supports
multiple services, including real virtual reality (VR) gaming traffic,
to investigate the performance of SafeSlice under extreme and
changing deployment conditions. SafeSlice achieves reductions of up
to 83.23% in average cumulative latency, 93.24% in instantaneous
latency violations, and 22.13% in resource consumption compared
to the baselines. The results also indicate SafeSlice’s robustness to
changing the threshold configurations of latency constraints, a vital
deployment scenario that will be realized by the O-RAN paradigm
to empower mobile network operators (MNOs).

Index Terms—Safe Deep Reinforcement Learning, Trustworthy
DRL, O-RAN, Network Slicing, Inter-Slice Resource Allocation

I. INTRODUCTION

6G networks will offer heterogeneous services that provide

users with a full sensory experience by enabling the integration of

the digital and physical worlds. This includes wearable devices,

holographic communications and extended reality (XR) applica-

tions [1]. To facilitate this, network slicing is used to partition

the network into logically isolated slices that share underlying

radio and computing resources [2].

The open radio access network (O-RAN) architecture en-

ables flexible slice management to meet diverse, sometimes

conflicting, service level agreement (SLA) requirements, such

as latency, throughput, and reliability [3]. Its standardized open

interfaces support data-driven network management, allowing

mobile network operators (MNOs) to collect real-time data from

the radio access network (RAN) [4]. These interfaces also support

the integration of intelligent slicing resource allocation (RA)

controllers, utilizing machine learning (ML) capabilities. This

This research was supported in part by the Natural Sciences and Engineering
Research Council of Canada (NSERC) under Grant RGPIN-2021-04050.

facilitates optimizing resources dynamically based on network

conditions and user demands.

Deep reinforcement learning (DRL)-based inter-slice RA algo-

rithms have succeeded significantly in simulated environments.

However, their direct application to physical systems, such as

O-RANs, is often challenging [2], [5]. In traditional DRL frame-

works, the agent is primarily driven to explore any policy that op-

timizes resource consumption. In contrast, real-world immersive

applications necessitate the additional requirement of satisfying

certain constraints throughout the deployment process, such as

the strict latency requirements of virtual reality (VR) applications.

Moreover, even if these constraints are considered in offline

training, online learning will still be needed after deploying inter-

slice RA agents in real-world O-RANs [2]. This is typically

required to allow DRL agents to tune their policies in real-

time to adapt to the gaps between training and real-world

environments. The system may undergo thousands of suboptimal

learning steps in these situations before adapting. This potentially

violates SLAs, especially at the instantaneous (state-wise) level,

and degrades network performance. Furthermore, when an MNO

modifies the defined SLA thresholds for a given slice, this can

significantly affect the overall online learning performance.

In this paper, we propose SafeSlice, a novel inter-slice RA

approach that tackles both the cumulative and instantaneous

latency constraints of slices while deployed in a live O-RAN

setting. SafeSlice adapts to changes in network conditions and

MNOs’ configurations. The contribution of this research study

can be summarized as follows:

• We design a multi-objective risk-sensitive DRL reward func-

tion that minimizes resource consumption while fulfilling the

cumulative latency requirements of slices. We specifically

propose a sigmoid-based function that includes parameters

reflecting acceptable slices’ SLAs. This enables penalizing

the DRL-based slicing controllers for actions that get the

system close to violating the defined SLAs.

• We propose a safety layer to address the instantaneous

latency constraints by projecting the RA actions to the

nearest feasible actions. We particularly build a supervised

ML model to predict the action cost in terms of latency. If an

action is expected to violate the defined latency thresholds,

the safety layer overrides it with the closest safe action

expected to abide by the instantaneous latency constraints.

• We advocate for safe DRL as a core component of intelligent

DRL-based control of network functionalities in the O-

RAN architecture. We propose training and deployment

workflows in O-RAN’s non-real-time (non-RT) and near-
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real-time (near-RT) RAN intelligent controllers (RICs), re-

spectively. Such flows include collecting data to build the

cost model and deploying SafeSlice in O-RANs.

