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 a b s t r a c t

Fifth-generation (5G) cellular networks promise unprecedented connectivity through ultra-low latency and high-
speed mobile broadband, driving the need for intelligent slice placement strategies in Open Radio Access Network 
(O-RAN) architectures. O-RAN promotes openness and vendor interoperability, but existing Machine Learning 
(ML)-based embedding solutions often prioritize performance metrics such as delay and availability while ne-
glecting energy efficiency. To address this gap, we propose Crown, a Reinforcement Learning (RL)-based service 
placement framework that jointly optimizes Service Level Agreement (SLA) compliance and power consumption. 
Crown extends a traditional Deep Q-Network (DQN) by integrating cross-attention layers to model complex de-
pendencies between virtualized O-RAN functions and heterogeneous physical servers, enabling more informed 
placement decisions. We evaluate Crown in a simulated O-RAN environment and compare it against state-of-the-
art RL approaches and heuristic baselines. Results demonstrate that Crown reduces power consumption by 57% 
compared to a fixed deployment and by 15% relative to a DQN without cross-attention, while meeting stringent 
latency and bandwidth requirements through action masking and achieving high slice admission rates and low 
deployment cost via its cost-aware reward design. Furthermore, we measure the inference time, showing that 
the attention-enhanced RL design remains practical for large-scale deployments.

1.  Introduction

Fifth-generation (5G) cellular networks are designed to support a 
broader range of use cases, including ultra-low latency services, high-
speed mobile broadband, and dense device connectivity. Meeting these 
demands requires a shift from the closed, black-box design of 4G to 
open, flexible architectures [1,2]. The Radio Access Network (RAN), a 
key component of cellular networks, has evolved over time from dis-
tributed RAN (D-RAN) to centralized RAN (C-RAN) and then to virtu-
alized RAN (vRAN) to meet the rising demands of a growing number 
of users [3]. However, vRAN has struggled to fully meet current 5G 
requirements [3–5]. The Open Radio Access Network (Open RAN) ini-
tiative is proposed as an evolution of vRAN, serving as the next genera-
tion of RAN technology. It’s a central part of the 5G transformation, ad-
dressing the limitations of previous, closed RAN architectures. By open-
ing up interfaces, Open RAN encourages competition among vendors, 
which helps to reduce costs and foster innovation [6]. This open archi-
tecture also facilitates the integration of intelligent components, lead-
ing to improvements like energy savings and dynamic power manage-
ment [7,8]. O-RAN disaggregates traditional RAN components into the 
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Open-Central Unit (O-CU), Open-Distributed Unit (O-DU), and Open-
Radio Unit (O-RU) to enable interoperability and innovation [9]. Addi-
tionally, the advent of 5G and Beyond 5G (B5G) networks has shifted 
Mobile Network Operators (MNOs) towards service-oriented models 
supported by network slicing. Network slicing creates multiple virtual 
networks over shared infrastructure, offering tailored service experi-
ences across domains like Enhanced Mobile Broadband (eMBB), Ultra 
Reliable Low Latency Communications (URLLC), and Massive Machine-
Type Communication (mMTC). Enabled by Software-Defined Network-
ing (SDN) and Network Function Virtualization (NFV), this architecture 
improves resource management, operational efficiency, and scalability. 
Furthermore, emerging technologies like Deep Reinforcement Learning 
(DRL) optimize service provisioning and tackle complex resource allo-
cation challenges in B5G and future 6G networks, which will integrate 
terrestrial, non-terrestrial, and cloud-based networks into a unified, in-
telligent ecosystem [10–13].

Notably, the attention mechanism is transforming the Machine 
Learning (ML) field by enabling agents to focus on the most rele-
vant features within high-dimensional environments. In networking, 
attention is increasingly applied to various problems, such as task
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scheduling [14], VNF flow graph embedding [15,16], and the VNF 
placement and routing problem [17]. Specifically, cross-attention can 
learn how two objects are correlated.

Building on these advances, several ML-based approaches have been 
proposed for slice embedding in O-RAN. Most focus on performance 
metrics such as maximizing availability or minimizing delay, often over-
looking energy consumption as a core optimization objective [18–21]. 
While energy-aware approaches do exist, they generally focus on DU ac-
tivation patterns or application-level scaling, without integrating energy 
considerations into the placement decision [22–25]. Additionally, none 
of these studies have explored cross-attention for slice placement in the 
context of O-RAN networks, leaving a gap in the joint optimization of 
performance and sustainability.

To overcome these limitations, we propose Crown, a flexible CU/DU 
placement strategy that embeds both Service Level Agreement (SLA) 
satisfaction and energy efficiency directly into the placement layer. Un-
like standard Deep-Q Networks, Crown employs a task-specific cross-
attention mechanism that jointly embeds FU-level SLA descriptors with 
heterogeneous server and link features, enabling the agent to focus on 
the most relevant infrastructure components for each requested FU. 
We further provide explainability evidence showing that Crown’s at-
tention heads specialize on distinct node- and link-level attributes, and 
that SHAP analysis confirms these are the features actually driving the 
placement decisions-whereas a plain DQN fails to identify and balance 
such relevant inputs. In our evaluation, Crown simultaneously opti-
mizes SLA compliance, energy consumption, and deployment cost by 
combining a cost- and energy-aware reward function with action mask-
ing for GOPS, latency, and bandwidth constraints. Experiments show 
that Crown reduces power consumption by 57% compared with a fixed-
deployment baseline and by 15% relative to a standard DQN without 
cross-attention, while preserving high slice admission rates and low de-
ployment cost. Moreover, inference-time measurements confirm that the 
cross-attention module introduces negligible computational overhead, 
making Crown suitable for large-scale O-RAN deployments.

