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Abstract—Outbound traffic control in Call Center systems
requires simultaneous consideration of efficient utilization of
human resources and compliance with stringent quality re-
quirements, particularly those related to acceptable call aban-
donment levels. This paper proposes an adaptive approach
based on reinforcement learning, in which the control task is
formulated as a continuous control problem. The operational
policy is derived using the Twin Delayed Deep Deterministic
Policy Gradient (TD3) algorithm, characterized by a stable
learning process and deterministic selection of action. A simu-
lation environment and a reward function were developed to
incorporate key operational performance indicators, such as
the consultant occupancy rate (OR) and the abandonment rate
(AR). The effectiveness of the proposed solution was evaluated
using historical data from a real Call Center system, demon-
strating improved resource utilization while maintaining a high
level of service quality.

Index Terms—reinforcement learning, call/contact center
systems, outbound traffic control, TD3 model.

I. INTRODUCTION

ACTIVITIES involving direct interaction with cus-
tomers are often entrusted to specialized entities re-
ferred to as Call/Contact Center (CC) systems. In their oper-
ations, these systems employ a range of advanced solutions
designed to address increasing market demands. Such tech-
nologies include automatic speech transcription [1], virtual
assistants [2], real-time emotion analysis [3]. Many of these
solutions are fundamentally based on machine learning and
artificial intelligence techniques. They are applied in the
handling of both inbound and outbound traffic.

Focusing, in accordance with the scope of this paper, ex-
clusively on outbound traffic, it should be noted that the op-
eration of outbound campaigns takes place in an environ-
ment characterized by high operational variability. This vari-
ability results primarily from continuous fluctuations in the
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number of calls answered by customers, as well as from
changes in consultant availability occurring throughout the
working day. Under such conditions, overly aggressive con-
trol of the number of initiated calls leads to generating more
contacts than can be handled by the available staff. Conse-
quently, some customers, despite answering the call, are not
connected to a consultant within an acceptable time frame.

In this context, the problem of outbound traffic control
has been increasingly analyzed using data-driven and hybrid
approaches that extend classical queueing-based models
with learning and optimization capabilities [4]. These meth-
ods enable capturing complex relationships between call in-
tensity, customer behavior, and service capacity under non-
stationary conditions [5]. However, their practical deploy-
ment still faces challenges related to system dynamics and
real-time adaptability [6].

This typically results in an increase in one of the key
quality performance indicators (KPIs), namely the abandon-
ment rate (AR), which is an undesirable situation [7]-[9]. At
the same time, prolonged periods of consultant idle time
caused by empty waiting queues are also undesirable, as
they negatively affect the value of another key performance
indicator, namely the consultant occupancy rate (OR). This
leads to the problem of dynamically balancing these indica-
tors through appropriate operational actions within outbound
traffic control. Due to the high variability of the operating
environment, designing an effective algorithm to manage
this process constitutes a non-trivial challenge.

The outlined research problem is illustrated schematically
in Fig.1, which presents the operational structure of a Call/
Contact Center (CC) system in the context of outbound traf-
fic. As can be observed, not all calls initiated by the system,
denoted by the symbol c, are ultimately completed. The
process includes, among others, calls that remain unanswered
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by customers, for example due to call rejection or an active
voicemail system. In particular, calls are also abandoned by
customers as a result of excessive waiting time in the queue
before being connected to a consultant, which arises from
temporary consultant unavailability caused by an excessive
number of simultaneously dialed subscribers.
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Fig 1. Specifics of contact center operations in the context of outbound traf-
fic

Conversely, overly conservative control limits the number
of initiated calls. This leads to underutilization of the consult-
ant workforce and, consequently, to a decrease in OR. As a
result, the operational efficiency of the CC system is nega-
tively affected [10].

The presented outbound traffic control problem indicates
that maintaining an appropriate balance between AR and OR
constitutes a key operational challenge in CC systems. The
complexity of this issue, combined with its sensitivity to dy-
namically changing operating conditions, has led to the devel-
opment of numerous research approaches [10]-[15], which
differ both in their underlying assumptions and in the manner
in which the control process is implemented. This challenge
is also the focus of the present work. Within this study, an
innovative outbound traffic control method based on rein-
forcement learning (RL) is proposed. In particular, the ap-
proach employs the Twin Delayed Deep Deterministic Policy
Gradient (TD3) algorithm to enable continuous, adaptive ad-
justment of recommendations regarding the number of dialed
subscribers, considering the current state of consultant avail-
ability as well as the observed responsiveness of contacted
customers. To the best of the authors’ knowledge, this consti-
tutes the first attempt to apply the TD3 algorithm to adaptive
outbound traffic control in CC systems.