• We conduct an exhaustive performance study that supports

multiple services, including real VR gaming traffic, to

evaluate SafeSlice’s performance against multiple defined

baselines. Our approach not only adapts to changing and

extreme traffic conditions but also to modifying latency

threshold settings. The implementations of the proposed

approach and baselines are publicly available1 to facilitate

research on trustworthy DRL in O-RAN.

To the best of our knowledge, this is the first study to 1)

distinguish between and address instantaneous and cumulative

constraints in DRL-based slicing, 2) accommodate changes in

the acceptable SLA thresholds, and 3) evaluate the performance

under varying and extreme network conditions, especially in an

O-RAN deployment setting for immersive 6G applications.

The paper’s remaining sections are structured as follows: In

Section II, we review the related work pertinent to our study.

Section III provides a detailed description of the system model,

and the proposed approach and O-RAN workflows. In Section IV,

the experimental setup, baselines and analysis of our performance

study are presented. Finally, Section V summarizes the key

findings and presents potential future directions.

II. RELATED WORK

Safe reinforcement learning (RL) learns policies that maximize

expected returns while ensuring acceptable system performance

by adhering to safety constraints [2]. A few studies have recently

considered safety aspects when proposing a DRL-based approach

to RA in network slicing. They primarily use a form of con-

strained RL. For instance, a variant of the actor-critic (AC)-based

proximal policy optimization (PPO) algorithm is used in [6] to

account for slice requirements during exploration. An artificial

neural network (ANN) model is used to learn a cost function.

If the model predicts performance degradation relative to slice

requirements, it switches to a rule-based approach. However, such

a rule-based approach is infeasible to implement in real-time as

it performs a grid search. Moreover, the authors of [7] propose

a model-free multi-agent DRL approach that combines the AC

and Lagrangian methods to reflect constraints in the objective

function. Nevertheless, the constrained learning is applied during

training only, which is insufficient to handle varying deployment

conditions.

In [8], an algorithm that extends the soft actor-critic (SAC)-

Lagrangian is used to optimize bandwidth allocation. The cost

function is defined as the degradation in the quality of service

(QoS). The authors incorporate the concept of domain random-

ization (DR) in training as a way to improve the generalization

of the policy. Nonetheless, the study includes only one slice and

treats different transmissions of one user as multiple users of the

slice due to restrictions of the used tool. Similarly, the authors

of [9] propose a model-free constrained DRL algorithm based on

SAC. Their main concern, however, is simultaneously handling

both discrete and continuous action spaces for channel allocation

1Available at https://github.com/ahmadnagib/safe-slice

and energy harvesting time division. As part of the learning policy

update, they utilize a vector of Lagrangian multipliers to address

the queue constraints that reflect latency and energy constraints.

Nevertheless, the simulation is configured to use the same packet

arrival rate for all slices with only a difference in packet size,

which limits the practicality of the proposed approach.

More relevantly, the authors of [10] propose a model-free RL-

based slice management framework to maximize the throughput

over time while satisfying latency and bandwidth constraints.

They employ an adaptive constrained RL algorithm based on

AC methods to deal with cumulative user dissatisfaction con-

straints. They also consider instantaneous latency and bandwidth

constraints by adjusting the RA actions to align with the nearest

feasible action. However, they do not include design, training, or

deployment details of the approach to address the instantaneous

latency constraints.

Despite the progress in adopting constrained DRL approaches

in the context of slicing, the existing studies still experience

limitations. Most reviewed studies do not distinguish between

instantaneous and cumulative constraints. Moreover, such studies

neither accommodate nor evaluate the performance of their

approaches under changes in the acceptable SLA thresholds.

Furthermore, the scenarios considered do not reflect the network

being substantially overloaded or having significant changes in

its conditions. Such situations are the primary triggers for the

RL risky exploration challenge. Additionally, the live network

deployment flows, especially in the context of O-RAN, have not

been addressed in detail, even in O-RAN-oriented studies. The

baselines in the reviewed studies either differ in their DRL design

choices or lack sufficient detail in their descriptions. This results

in unfair comparisons and bias towards the proposed approaches.