The manuscript is structured in the following way: Section 2 reviews 
current state-of-the-art work concerning the placement of Functional 
Units (FUs) and methods to reduce power consumption in RANs. The 
adopted O-RAN deployment is introduced in Section 3, while we for-
mally define our problem in Section 4. Section 5 contains our DRL for-
mulation, while Section 6 shows the experimental settings and results. 
We draw our conclusion in Section 7.

2.  Related work

In the following section, we review the state-of-the-art on O-RAN 
functionalities placement and energy-aware solutions in RAN scenarios, 
highlighting the different approaches that drive the solutions.

2.1.  O-RAN functionalities placement

Many research works investigate the placement problem in the RAN 
context. The main differences lie in the processing chain considered, the 
optimization objective, and the 3GPP deployment scenario analyzed.

Some works propose Linear Programming (LP) solutions. For exam-
ple, [26] presents a Binary Integer Programming (BIP) model to opti-
mize the placement of requested FUs to maximize their availability and 
minimize downtime. In recent years, however, the focus has shifted to-
ward machine learning-based solutions. In [18], the authors propose to 
forecast the traffic requests through an LSTM, issue scaling decisions for 
each FU type, and identify the servers that satisfy computing and latency 
constraints to host the new FU instances. The processing chain comprises 
O-DU, O-CU, and nrRIC, and the scaling decision is taken through three 
different MLPs, one for each FU type. Such RL neural networks were 
trained using a synthesized dataset generated through an Integer Linear 
Programming model. The reward punishes any requirement violation 
and awards if the minimum delay is reached.

Another work [19], considers CU and DU placement in a hybrid 
cloud architecture: several edge servers are placed near the RUs and 
serve DU functions. The CU functions are placed in the regional cloud, 
which is further connected to the core network. The placement problem 
is solved through a Reinforcement Learning (RL) model, which is trained 
with Proximal Policy Optimization (PPO) with invalid action masking. 
The state space includes the physical network characteristics and on-
going slice requests. The agent can choose between accepting the slice 
and placing the corresponding FUs, or rejecting it if it would reduce the 
overall profit. The reward function is defined as the difference between 
the revenue generated from the slice and the server operational cost, 
with a reward of zero if the slice is rejected.

[20] proposes a DQN-based approach to associate the correct RU to 
the user and also find the best placement scheme of CU and DU to mini-
mize the end-to-end delay of UEs while minimizing the deployment cost 
of DU and CU FUs. The input state includes the user position and a flag 
for the satisfaction of the delay constraints. At the same time, the action 
associates the user with a specific RU and then indicates the servers to 
place O-CU and O-DU. The reward function promotes constraint satis-
faction and penalizes higher delay and processing cost.

In contrast to the previous studies, the authors of [21] solve the 
placement problem considering flexible deployment scenarios. While 
the O-DU is fixed at the edge cloud, the O-CU can be placed at the edge 
or in the regional cloud. The objective is to maximize the number of 
admitted UEs while minimizing the deployment cost. To solve this NP-
HARD problem, they develop an RNN-based model that receives the 
features of each user request as input and is trained to minimize the loss 
with respect to the ILP solution.

Similarly to them, we explore a flexible CU/DU placement, but, dif-
ferently, we propose a placement strategy that aims to reduce power 
consumption while satisfying SLA requirements. We employ a Deep Q-
Network (DQN) architecture augmented with cross-attention and feed-
forward layers, enabling the model to learn efficient placement decisions 
based on dynamic network conditions and application requirements. 
Our goal is to simultaneously satisfy stringent delay and bandwidth con-
straints, maximize acceptance rates, and minimize both server energy 
consumption and infrastructure deployment costs.

2.2.  Energy modeling

Recent research has increasingly focused on energy-efficient mech-
anisms for O-RAN. However, most solutions tackle energy optimization 
outside the placement layer, targeting specific components of the RAN 
rather than the joint placement of CU/DU functions. For example, [22] 
minimizes DU power consumption through RB-level allocation and DU 
selection using MILP. Similarly, Mollahasani et al. [23] propose an actor-
critic method that dynamically relocates RB scheduling functions and 
activates or deactivates DUs based on traffic conditions. These strategies 
effectively reduce DU-related power usage but do not address CU/DU 
placement.

Other approaches, such as ScalO-RAN [24], focus on dynamically 
scaling xApps, rApps, and dApps across distributed compute resources. 
While energy-aware, these methods optimize application-level orches-
tration, not the placement of functional units along the O-RAN process-
ing chain. Likewise, works on RU sleeping or UE-RU association [27,28] 
reduce radio-side power consumption but operate independently of 
CU/DU placement decisions.