The remainder of the paper is organized as follows. Sec-
tion II provides an analysis of outbound traffic management
methods reported in the literature to date, with particular em-
phasis on their applicability under real operating conditions.
Section Il focuses on RL, in particular on the actor—critic
framework, of which the TD3 algorithm constitutes a repre-
sentative example. A more detailed conceptual discussion of
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this approach is presented in Section IV, while implementa-
tion details are described in Section V. The experimental re-
sults are reported in Section VI. Finally, Section VII con-
cludes the paper.

II. RELATED WORK

In contrast to inbound traffic, issues related to outbound
traffic management in CC systems remained for a long time
on the periphery of interest of both academic and business
communities. For many years, outbound calls were conducted
in a largely random manner. They were directed at broad and
unspecialized groups of recipients, without taking customer
preferences or contextual information into account. This re-
sulted in low campaign effectiveness and a negative percep-
tion of such activities by customers [7], [16], [17].

In recent years, this approach has undergone a significant
transformation. Outbound calls increasingly serve informa-
tional and supportive functions, including, among others, re-
minders about appointments, payments, or order status [18].
This has led to greater customer acceptance and contributed
to a reduction in unsuccessful call attempts, which, in turn,
has a direct impact on improving the operational efficiency of
CC systems [19].

Existing approaches to outbound traffic management have
focused primarily on three main classes of methods: analyti-
cal approaches [10], [11], simulation-based approaches [10]—
[12], and heuristic approaches [13]-[15]. Each of these
groups differs in terms of underlying assumptions, modeling
complexity, and suitability for application under dynamically
changing operating conditions of CC systems.

A. Analytical Methods

Analytical methods represent one of the oldest and most
well-established approaches used for outbound traffic control
in CC systems. These methods rely on mathematical models,
in particular queueing models of the M/G/m/m type [11] as
well as continuous-time Markov chains (CTMCs) [10]. Such
models enable the description of relationships between call
initiation intensity, consultant availability, and the risk of an
increase in AR. Based on this formulation, it is possible to
determine control parameters aimed at reducing consultant
idle time while simultaneously meeting quality-of-service re-
quirements. A key advantage of analytical approaches lies in
their high structural transparency and the possibility of unam-
biguous interpretation of operational relationships. However,
their main limitation is a strong dependence on assumptions
regarding the stability of input parameters. As a result, their
effectiveness decreases under conditions of high variability,
which are characteristic of real-world CC systems.

B. Simulation-Based Methods

Simulation-based methods complement analytical ap-
proaches in situations where the complexity of outbound traf-
fic control makes the use of strict mathematical models infea-
sible. These methods most commonly rely on discrete-event
simulation (DES). They enable realistic modeling of cam-
paign dynamics, customer behavior, and variable consultant
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availability [10]. As a result, it becomes possible to evaluate
the effectiveness of different control strategies under con-
trolled experimental conditions [12]. A significant advantage
of simulation-based methods is the ability to analyze a wide
range of operational scenarios without interfering with the
functioning CC system. Their main limitations, however, in-
clude high computational cost and the need for precise model
calibration. Consequently, these approaches are typically ap-
plied at the system design stage rather than during real-time
operational control.

C. Heuristic Methods

Heuristic methods comprise approaches in which control
decisions are made based on a set of adaptive rules, without
relying on complete mathematical models or extensive simu-
lations. Their key advantage lies in the ability to operate in
real time and to rapidly adjust the intensity of call initiation to
the current operational conditions. This enables stabilization
of the AR and OR indicators [13]. A more flexible subclass
of heuristic methods is represented by metaheuristics, in par-
ticular genetic algorithms, which allow exploration of large
campaign parameter spaces under conditions of high uncer-
tainty [14].

Heuristic approaches are also widely applied in commer-
cial solutions, where rule-based mechanisms automatically
limit the number of initiated calls in response to an increase
in AR [15]. Although heuristics offer high responsiveness and
low computational cost, their effectiveness strongly depends
on the quality of the designed rules and may be limited in sce-
narios characterized by high system dynamics.

D. Summary of Existing Approaches

The analysis of outbound traffic control methods presented
in Sections A—C shows that existing solutions are based on
different modeling paradigms. These approaches differ in
their level of formalization as well as in the scope of their op-
erational applicability. Analytical methods offer high trans-
parency and the possibility of formal interpretation; however,
they exhibit limited adaptability under non-stationary condi-
tions.