Finally, the reviewed studies include some impractical assump-

tions and settings, such as the ones mentioned earlier.

III. SAFESLICE: SAFE DRL-BASED INTER-SLICE RESOURCE

ALLOCATION FOR SLA-COMPLIANT O-RAN SLICING

We propose SafeSlice, a DRL-based inter-slice RA approach

that considers both cumulative and instantaneous latency con-

straints of the VR gaming slices. This is addressed by designing

a risk-sensitive DRL reward function and building a supervised

learning (SL) cost model that flexibly accommodates changes

in the latency threshold settings, respectively. We also propose

training and deployment workflows to enhance DRL safety in the

O-RAN architecture.

A. System Model

This paper addresses the downlink scenario within the radio

access segment of network slicing. In O-RAN slicing, RA focuses

on the efficient distribution of the limited physical resource

blocks (PRBs) among the approved slices, ensuring that each

slice’s specific SLA requirements are met. We follow the model

detailed below [11]:

A base station (BS) facilitates a variety of services through a

collection of virtual slices, denoted by S = {1, 2, . . . , S}. These

slices collectively utilize the available bandwidth, B. Each BS

is connected to a set of user equipments (UEs), represented by

U = {1, 2, . . . , U}. For a given slice s, there are Us associated
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Fig. 1: SafeSlice: The proposed safe DRL-based O-RAN slicing system.

users who generate a series of requests, Rs = {1, 2, . . . , Rs}.

The total demand, Ds, from these users is defined as:

Ds =
∑

rs∈Rs

drs , (1)

where drs signifies the demand of a request, rs, initiated by a

user linked to slice s. Moreover, the contribution of a slice s to

the overall traffic demand of the BS at time t is expressed as:

κs(t) =
Ds(t)

∑∥S∥
i=1

Di(t)
(2)

The allocation of PRBs among the admitted slices, S, is

represented by the vector a ∈ IRS, reflecting the percentage of

bandwidth allocated to the available slices. At the beginning of

a slicing window, Ωt, a RAN slicing controller chooses a PRB

allocation configuration, a, from the set of A possible configu-

rations, where A = {1, 2, . . . , A}. This allocation influences the

system’s performance, which is measured by the actual resource

consumption, Bconsumed ≤ B, and is constrained by the latency

requirements of the admitted slices. In our system, latency is

predominantly affected by a queue maintained for each slice s at

a BS with a maximum capacity of qsmax.

Consequently, users of a given slice share the gNB resources

allocated to such a slice equally. The number of packets arriving

for a slice’s users during the t-th transmission time interval (TTI)

of a slicing window is denoted by Hs
t , which is assumed to follow

a distribution with an arrival rate and packet size of n0 bits that

depend on the service supported by the slice. A slice’s queue

length at a TTI can be determined by [9]:

qst =
(

min
{

qst−1 +Hs
t−1 − ns

t−1, q
s
max

})

, (3)

where ns
t−1 represents the number of packets transmitted.

B. Reinforcement Learning Mapping

The state of the system is represented by each slice’s contribu-

tion to the total BS traffic during the preceding slicing window,

specifically:

κ = (κ1, . . . , κs, . . . , κS) (4)

At the beginning of each slicing window, the DRL agent per-

ceives this state and subsequently determines the PRB allocation

for every slice by selecting an appropriate action, defined as:

a = (b1, . . . , bs, . . . , bS), subject to b1 + . . .+ bS ≤ B (5)

We model the problem of inter-slice RA as a constrained

Markov decision process (CMDP) to minimize resource con-

sumption while considering the instantaneous and cumulative

latency constraints for the VR gaming service, as explained in the

next section. The cumulative, or trajectory-wise, constraint strives

to guarantee that the average of cost when following slicing

policy π̃ is below the latency threshold ϵ over a long sequence of

states and actions during which an MNO is enforcing ϵ. On the

other hand, the instantaneous, or state-wise, constraint seeks to

keep the cost associated with each network state along the slicing

policy trajectory below the latency threshold ω [5].