Only a few studies consider placement from an energy perspective. 
Singh et al. [25] investigate the energy-efficient orchestration of vRAN 
by assigning DUs to Edge Processing Modules (EPMs) and CUs to Central 
Processing Modules (CPMs). However, this and similar works [29,30] 
assume a fixed deployment model in which the roles of edge and re-
gional servers are predetermined. As a result, they cannot exploit the 
benefits of flexible CU/DU placement across hybrid cloud infrastruc-
tures, nor do they incorporate server-level energy consumption into the 
placement decision.
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Fig. 1. Crown concurrently considers two possible deployments for O-RAN FUs: Scenario B and C.

To the best of our knowledge, no prior work jointly integrates flexible 
CU/DU placement, SLA satisfaction, and server-level energy awareness 
within a unified RL framework. Our solution, Crown, directly addresses 
this gap.

3.  O-RAN overview and system model

The main contribution of the O-RAN [31] standard is the disaggre-
gation of hardware and software. Traditionally, RAN components were 
proprietary, but thanks to virtualization, O-RAN functions can run on 
general-purpose hardware. O-RAN defines three components: O-RU, O-
DU, and O-CU. The disaggregation creates many possible functional 
splits defined by 3GPP [32], which determine the complexity of the 
operations at O-RU and O-DU. O-RAN Alliance selected the split 7.2x, 
as it finds a trade-off between the complexity of operations at the ra-
dio unit and the load on the fronthaul connection [9]. Specifically, the 
O-RU handles the time-domain and low-PHY operations such as FFT, 
cyclic-prefix processing, and beamforming. The O-DU is responsible for 
the high-PHY procedures–including frequency-domain processing steps 
such as channel coding, rate matching, modulation–along with the MAC 
and RLC layers. The O-CU hosts the upper-layer protocols, specifically 
RRC, SDAP, and PDCP. The architecture also includes RAN Intelligent 
Controllers (RICs) that manage network operations using AI and ML al-
gorithms. These RICs operate on two time scales: near-real-time (10𝑚𝑠 to 
1𝑠) and non-real-time (1𝑠 or more), enabling automated, data-driven net-
work optimization. O-RAN components can be hosted on a hybrid cloud 
computing platform called O-Cloud [33], providing virtualization in-
frastructure, resource management, and hardware-software decoupling. 
This cloud-based environment supports automated deployment and ef-
ficient resource sharing across different tenants. Multiple scenarios are 
envisioned for the deployment in the cloud. In particular, we focus on 
a flexible deployment of scenarios between B and C, shown in Fig. 1. 
In the former, O-CU and O-DU are both deployed in the edge cloud. In 
the latter, O-CU is placed in the regional cloud. Such flexibility is re-
quired, as the latency can be reduced by deploying FUs closer to cell 
sites and, therefore, end-users. On the other hand, regional clouds can 
be leveraged for their computational capacities, lower costs, and power 
consumption.

4.  Problem formulation

In this section, we formalize the optimization problem of O-RAN FU 
placement in our scenario. We consider a hybrid cloud architecture with 
a set of edge cloud servers 𝑆𝑒 and a set of regional cloud servers 𝑆𝑟; the 
global set of servers is 𝑆 = 𝑆𝑒 ∪ 𝑆𝑟. O-DU functions can be placed only 
in the edge cloud, while O-CU functions can be flexibly placed in edge 
or regional servers. Each server is characterized by its capacity 𝐺𝑠 in 
terms of Giga Operations Per Second (GOPS) and cost per GOPS 𝐶𝑠. The 

servers are fully connected, and each link is characterized by a distance 
𝑑𝑠𝑠′ , bandwidth 𝑏𝑠𝑠′ , and propagation delay 𝑙𝑠𝑠′ .

The propagation delay is modeled in the following way:

𝑙𝑠𝑠′ =
𝑑𝑠𝑠′ ⋅ 𝑛

𝑐
, (1)

where 𝑛 = 1.5 is the refractive index of the fiber optic cable and 𝑐 is the 
speed of light.

𝐼 slice requests are considered, belonging to URLLC, eMBB or mMTC. 
Each slice is characterized by three hard requirements: GOPS 𝑟𝐹𝑈

𝑖 , band-
width 𝑏𝑖, and latency 𝑙𝑖. These requirements constitute the slice’s SLAs 
and must be strictly satisfied for the slice to be accepted and placed.

The server resources required by the slice 𝑖 ∈ 𝐼 are estimated in the 
following way:

𝑟𝐹𝑈
𝑖 =

𝛼𝐹𝑈 (3𝐴 + 𝐴2 +𝑀 ⋅ 𝐶𝑅 ⋅ 𝐿∕3)𝑅𝐵𝑖
10

, (2)

where 𝛼 is a scaling factor of a specific functional unit FU, A identifies 
the number of antennas, 𝑀 are the modulation bits, 𝐶𝑅 is the coding 
rate, 𝐿 is the number of MIMO layers, and 𝑅𝐵 is the resource blocks. 
Based on [34], 𝛼𝐷𝑈 = 0.5 and 𝛼𝐶𝑈 = 0.1.