Simulation-based approaches enable realistic analysis of
complex outbound traffic scenarios by accounting for varia-
bility in customer behavior and consultant availability. It
should be noted that only in studies [10], [12], [14] were re-
sults obtained using simulations driven by data derived from
real operational logs of systems. In the remaining works, re-
sults were based on scenario-driven simulations and theoreti-
cal models, including queueing models [11] and CTMCs [13],
using synthetic data or parameters assumed a priori. In addi-
tion, scenario-based tests were carried out without the use of
real operational logs [15].

The comparison of AR and OR values presented in Table I
indicates a high variability in the reported results. The com-
parability of the methods analyzed is further limited by the
lack of consistent reporting of the number of consultants. In
some studies [10], [15], this parameter is fixed, while in oth-

ers it varies [11], [13], [14], and in certain cases it is not re-
ported at all [12]. This hinders the assessment of the stability
of solution effectiveness across a wide range of system con-
figurations and justifies the search for more adaptive traffic
control methods.

PERFORMANCE COMPARISON OFE/:I?‘]];EO{IND TRAFFIC CONTROL METHODS
Method AR (%) OR(%) No. of Consultants Lit.
M/G/m/m | 2-5 63-94 0-200 (11
CTMC 4.0 70.0 6 [10]
DES N/A 92.0 6 [10]
DES 3-5 85-92 N/A [12]
AH! 1.00-4.78 92.45-93.33 6-10 [13]
GA? 0.50-2.30 71-78 10-50 [14]
AH-CS? 0.03-2.95 84.17-97.39 10, 50 [15]

! Adaptive Heuristics, > Genetic Algorithms,
3 Adaptive Heuristics in a Commercial System

It is also worth noting that among the analyzed approaches,
only the methods presented in studies [14] and [15] meet the
regulatory requirements concerning acceptable levels of AR.
These regulations, introduced for example by Ofcom in the
United Kingdom (daily limit of 3%) [20] and by the Federal
Communications Commission (FCC) in the United States
(analogous constraints defined monthly) [21], emphasize the
importance of controlling this indicator. As a result, maintain-
ing AR and OR at levels compliant with regulatory standards
becomes a key element of effective outbound campaign man-
agement.

III. ACTOR—CRITIC METHODS FOR ADAPTIVE OUTBOUND
TRAFFIC CONTROL

Based on the results presented in Table I, a natural direction
for further consideration is the use of methods that enable
learning control strategies directly from observations of sys-
tem behavior. Such capabilities are provided by RL, in which
the control policy is shaped through interaction with a dy-
namic environment [22], [23]. This approach enables optimi-
zation of decision sequences over time, which is of particular
importance in CC systems, where each action affects future
values of the AR and OR indicators.

A key characteristic of the outbound traffic control problem
is the continuous nature of control decisions, resulting from
the need to regulate the number of initiated calls at short time
intervals. Under these conditions, RL methods based solely
on value functions, such as Q-learning [24] or Deep Q-Net-
works (DQN) [25], are not suitable, as they require discreti-
zation of the action space, leading to a loss of control preci-
sion [26]. Consequently, policy gradient methods constitute a
more appropriate choice, as they allow direct optimization of
decision strategies in continuous action spaces [22]. It should
be noted, however, that classical policy gradient algorithms
suffer from high variance of the gradient estimator, which
may result in unstable learning processes in environments
characterized by highly variable system dynamics.
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These requirements are addressed by actor—critic algo-
rithms, which constitute an extension of policy gradient meth-
ods in which the process of updating the control policy is sup-
ported by a value function estimator acting as a
critic [22], [27]. The presence of the critic enables a signifi-
cant reduction in gradient variance and stabilization of the
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IV. TD3 MODEL ARCHITECTURE

To organize the nomenclature used in this section, the sym-
bols and definitions applied in the subsequent description of
the model are introduced. Table III presents the symbols used
in the remainder of the paper along with their corresponding
descriptions.