C. Proposed Approach

In this study, unlike most of the slicing RA literature, we

simultaneously address the cumulative and instantaneous latency

constraints. The main components of SafeSlice are highlighted

in grey in Fig. 1. Section III-D1 and Section III-D2 detail the

training and deployment workflows of our approach and its in-

teraction with the different elements of the O-RAN environment.

1) Risk-Sensitive Multi-Objective Reward Function: We de-

sign a multi-objective reward function that minimizes resource

consumption while fulfilling the cumulative constraints. To ad-

dress the cumulative latency constraints, we embed them in the

reward function as a sigmoid-based component that includes

parameters to reflect the acceptable SLAs for each slice. This

mechanism imposes penalties on the DRL agent for actions that

drive the system towards breaching the predefined acceptable

latency limits of each slice, as illustrated below:

R=

[

Wu ×

(

1−

∥S∥∑

s=1
bs

B

)

]

+

[

Wl ×
∥S∥∑

s=1
Ws × 1

1+e
c1,s × ( ls − c2,s )

]

(6)

The weights, Wu and Wl ∈ [0, 1], reflect the importance

of the goals of minimizing resource consumption and fulfilling

the latency constraints, respectively, where Wu + Wl = 1. A

[Wu = 0.5, Wl = 0.5] setting means that both goals are equally

important. The weight, Ws, reflects the priority of fulfilling the

latency requirement of slice s, and ls is the average latency

experienced by the users of slice s during the previous slicing

window. Finally, bs represents the bandwidth resources consumed

by the users of slice s out of the total bandwidth shared among

slices, B.

The impact of the function can be tuned by adjusting two

parameters, c1 and c2. Parameter c1 determines the steepness
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of the sigmoid function, thereby specifying the point at which

penalties begin to be imposed on the agent’s actions. Furthermore,

c2 denotes the inflection point, which signifies the minimum

acceptable delay performance for each slice. In this work, c2
reflects the cumulative constraint, ϵ. The values of c1 and c2 are

set for the different slices in accordance with their defined SLAs.

Latency is employed as a variable since we prioritize the delay-

sensitive VR gaming service and to enhance the interpretability

of the results. In order to avoid unsafe actions at the decision time

step level, cumulative constraints are reinforced by instantaneous

constraints, as explained in the next subsection.

2) Safety Layer: A feasible action space includes actions

leading to instantaneous latency that is less than the defined

SLA thresholds. To satisfy the instantaneous latency constraints,

we project the inter-slice RA actions generated by the RL agent

onto a feasible space. In this work, we introduce a safety layer

to the end of the inter-slice RA DRL policy’s ANN to perform

such a projection. In a given state, the slicing policy decides

an RA action and then passes it to the safety layer. Such a layer

overrides the action with the nearest feasible alternative if its cost

is expected to exceed the defined latency threshold. The safety

layer aims to solve [5]:

min
a′
t

1

2
∥a′t − at∥

2

s.t. Ci

(

κt, a
′
t, κ

′
t+1

)

≤ ωi

(7)

Here, a′t is the new feasible action, at is the original infeasible

action, Ci

(

κt, a
′
t, κ

′
t+1

)

is the cost signal under new action a′ in

state κ at time t, and ωi is the predefined instantaneous latency

threshold. This is considered a Euclidean distance projection

since the action is represented as a vector of bandwidth per-

centages allocated to each slice, as defined in Section III-B.

The new action chosen by the safety layer not only has to

satisfy the latency threshold but should also have the smallest

distance from the original action among the feasible actions.

The latter condition is primarily imposed to ensure that the

new action is closely efficient to the original one with respect

to resource consumption. A key challenge is that latency is an

implicit instantaneous constraint, and its cost function Ci(·) is

unknown. To address this problem, we propose to learn Ci(·)
using an SL approach.