We model the power consumption of a server as in [25]:
𝑃𝑠 =  ⋅ 𝑃 𝑖𝑑𝑙𝑒 + 𝑃 𝑎𝑐𝑡 ⋅ 𝑙𝑜𝑎𝑑, (3)

where  is a binary variable that indicates whether the server is on/off. 
𝑃 𝑖𝑑𝑙𝑒 represents the static power, which covers the fixed costs of operat-
ing a server for as long as it remains powered on. On the other hand, 𝑃 𝑎𝑐𝑡

denotes the dynamic power consumption, which varies linearly with the 
server’s load. In our scenario, this is equivalent to:

𝑃𝑠 =  ⋅ 𝑃 𝑖𝑑𝑙𝑒 + 𝑃 𝑎𝑐𝑡 ⋅
𝐺𝑂𝑃𝑆𝑎𝑙𝑙𝑜𝑐

𝐺𝑠
, (4)

where 𝐺𝑂𝑃𝑆𝑎𝑙𝑙𝑜𝑐 corresponds to the server GOPS currently allocated to 
active slices.

Our objective is to minimize the operational cost and the energy 
consumption while maximizing the number of accepted slices. 𝑥𝐷𝑈

𝑖𝑠 , 𝑥𝐶𝑈
𝑖𝑠

are the binary decision variables that associate the functional units O-
DU and O-DU belonging to the slice 𝑖 ∈ 𝐼 to server 𝑠 ∈ 𝑆. We introduce 
an additional decision variable 𝑧𝑖𝑠𝑠′ , which indicates the placement of 
the functional units in the servers 𝑠, 𝑠′ ∈ 𝑆. See Table 1 for the complete 
list of symbols.

minimize
∑

𝑖∈𝐼

∑

𝑠∈𝑆
𝐶𝑠 ⋅ 𝑃𝑠 ⋅ (𝑥𝐷𝑈

𝑖𝑠 + 𝑥𝐶𝑈
𝑖𝑠 ) −

∑

𝑖∈𝐼

∑

𝑠∈𝑆
(𝑥𝐷𝑈

𝑖𝑠 + 𝑥𝐶𝑈
𝑖𝑠 ) (5)

s.t.
∑

𝑠
𝑥𝐷𝑈
𝑖𝑠 ≤ 1,

∑

𝑠
𝑥𝐶𝑈
𝑖𝑠 ≤ 1,∀𝑖 ∈ 𝐼 (6)

∑

𝑠
𝑥𝐷𝑈
𝑖𝑠 =

∑

𝑠
𝑥𝐶𝑈𝑖𝑠 ,∀𝑖 ∈ 𝐼 (7)

∑

𝑠∈𝑆𝑟

𝑥𝐷𝑈
𝑖𝑠 = 0,∀𝑖 ∈ 𝐼 (8)
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Table 1 
Summary of key notation.

 Symbol  Description
𝑆  Global set of servers
𝑆𝑒  Set of servers in the edge cloud
𝑆𝑟  Set of servers in the regional cloud
𝐺𝑠  GOPS capacity of server 𝑠
𝐶𝑠  Cost per GOPS of server 𝑠
𝑑𝑠𝑠′  Distance of link between servers 𝑠 and 𝑠′
𝑏𝑠𝑠′  Bandwidth of link between servers 𝑠 and 𝑠′
𝑙𝑠𝑠′  Latency of link between servers 𝑠 and 𝑠′
𝑛  Refractive index of the fiber optic cable
𝑐  Speed of light
𝐼  Set of slice requests
𝐹𝑈  Generic O-RAN functional unit
𝑟𝐹𝑈
𝑖  GOPS required by FU of slice 𝑖
𝑏𝑖  Bandwidth required by link between O-DU and O-CU in slice 𝑖
𝑙𝑖  Latency required by link between O-DU and O-CU in slice 𝑖
𝛼𝐹𝑈  Scaling factor of FU
𝐴  Number of antennas
𝑀  Modulation bits
𝐶𝑅  Coding rate
𝐿  MIMO layers
𝑅𝐵𝑖  Resource Blocks required by slice 𝑖
𝑃𝑠  Power consumption of server 𝑠
𝑥𝐹𝑖𝑠𝑈  Decision variable describing the placement of FU of slice 𝑖 in server 𝑠
𝑧𝑖𝑠𝑠′  Decision variable describing the placement of the FUs composing slice 𝑖 in servers 𝑠 and 𝑠′

∑

𝑖∈𝐼
(𝑟𝐷𝑈
𝑖 ⋅ 𝑥𝐷𝑈

𝑖𝑠 + 𝑟𝐶𝑈
𝑖 ⋅ 𝑥𝐶𝑈

𝑖𝑠 ) < 𝐺𝑠,∀𝑠 ∈ 𝑆 (9)

𝑧𝑖𝑠𝑠′ ≥ 𝑥𝐷𝑈
𝑖𝑠 + 𝑥𝐶𝑈

𝑖𝑠′ − 1,∀𝑠, 𝑠′ ∈ 𝑆, 𝑖 ∈ 𝐼 (10)