learning process, while preserving the ability to generate con- TABLE IIL
tinuous actions. As a result, actor—critic algorithms combine LIST OF DESIGNATIONS USED
the advantages of policy-based approaches with decision Symbol Description
quality evaluation mechanisms characteristic of value-based | naGenTs(k) {1*1‘5)“”"‘1 number of consultants at time step k (both busy and
. . 1dle).
methods. Consequently, they are particularly well suited for - -
K . R . AGENTS (k The number of consultants engaged in a call at the current time
continuous control tasks subject to stringent operational re- € 0 | sep k.
quirements. SAGENTS (k) The number of consultants occupied with post-call script pro-
In practice, off-policy actor—critic algorithms are of partic- cessing at the current time step k.
ular importance for the research problem under consideration, cDELAY A constant defining the maximum time within which a customer
. i L. is expected to answer a dialed call; set to 25 seconds.
including DDPG [28], TD3 [29], and SAC [30]. This is be- — - ;
. CALLS(k The number of calls initiated at time step k, resulting from the
cause these methods employ an experience replay buffer, n Q) control decision made at time step k — 1.
which enables repeated reuse of collected Samples and im- CCALLS(K) The number of calls answered by customers at the current time
proves both the stability and efficiency of the learning pro- step k.
cess. The key properties ofthese algorithms, relevant from the aCALLS (k) The number of calls that were ﬁnitiated and successfully handled
) . by a consultant at the current time step k.
perspective of outbound traffic control in CC systems, are , ,
. . The number of automated calls, i.e., calls that were dialed but
summarized in Table II. autCALLS (k) | notanswered by the customer before the time threshold
TABLE II. c¢DELAY at the current time step k.
COMPARISON OF ACTOR—CRITIC ALGORITHMS FOR CONTINUOUS CONTROL The percentage of consultants engaged in calls at time step k,
Feature DDPG TD3 SAC cOR(k) defined as: cOR (k) = SASENTS() 46004
NAGENTS (k)
Policy type Deterministic Deterministic Stochastic - - .

- — - - The percentage of consultants occupied with post-call script
Learning stability Moderate High High SOR (k) handling at time step k, defined as: sOR (k) = %-
Action variability Moderate Low High 100%.

Overestimation bias High Low Low The percentage share of automated calls relative to the number
Computational cost Low Medium Medium/High AA(k) of %‘ﬁ??g{l)e consultants at time step k, defined as: AA(k) =
aut
Real-time suitability Moderate High Moderate MAGENTS(K) 100%
Predictability of actions Good Very good Limited The call handling success rate at time step k, defined as:
HR (k) _ CCALLS(K) |
HR(k) = nCALLS(k) 100%
The comparison presented in Table II illustrates differences The abandonment rate indicating service quality at time step k,
.. . . . J AR (k CALLS(k)—aCALLS(k
among actor—critic algorithms in terms of learning stability () defined as: AR (k) = %&,{)() 100%
and the nature of the generated decisions. In this context, . The percentage of calls handled within a predefined waiting
DDPG is characterized by low computational cost but exhib- fime threshold of two seconds.
its susceptibility to value function instability [28], as also con- avgCALLS The normalized average call duration.
firmed by comparative studies [3 1] In contrast, SAC pro- avgSCRIPTS | The normalized average duration of post-call script processing.
vides strong exploration capabilities at the expense of in- | e action policy; a rule defining how actions are selected by
C e . . e RL agent.
creased control variability, resulting from the stochastic na- - e oo ooy T Lo e e oF X
. . . . € parameters o € policy 7, 1.€., the weights o € neura.
ture of its policy [30], [31]. Against this background, TD3 ¢ network model.
emerges as a more balanced solution. It should be emphasized Q™o The action-value function associated with the policy 7.

that TD3 constitutes an extension of the DDPG method, in-
troducing mechanisms such as double critics, delayed policy
updates, and target policy smoothing. These enhancements
were designed to mitigate overestimation of the value func-
tion [29].

As a result, TD3 ensures stable and deterministic behavior
during the operational phase. This property is of key im-
portance for outbound traffic control in CC systems, where
limiting short-term decision fluctuations and maintaining AR
at levels compliant with regulatory requirements are essen-
tial [20], [21], [31]. For these reasons, the TD3 algorithm was
selected as the foundation for further work on the proposed
outbound traffic control method.

The proposed framework consists of two main compo-
nents: a data-driven CC system simulator, which includes an
operational layer representing the dynamics of the Call Center
(CC) environment, and a control layer based on a TD3 RL
agent. Their interaction is mediated by an observation model
that captures both the current system state and its recent tem-
poral dynamics. The overall structure of the system is illus-
trated in Fig. 2.

As shown in Fig. 2, the operational layer does not constitute
an independent component but is an integral part of the CC
system simulator, which reproduces the dynamics of the CC
environment, including call generation, customer behavior,
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and resource utilization. These processes are not generated ar-
tificially; instead, they are modeled using a data-driven simu-
lation approach based on historical billing data obtained from
a real-world CC system. Within the simulator, information is
aggregated from time-ordered billing records, where each rec-
ord corresponds to a single call instance. The number of initi-
ated calls nCALLS (k) determines how many records are pro-
cessed at a given time step, thereby directly linking control
decisions with the underlying data-driven representation of
the environment. In this way, the operational layer reflects re-
alistic system behavior derived from actual historical interac-
tions.