3) Supervised Learning for Cost Prediction: We propose to

build and employ a supervised regression model to predict the

cost of actions given a certain state. This allows the agent to

consider the latency resulting from an action on a per-time-step

basis when allocating resources to the available slices. The cost

signal is represented in our system in terms of the average latency

experienced by a slice’s users in a slicing window as follows:

CΩt,s =
1

Us

Us
∑

u=1

LΩt,s,u (8)

where CΩt,s is the cost signal for slice s received after a slicing

window Ωt, and LΩt,s,u is the latency experienced by user u in

slice s during a slicing window Ωt.

Predicted cost (average slice latency)

LS

 Output

L1 L2t

Observed contribution to overall traffic

KSK1 K2t 

Cost model

Observed cost (average slice latency)

LSL1 L2t - 1 

 Input

Action (inter-slice RA)

bSb1 b2t 

Fig. 2: Inputs and outputs of the proposed SL cost model.

The inputs to the proposed model are the state-action pairs and

the cost signal observed from the preceding action, as highlighted

in Fig. 2. Based on these inputs, the cost model C predicts

the average latency of a slice’s users, given that the action at
suggested by the policy has been taken. This prediction reflects

the cost signal expected to be received at the end of the slicing

window, Ωt. Consequently, if the predicted cost violates the

defined latency thresholds of a slice, the cost model is used to

provide a set of feasible actions, Af defined as follows:

Af =
{

a′ ∈ A
∣

∣ Ĉi(κt, a
′) ≤ ωi, ∀i

}

(9)

The safety layer finally picks the feasible action closest to the

original action suggested by the policy as defined in (7). The

proposed approach is summarized in Algorithm 1.

Algorithm 1 Proposed Safe DRL-based Inter-slice RA

Input: trained cost regression model, C, DRL policy, π, state,

(κ1, ..., κS)t−1, slice cost, (c1, ..., cS)t−1, set of possible actions,

A, cost threshold, ωi, for each slice i

Output: closest safe action, a′t as defined in Section III-D2

1: for each deployment decision time step tdeploy = 1 to T do:

2: Compute the action suggested by the policy, at = π(κt)
3: For each slice i, predict the cost, Ĉi(κt, at) = C

∗(κt, at)
4: if there exists any slice i such that Ĉi(κt, at) > ωi then:

5: Define the set of feasible safe actions using (9)

6: Select the action a′t ∈ Af closest to at using (7)

7: else

8: Set a′t = at
9: end if

10: Execute the action a′t
11: Observe the reward, actual cost and next state, Rt, Ct, κt+1

12: Update the agent’s policy

13: end for

D. Proposed SLA-Compliant O-RAN Slicing Architecture

We propose training and deployment workflows that incorpo-

rate safe DRL as a core component of radio resource management

(RRM) in next-generation O-RANs.

1) Training Workflow: The O-RAN architecture provides flex-

ibility in collecting relevant data at different levels and timescales.

Hence, we propose to collect data that reflects the state-action-

reward-cost experience in the real O-RAN environment. This is to

be saved at the non-RT RIC, as highlighted in Fig. 1. Such data

measures the system’s reaction to the inter-slice RA decisions

made by the DRL agents. This primarily includes the reward and

cost signals received by the DRL agent after taking an RA action

given a network condition.
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TABLE I: Experiment Setup: Simulation Parameters Settings

Video VoNR VR gaming

Scheduling algorithm Round-robin per 1 ms slot

Slicing window size PRB allocation among slices every 100 scheduling time slots

BS maximum capacity 18,750 B per TTI

Latency threshold 12 ms 20 ms Pre-training: 10 ms, Testing: 10, 5 ms

Packet interarrival time Truncated Pareto (mean = 6 ms, max =
12.5 ms)

Uniform (min = 0 ms, max = 160 ms) Real VR gaming traces (mean = 11.1 - 18
ms)

Packet size Truncated Pareto (mean = 100 B, max =
250 B)

Constant (40 B) Real VR gaming traces (mean = 43.73 KB
- 58.933 KB)

Number of users Poisson (mean = 19 - 76) Poisson (mean = 38 - 152) Poisson (mean = 1 - 3)

The data is then used to train our proposed cost model, while

part of it is used to pre-train DRL agents before their deployment

in a real environment. The more data that is collected, the

closer the offline training environment resembles a digital twin

of the real O-RAN environment. This allows for a more accurate

representation of the O-RAN environment and provides historical

data to be exploited by the cost model proposed in this paper.