𝑧𝑖𝑠𝑠′ ≤ (𝑥𝐷𝑈
𝑖𝑠 + 𝑥𝐶𝑈𝑖𝑠′ )∕2,∀𝑠, 𝑠

′ ∈ 𝑆, 𝑖 ∈ 𝐼 (11)
∑

𝑖
𝑏𝑖 ⋅ 𝑧𝑖𝑠𝑠′ ≤ 𝑏𝑠𝑠′ ,∀𝑖 ∈ 𝐼, 𝑠, 𝑠′ ∈ 𝑆 (12)

𝑙𝑠𝑠′ ⋅ 𝑧𝑖𝑠𝑠′ ≤ 𝑙𝑖,∀𝑖 ∈ 𝐼, 𝑠, 𝑠′ ∈ 𝑆 (13)

𝑥𝐷𝑈
𝑖𝑠 , 𝑥𝐶𝑈

𝑖𝑠 , 𝑧𝑖𝑠𝑠′ ∈ [0, 1],∀𝑖 ∈ 𝐼,∀𝑠 ∈ 𝑆 (14)

Our optimization problem is subject to the following constraints: a 
functional unit cannot be placed more than once, as formulated by (6), 
and a slice is active only if both its O-DU and O-CU functions are placed, 
as in (7). Constraint (8) restricts the placement of O-DU functions to 
edge servers only. Server capacity is respected by constraint (9), which 
ensures that the total GOPS of a server assigned to slices do not exceed its 
capacity. The joint placement of functions on servers 𝑠 and 𝑠′ is captured 
by constraints (10) and (11). Network constraints are enforced through 
(12), which ensures that the allocated bandwidth does not exceed the 
link’s capacity, and (13), which restricts the use of links to those that 
satisfy the latency requirements of each slice. Finally, constraint (14) 
enforces binary values for the decision variables.

Due to its constraints, our problem can be reduced to the knapsack 
problem [35,36], which is proven to be NP-HARD. For this reason, we 
propose a DRL-based formulation to solve it.

5.  Crown algorithmic solution

Deep Reinforcement Learning (DRL) has demonstrated strong capa-
bilities in addressing complex problems without requiring prior domain 
knowledge. By leveraging neural networks as function approximators, 
DRL algorithms can learn policies that maximize expected long-term re-
turn through interaction with the environment. Solving such problems 
with reinforcement learning involves formulating them as Markov De-
cision Processes (MDPs). In the following sections, we define the key 
components of our MDP.

• State: this variable describes the environment in a certain timestep. 
It must contain all the necessary information to take an appropri-
ate action. Our state space includes information about the physical 
network (server interconnections) and the FUs to place. The phys-
ical network is represented through a matrix whose rows contain 

nodes and edge features. Specifically, servers are characterized by 
their location (edge or regional), computing capacity, current GOPS 
allocated, idle power consumption, dynamic power consumption, 
and cost per GOPS. Links between servers are characterized by their 
bandwidth, delay, and connected endpoints. The two FUs (O-DU and 
O-CU) are characterized by the GOPS required, the type of the slice 
they belong to (URLLC,eMBBor mMTC), bandwidth, and delay re-
quired for their connection.

• Action: it defines the server on which we run the functional units O-
DU and O-CU. We take two sequential actions with the same neural 
network: first, we place the O-DU and, after the state is updated, 
the O-CU. We enforce the capacity SLA through action masking and 
discard all the servers that do not have enough capacity to host the 
FUs by setting their q-values to −∞. This masking highly reduces the 
convergence time and improves the performance [37–40].

• Reward: the training procedure aims at maximizing the long-term 
reward. For this reason, the reward function corresponds to our op-
timization objective. Since we want to maximize the accepted slices 
while achieving lower costs and power consumption, we define it in 
the following way: 

𝑅 =

{

𝛼(1 − 𝐶𝑠∕𝐶𝑚𝑎𝑥) + 𝛽(1 − 𝐸∕𝐸𝑚𝑎𝑥)
−𝛾

(15)

where 𝛼, 𝛽, 𝛾 ∈ {0, 1} are some coefficients that balance the objec-
tives. If the placement is unsuccessful, e.g., the bandwidth and la-
tency SLAs are violated, the agent is penalized.
We employ a Deep-Q neural network (DQN) to perform the place-

ment decision for the two FUs enhanced with cross-attention as de-
scribed in Fig. 2.

Once the neural network receives the state as input, it computes the 
cross attention between the physical server network and the processing 
chain in the following way:

CrossAttention(Q,K,V) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥

(

𝑄𝐾𝑇
√

𝑑𝑘

)

𝑉 (16)

where 𝑑𝑘 = hidden_features∕∕n_heads. In cross-attention, 𝑄 comes from 
a projection of the FU matrix’s hidden states, and 𝐾 and 𝑉  come from 
projections of the physical network’s hidden states. The similarity be-
tween 𝑄 and 𝐾 determines matching scores, which control how much 
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Fig. 2. Cross attention for O-RAN FU embedding.

Table 2 
Servers settings for the edge cloud deploy-
ment, as from [41].