Since we do not have full access to real O-RAN interactions,

we follow a guided DR approach to imitate the proposed data

collection process at the non-RT RIC. Guided DR conserves com-

putational resources by avoiding training in unrealistic conditions.

Instead of randomly performing a grid search over various RAs

at different traffic levels, we use both realistic and model-based

datasets to filter the traffic levels in such a DR process. This

includes real VR gaming traces [12] and common mathematical

traffic models of voice over new radio (VoNR) and video services.

Various discretized levels of inter-slice RA actions are then

explored to compute the system response under varying network

conditions. Consequently, the collected data is used to pre-train

the DRL agents and the proposed cost model. The different

scenarios addressed in this paper are detailed in Section IV-A.

2) Deployment Workflow: Algorithm 1 and Fig. 1 summarize

the control sequence of the proposed approach. At each decision

time step t, the learner agent observes the system state via O-

RAN’s E2 interface in addition to the SLA configurations of each

slice as set by the MNO through the A1 interface. The agent

then selects an inter-slice RA configuration based on the state

representation vector reflecting the contribution of each slice to

the overall traffic as defined in Section III-B.

This step is followed by consulting the trained cost model

via O-RAN’s A1 interface. The model takes the state-action pair

in addition to the previous cost as input and predicts the cost of

such an action. If the expected cost exceeds the latency threshold

defined by the MNO, the safety layer masks actions, allowing

only those expected to have a cost below the defined threshold.

It then chooses the one with the smallest Euclidean distance to

the original action.

The action satisfying such conditions is then communicated

with the virtualized O-RAN environment via the E2 interface.

Hence, the system operates using such an inter-slice RA con-

figuration throughout the slicing window duration until the next

decision time step t + 1. The intra-slice RA, i.e., scheduling, is

performed among the users of each slice during this time. At

the end of the slicing window, the agent collects the reward and

cost signals reflecting the system’s performance with regard to

its goals and constraints. The objective of this control loop is to

allocate the PRBs efficiently while abiding by the SLAs defined

by the MNO with high probability.

IV. EXPERIMENT SETUP AND NUMERICAL RESULTS

A. Experiment Setup

In this performance study, we carry out guided DR as described

in Section III-D1. This simulates various situations a DRL agent

experiences when newly deployed to a network or when there is a

change in the network conditions. We base such a DR on models

defined in Table I. The VR gaming traces used in this paper

are based on two heterogeneous games played under different

data rate limits, as explained in [12]. We first pre-train all the

DRL agents using the train split of the three services traffic. We

then use the pre-trained policies to carry out inter-slice RA when

experiencing demands based on the test split of the generated

traffic. We evaluate the system’s performance based on these test

situations, as it is more challenging for a DRL agent to adapt

when changes happen to the network. We define traffic levels

based on the number of users in each slice and the average VR

gaming traffic demand per user per slicing window.

We also experiment with different VR gaming latency thresh-

olds to evaluate the performance of the proposed method and

baselines under changing constraints. The simulation settings,

including ranges of user counts and the slices’ latency thresholds

used in this study, are defined in Table I. With the defined

training-deployment scenarios, the test cases can be categorized

into the following four high-level classes:

1) A policy is tested in an environment with traffic demands

and latency threshold similar to the environment in which

it was pre-trained.

2) A policy is tested in an environment with traffic demands

similar to the environment in which it was pre-trained.

However, it has a more restricted latency threshold.

3) A policy is tested in an environment with traffic demands

different from the environment in which it was pre-trained.

However, it has a similar latency threshold.

4) A policy is tested in an environment with different traffic

demands and a more restricted latency threshold than the

environment in which it was pre-trained.

a) DRL algorithm: Our approach is algorithm-agnostic. We

demonstrate it by modifying the advantage actor-critic (A2C)

DRL algorithm, commonly used in the slicing literature. We refer

to such a modified version as SafeSlice. Table II highlights the

main DRL settings used in this performance study.

b) Cost Model: We use the extreme gradient boosting

(XGBoost) algorithm to build a model for slice cost prediction.
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TABLE II: Experiment Setup: RAN slicing DRL settings.