 Type 1  Type 2
 Idle Consumption (W)  200  280
 Max. Consumption (W)  657  1566

each 𝑉  contributes to the final output. This operation corresponds to in-
terrogating the physical network for the most relevant servers to place 
an FU, as represented in the final embedding used for the downstream 
task of server selection. The obtained merged embedding is then fed to 
multiple Linear layers to obtain Q-values. Such Q-values are estimates 
of the expected discounted cumulative long-term reward. At each itera-
tion, the highest Q-value index determines the action taken.

6.  Evaluation

In this section, we present the results obtained from a simulated in-
frastructure using a Python-based discrete-event simulator. We first fo-
cus on the slice acceptance ratio, the deployment cost, and power con-
sumption, demonstrating the advantages of a flexible deployment. Later, 
we compare against alternative approaches for a more complete evalu-
ation.

6.1.  Settings

The DQN was trained for 100000 steps using a learning rate of 0.0001. 
The discount factor 𝛾 was set to 0.99 to balance the importance of imme-
diate and future rewards. Training was performed with a batch size of 
256 samples per iteration. Cross-attention was computed with an embed-
ding size of 64 and 2 heads. To prevent overfitting, we set the dropout 
rate to 0.1.

To test the trained model, we built a simulation framework in 
Python. We simulate the arrival of 80 slice requests through a nega-
tive exponential distribution with a coefficient of 0.25 [18]. Each slice 
request has a random duration from 200 to 300 time units. Based on 
the slice type, the requirements can vary. For midhaul latency bounds, 
we consider random values in the following ranges, as outlined in [34]: 
for URLLC users, the latency is between 100 − 300𝜇 sec, for eMBB, it is 
set at 500𝜇 sec, and for mMTC users, the latency bound is 1000𝜇 sec. Ac-
cording to [42], we assign 50 RBs to eMBB users, 25 to URLLCand 5 to 
mMTC. Additionally, the bandwidth requirement for the midhaul links 
is of 10𝑀𝑏𝑝𝑠 [20].

To simulate a generic infrastructure, we assume a varying number 
of antennas and servers across different runs: 2 to 4 antennas, 3 to 5
edge servers, and 3 to 4 regional servers. Each edge server is situated at 
a distance of 10 km from the O-RUs and may be co-located with other 
edge servers or positioned at a maximum distance of 5 km from one 
another. Meanwhile, each regional server is located between 40 km and 

Table 3 
Radio channel parameters for simu-
lation tests.

 Parameter  Value
 MCS index [17, 28]
 Modulation Scheme 64-QAM
 Symbols per sub-frame 14
 Subcarrier 12
 MIMO layers 2
 Bits per symbol 𝑙𝑜𝑔2(64)

80 km from the O-RUs [21]. To create a heterogeneous infrastructure, 
we assign random capacities to each server within predefined ranges. 
Similar to previous studies [21,42], edge servers have a capacity range 
of 500 to 1000 GOPS, while regional servers fall within the range of 1000
to 2000.

To simulate the energy profile, we consider two types of servers. 
Type 1 is a Think System SR630 V4 equipped with an Intel Xeon 6780E
processor running at 2.2 GHz, while Type 2 is a ThinkSystem D3 Chassis
where each ThinkSystem SD535 V3 has an AMD EPYC 9845 processor 
operating at 2.1 GHz. Their characteristics are detailed in Table 2. Based 
on these features, the following power parameters are specified: 𝑃 𝑒

𝑖𝑑𝑙𝑒 ∈
[150, 200],𝑃 𝑒

max ∈ [600, 657], 𝑃 𝑟
𝑖𝑑𝑙𝑒 ∈ [250, 280], 𝑃 𝑟

max ∈ [1500, 1566]. As the 
computational characteristics of the servers vary, the cost per GOPS also 
varies, falling within these ranges: 𝐶𝑒𝑑𝑔𝑒 ∈ [1, 1.59] , 𝐶𝑟𝑒𝑔 ∈ [0.2, 0.55]. 
We assume a mesh connectivity of fiber links among all servers in the 
system. The fronthaul links have an available bandwidth of 1 Gbps, 
while edge interconnections have a random capacity ranging from 1 to 
10 Gbps, and midhaul links have a random capacity between 10 and 20
Gbps.

Additional radio parameters used in the experiments are outlined in 
Table 3. We perform 45 simulations with different seeds and report the 
confidence intervals for each graph.

6.2.  Benchmarks

• PPO: we compare against [19] that proposes a DRL solution based 
on Proximal Policy Optimization (PPO) that aims at maximizing the 
profit. It assumes that O-DU functions can be placed in the edge 
cloud, while O-CU in the regional cloud only. The reward function 
is formulated to maximize the revenue of the slice accepted and re-
duce the cost of idle servers. The state space includes the remaining 
capacity of each server, the remaining bandwidth of each transport 
link, the next sleep time of servers, and the slice request features. 
The slice request is characterized by data rate, holding time, type, 
and the RU to which the user is connected. The type of slice consid-
ered is URLLC and eMBB. The action space includes the possibility 
to reject slices to prefer more convenient ones.