Setting Value

Reward function A2C and SafeSlice: The multi-objective re-
ward function defined in (6), SAC-L: Only the
part minimizing resource consumption in (6)

Cost definition Average latency experienced by the VR gam-
ing service users

Reward function weights Wu = 0.5, Wl = 0.5
DRL algorithm A2C, Proposed SafeSlice, SAC-L
Learning steps per run Training: 20,000 - 40,000, Testing: 10,000
Discount factor 0.7 - 0.95
Learning rate 0.0005 - 0.01
Batch size 200

XGBoost is an implementation of gradient boosting optimized

for performance, scalability, and speed in deployment, which

is our main concern. We use XGBoost implementation from

the Distributed (Deep) Machine Learning Community (DMLC)’s

GitHub repository2. In this study, we train the proposed XGBoost

cost model by combining DMLC’s XGBoost implementation

and RAPIDS cuML3, which is a suite of GPU-accelerated ML

algorithms. We employ an automated ML (AutoML) tool called

TPOT [13] to realize such a combination and train several

XGBoost models using multiple hyperparameter settings. We

configure TPOT to optimize such settings to minimize the re-

gression error of the trained models. We then follow a 5-fold

cross-validation approach and calculate the performance metrics

listed in Table III using the model with the best hyperparameter

settings among the ones tested.

c) Baselines: 1) Unconstrained A2C: we use A2C as the

unconstrained RL baseline. For a fair comparison, we use the

same reward function (6) in both the proposed SafeSlice approach

and the unconstrained A2C. 2) SafeSlice with Perfect Predictor:

We also evaluate the performance of our proposed approach

when using a perfect cost model to predict the instantaneous

cost and enforce alternative safe actions to avoid SLA violations.

3) SAC-Lagrangian: We finally adopt SAC-Lagrangian [14] as a

baseline and refer to it as SAC-L. SAC-L-based approaches have

recently been proposed in several slicing studies, as reviewed

in Section II. SAC-L combines SAC with Lagrangian methods

to address instantaneous constraints. As shown in Table II,

the SAC-L reward function is modified to exclude the latency

constraints, which are instead captured in a separate cost function

following the constrained RL framework. We also use the same

value for both cumulative and instantaneous latency thresholds,

ϵ and ω. These settings facilitate comparing methods that embed

constraints directly in the reward function with those that follow

the constrained RL approach over both short and long horizons.

B. Numerical Results

a) Cumulative Latency Performance: We first examine the

long-term average latency of the VR gaming service users in Fig.

3. SafeSlice abides by the long-term latency constraints. It instan-

taneously overrides actions that may lead to violating the defined

latency threshold. This happens at the cost of more resource

consumption than unconstrained A2C, as discussed later. SAC-

L performs poorly when the deployment environment changes,

2Available at https://github.com/dmlc/xgboost
3Available at https://github.com/rapidsai/cuml

TABLE III: Trained regression model for cost prediction.

Features

Input Observed state, inters-slice RA action, and
observed cost

Output Expected cost of the original action suggested
by the policy

Estimator XGBRegressor

Hyperparameters

Alpha 10
Learning rate 0.5
Max depth 9
Minimum child weight 14
Number of estimators 100
Objective Squared error
Subsample 1.0

Performance

RMSE on test data 4.42 (average latency ∈ [0, 50])
R-Squared score 0.94
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Fig. 3: Cumulative latency under the four traffic test categories.

especially when only one variable is modified. For instance, its

performance declines when tested with the same latency threshold

as the training environment but with different traffic demands.

Since the threshold is the same, it uses its trained policy’s ANN

as a function approximator for the optimal actions. However, the

previously unseen significant changes in traffic demands render

the ANN’s predictions inaccurate. Furthermore, the unconstrained

A2C fails to comply with the long-term constraints in all scenario

categories. This shows that embedding the constraints into a

multi-objective reward function is insufficient.

b) Violations Performance: We then investigate the number

of instantaneous violations accumulated over time in Fig. 4.