• Transformer: we compare against a decoder-only Transformer that 
handles sequential data similarly to [21]. They propose a flexible 
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Fig. 3. Crown achieves comparable placement cost to PPO, while reducing power consumption and accommodating more slices.

O-CU and O-DU placement such that O-DU can be placed in both re-
gional and edge clouds based on constraints and optimization objec-
tives. The state space includes per-user features, such as its distance 
to the RU, number of RBs, MCS index, requested latency, and GOPS. 
The reward function aims at maximizing the admitted slices while 
reducing their cost. Different from [21], which trains a supervised 
RNN with a dataset constructed by solving an ILP problem, we train 
a Transformer through RL with the same state, action, and reward 
formulation as they propose.

• FF: we also compare against a non-learning-based algorithm. In par-
ticular, we implement a first-fit algorithm that sorts the servers based 
on their available resources. For the O-CU, it chooses regional if it 
finds one that satisfies the constraints; otherwise, it will choose an 
edge server. It is cost and energy-agnostic.

• DQN: we train and test a simple feed-forward DQN that is not 
equipped with a cross-attention module. Since the RL formulation 
is identical to Crown, this comparison is useful to highlight the im-
pact of our contribution to the performance achieved by the model.

6.3.  Comparison against fixed deployment

We first study the advantages of a flexible placement with respect 
to a fixed placement, such as the one proposed by PPO. Since [19] is 
designed to accommodate only eMBB and URLLC slices, we limit the 
evaluation to these types of slices for this subsection.

Fig. 3a shows the power consumption in KW. The visualization is 
capped to 50 accepted slices, which is the maximum for PPO. While 
the power consumption of PPO explodes over time, Crown keeps it un-
der control and converges to a reduction of 57% on average. We also 
evaluate and report the total incurred cost divided by the number of 
allocated GOPS in Fig. 3b. PPO does not model the deployment cost; 
however, the fixed placement of O-CU in the regional cloud automati-
cally achieves a low cost, as regional servers have more resources and, 
therefore, lower prices [20]. Despite this, Crown achieves comparable 
cost, indicating that it learns to place the O-CU effectively at the regional 
or edge level to reduce deployment cost. Finally, we compare the accep-
tance rate of the slices. PPO favors slices with higher revenue; therefore, 
many eMBB slices are rejected. However, since it can only place O-CU 
FUs in the regional cloud, which fails to satisfy the latency constraints 
most of the time, this translates to a reduced number of URLLC slices 
correctly placed. On the other hand, the flexibility of Crown translates 
into an acceptance ratio of 98.4% for eMBB 98.9% for URLLC on average. 

6.4.  Flexible placement solutions

In the next set of experiments, incoming slices will also include 
mMTC. Here, we compare against another learning solution, inspired 
by [21], a simple DQN without cross-attention and a heuristic algorithm.

Fig. 4 shows the power consumption, the cost per GOPS incurred, 
and the percentage of accommodated slices.

The First-Fit heuristic prioritizes servers with elevated available re-
sources first, by definition. This translates into a policy that places O-CUs 

in the regional when possible. This automatically results in lower costs 
(Fig. 4b) but also high power consumption (Fig. 4a), despite being ag-
nostic to these metrics. On the contrary, since we explicitly design our 
RL model to prioritize lower-priced and less consuming servers, Crown 
learns a placement strategy that further reduces the incurred cost, while 
simultaneously reducing power consumption, sacrificing only a small 
percentage of accepted slices.

The Transformer-based policy selects edge servers most of the time, 
as they easily satisfy the placement constraints. However, while this 
automatically guarantees a low energy consumption (Fig. 4a), it also re-
sults in higher deployment costs (Fig. 4b). In fact, it does not effectively 
learn to choose the regional cloud when it satisfies the constraints. This 
further translates into a placement strategy that cannot satisfy all the 
requests (Fig. 4c).

The DQN trained without a cross-attention model is able to satisfy the 
constraints and accommodate most of the slice requests (Fig. 4c). While 
it achieves comparable deployment costs to Crown (Fig. 4b), it fails to 
integrate the energy metric, resulting in higher power consumption than 
the other RL solutions (Fig. 4a).

On the other hand, Crown achieves the lowest power consump-
tion (Fig. 4a), converging to a 15% reduction with respect to a DQN 
without cross-attention. It reduces power consumption while satisfying 
98% of requests on average (Fig. 4c), indicating that it meets capac-
ity, bandwidth, and latency constraints and incurs the least deployment 
cost among the DQN and other baselines (Fig. 4b). Once again, Crown 
demonstrates that it can balance multiple objectives.

Fig. 5 offers a deeper understanding of the different policies learned 
by the two RL formulations. The Transformer model has the lowest ac-
ceptance rate among the models. In particular, it struggles with the 
placement of URLLC slices, whose latency requirements are very strict, 
and eMBB  as they require most resources. On the contrary, Crown and 
DQN, which deploy the RL formulation described in Section 5, achieve 
very high acceptance ratios across all slice types, comparable to the 
heuristic algorithm.

We now evaluate the overhead of adding the cross-attention module 
and its impact on inference time. As shown in Fig. 4d, the Transformer 
model is the slowest solution, due to its complex and deep neural net-
work made of 4 decoder layers. Instead, adding only a cross-attention 
module maintains a low inference time, slightly more than 1 𝑚𝑠, making 
Crown more scalable than the first-fit heuristic. 

6.5.  Cross attention impact

In this subsection, we focus on how cross-attention enhances the 
neural network. For this aim, we plot the attention probabilities of our 
model during inference time for two FUs of the same processing chain 
(Fig. 6). Such probabilities do not explain the reason for a given ac-
tion [43,44], mainly because multiple linear layers act after the cross-
attention to determine the neural network’s output. However, they still 
reflect how each FU attends to the physical network input. This in-
formation is later embedded and passed to the subsequent layers. To
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Fig. 4. Comparison of placement solutions in terms of (a) power consumption, (b) cost per GOPS allocated, (c) percentage of slices accepted and (d) inference time. 
Crown balances deployment cost, energy consumption, and number of allocated slices. The cross attention adds a negligible overhead in terms of processing time 
during inference.

Fig. 5. Comparison of placement solutions in terms of acceptance ratio per slice type: (a) EMBB, (b) URLLC, and (c) mMTC. Crown has almost 100% acceptance ratio 
for all types of slice.

0

Fig. 6. Heatmap representing the cross-attention probabilities. It describes how impactful physical network features are in determining FU placement, as indicated 
by color intensity.

determine if the neural network effectively uses such information, we 
apply the SHAP Explainable AI (XAI) method to Crown and the sim-
ple DQN, revealing which input features are used to make a decision 
(Fig. 7).

Fig. 6 highlights that the two heads of the attention focus on differ-
ent parts. Head 0 gives significant attention to the server features (rows 
2 − 9 of input) while head 1 also considers link features (starting at row 
10). It is also evident that the two FUs, O-DU (a) and O-CU (b), handle 
the server infrastructure differently. While it is not clear how attention 
probabilities affect the output, it is evident that they do, as the heatmap 
is correlated with the SHAP output. Fig. 7a and b represent the entire 

input, comprising both the physical network (up to row 39) and the FU 
request (row 40), and highlight the importance of a cell on the final de-
cision with more intense colors. Besides the specific FU characteristics, 
it is clear that the neural network considers the servers’ features (rep-
resented in rows 2 − 9) and some links’ metrics, in line with the cross-
attention heatmaps. In contrast, the SHAP heatmap for a simple DQN 
(Fig. 7c) shows a strong focus on a link feature, in particular the ver-
tex of the link, and demonstrates a lack of ability to focus on important 
metrics. This result suggests that the cross-attention effectively guides 
the neural network towards the most meaningful input characteristics 
to determine the action placement for a specific FU request.
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Fig. 7. SHAP output for (a-b) Crown model and (c) simple DQN. While a simple DQN cannot capture the most important metrics, Crown is guided by the cross-
attention module, whose attention probabilities align with the SHAP results.

7.  Conclusion

In this work, we introduced Crown, a cross-attention-enhanced DRL 
framework for flexible CU/DU placement in O-RAN. Crown operates un-
der a hybrid deployment model that combines Scenarios B and C, allow-
ing O-CUs to be instantiated either at the edge or in the regional cloud. 
This flexibility enables the agent to exploit the intrinsic trade-offs among 
latency, cost, and energy consumption, leading to more efficient place-
ment decisions than the fixed-deployment strategies commonly assumed 
in prior studies. At the core of Crown is a task-specific cross-attention 
module that aligns two heterogeneous information sources: (i) the re-
quested functional unit (O-DU/O-CU) and its SLA requirements (GOPS, 
bandwidth, latency), and (ii) the characteristics of the available physical 
infrastructure, including server cost-per-GOPS, idle and dynamic power, 
residual capacity, and link bandwidth/latency. By integrating this cross-
attention mechanism into a DQN, Crown learns joint embeddings that 
allow the agent to selectively focus on the server- and link-level features 
most relevant to each FU and SLA. This leads to significantly improved 
placement decisions compared to a conventional feed-forward DQN. Im-
portantly, the features emphasized by the attention mechanism are the 
same ones empirically shown to steer the agent’s decision-making pro-
cess, confirming the functional relevance of the architecture. These ben-
efits translate into substantial performance gains: Crown reduces power 
consumption by 57% compared to fixed deployment and by 15% rel-
ative to a non-attention DQN, all while maintaining comparable slice 
admission rates and deployment costs. This demonstrates that integrat-
ing cross-attention with DQN is both effective and impactful for achiev-
ing flexible and energy-aware CU/DU placement in O-RAN. Moreover, 
our measurements of inference time indicate that the attention-based 
RL framework introduces negligible overhead.

Regarding dynamic conditions, Crown is designed to operate un-
der variable network states during training, as each episode includes 
a newly generated infrastructure and sequential slice arrivals with het-
erogeneous demands. As future work, we plan to extend the state repre-
sentation with real-time indicators (e.g., traffic trends, slice expiration) 
and explore policies for functional-unit migration under changing load 
conditions. Overall, Crown shows that a flexible-deployment, attention-
guided RL strategy can significantly reduce energy consumption and 
operational cost while still meeting stringent O-RAN SLA requirements. 
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