SafeSlice performs significantly better in all four categories

of test scenarios. It manages to keep a low violation rate

even when experiencing changes in traffic and latency threshold

configurations. However, it performs relatively worse when the

threshold configuration is changed than in the other situations.

This could be due to the cost model’s higher sensitivity to error

with a lower latency threshold, especially given that its RMSE

is 4.42. It may also be unable to capture the dynamics of such a

scenario compared to the others, given the training data. SAC-L

performs well only when similar conditions are experienced. It
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Fig. 4: Instantaneous violations accumulated over time.

Re
so

ur
ce

 C
on

su
m

pt
io

n 
(P

er
ce

nt
ag

e)

0
10
20
30
40
50
60
70
80
90

100

A2C

0
10
20
30
40
50
60
70
80
90

100

SAC-L

0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

Decision Time Step

0
10
20
30
40
50
60
70
80
90

100

SafeSlice

(a) Same traffic and latency threshold.

Re
so

ur
ce

 C
on

su
m

pt
io

n 
(P

er
ce

nt
ag

e)

0
10
20
30
40
50
60
70
80
90

100

A2C

0
10
20
30
40
50
60
70
80
90

100

SAC-L

0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

Decision Time Step

0
10
20
30
40
50
60
70
80
90

100

SafeSlice

(b) Same traffic, different latency threshold.

Re
so

ur
ce

 C
on

su
m

pt
io

n 
(P

er
ce

nt
ag

e)

0
10
20
30
40
50
60
70
80
90

100

A2C

0
10
20
30
40
50
60
70
80
90

100

SAC-L

0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

Decision Time Step

0
10
20
30
40
50
60
70
80
90

100

SafeSlice

(c) Different traffic, same latency threshold.

Re
so

ur
ce

 C
on

su
m

pt
io

n 
(P

er
ce

nt
ag

e)

0
10
20
30
40
50
60
70
80
90

100

A2C

0
10
20
30
40
50
60
70
80
90

100

SAC-L

0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

Decision Time Step

0
10
20
30
40
50
60
70
80
90

100

SafeSlice

(d) Different traffic and latency threshold.

Fig. 5: Resource consumption under the four test categories.

struggles to enforce instantaneous constraints when experiencing

new scenarios. It cannot adapt quickly to online changes in traffic

load and latency thresholds. The unconstrained A2C performs

almost the same in all the categories, as it only deals with

constraints as part of the reward function.

c) Resource Consumption Performance: We finally examine

resource consumption over time in Fig. 5. SafeSlice is slightly

better than the SAC-L algorithm in the four test categories. SAC-

L exhausts resources unnecessarily, and unconstrained A2C is the

best, but this comes at the considerable cost of failed constraint

enforcement. Overall, our method achieves reductions of up to

83.23% in average cumulative cost, 93.24% in instantaneous la-

tency violations, and 22.13% in resource consumption compared

to the baselines. The results also confirmed that SafeSlice has

a very close performance to that when a perfect cost model is

utilized, but the figure was omitted due to space limitation.

V. CONCLUSION AND FUTURE WORK

This paper introduces SafeSlice, a DRL approach that opti-

mizes resource consumption while adhering to cumulative and

instantaneous latency constraints. This is achieved by designing

a risk-sensitive reward function and building a regression model

that guides the DRL agent in selecting a safe action. SafeS-

lice reduces the average cumulative latency and instantaneous

latency violations with acceptable resource consumption. The

study indicates that relying solely on a multi-objective reward

function to reflect the constraints is insufficient. Although SAC-

L is frequently used in the slicing literature, the results show

that it fails to adapt its policy on the fly in dynamic O-RAN

environments. Future research should integrate multiple methods

for a comprehensive, trustworthy DRL-based solution. For in-

stance, transfer learning and constrained DRL can be combined

to enhance generalization while maintaining safety guarantees.
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