1. Call initation 3. Resource utilization state

Caonsultants: NAGENTS(k)

2. Customer behavior stage

Answered calls: cCALLS(k)

of call records Abandoned calls (queue>2s) Busy consultants: cAGENTS(k)

L AR(k) [Abandonsent Rate] —3» L cOR(k) [Occupancy Rate]
Initiated Calls: .
Woicemail / Missed: autCALLS(k)

. AA(k) [Automated Calls]

Post-call script: SAGENTS(k)

|
|
|
| L, Data-driven aggregation
|
|
|
| , sOR(k) [Seript Rate]

NCALLS(k+1)

Reaktimo tolemetry | |
[GOR(k), sOR(K), AA(k),
avgCALLS, avgSCRIPTS]

Historical logs
[HR(k-4 ... k), AR(k4 ... K)]

‘Numbcr of retrieved records
Hlsl;;camlln;;ali | E mer |

‘ (real CC system logs) h ‘

. ‘Veclors(k):[cOR(k)‘ SOR(K), AAK), HR(k4 .. K), |

‘ | AR(k-4 ... k), avgCALLS, avgSCRIPTS] | ‘

e —- —- —_— —_— —_— —_— —_— —_ - _ — — — — —_——
Action

a(k) - nAGENTS (k) 15-dimensional state vector (k)

Optimized reward:
r(k+1) = 0.5-0R(k+1)-1.5-AR(k+1)

Deterministic actor model Twin critics modal

Computes a continuous
scaling factor

A

Reduction
of overestimation bias

(_1 enalty: r(k+1)

a(k) € [@,1]

. Regulatory constraints boundary (Ofcom: AR < 3% per day / FCC: monthly limits)

Fig 2. System-level architecture of the proposed RL framework with a
data-driven CC system simulator

In this configuration, the control layer does not directly ma-
nipulate the environment in a deterministic or scripted manner
but interacts with the simulator through control decisions that
influence the number of initiated calls and, consequently, the
number of active consultants engaged in communication.
These decisions are based on a state representation that inte-
grates real-time metrics with short-term historical infor-
mation, enabling the agent to account for both the current con-
ditions and recent system dynamics.

The agent optimizes its policy by maximizing a reward sig-
nal that reflects a trade-off between service efficiency and
quality of service, in particular by promoting high consultant
occupancy while penalizing excessive call abandonment.

Detailed definitions of individual components, including
the state representation and reward formulation, are provided
in the following part of this section.

Since the control layer is realized using a RL agent, it is
essential to describe the internal architecture and learning
mechanism of the applied TD3 algorithm in greater detail.
This allows the transition from the system-level perspective

introduced above to the algorithmic level, where the decision-
making process is formally defined.

The architecture of the applied TD3 algorithm was de-
signed to support adaptive control of the number of outbound
calls in an environment characterized by high variability and
regulatory constraints [29]. The schematic of this architecture
is presented in Fig. 3. The figure illustrates the complete de-
cision-making cycle of the algorithm, starting from observa-
tion of the environment state s(k), through action generation
a(k), estimation of the action value, network parameter up-
dates, and finally the feedback signal received from the envi-
ronment. The individual components are labeled according to
the adopted convention: ¢p denotes the parameters of the actor
network, 8, and 8, represent the parameters of the critic net-
works, and € denotes Gaussian noise used to stabilize the ex-
ploration process.

A key component of the architecture is a learning agent that
continuously learns through interaction with the environment.
The state of the environment is modeled using a dedicated CC
system simulator. At each time step, the agent receives an ob-
servation vector s(k). The definition of this vector is based
on 15 variables, whose meanings are summarized in Table III.
The observation vector takes the following form:

s(k) = [cOR(k), sOR(k), AA(k), HR(k —4), HR(k —3), ..
HR(k —2),HR(k — 1), HR(k), AR(k — 4), AR(k — 3), ... (1)

AR(k — 2), AR(k — 1), AR(k), avgCALLS, avgSCRIPTS]

(k)
cOR{k)
SOR(K)

AA(K)

Critic network update

I
I
' I
I
: I
It
: I
|
i I
I
: I
I
I |
HR(k-4 ... k) ‘ s . |
ARG ||| Qy Qa0
avgCALLS ‘] < Critic 1 Critic 2 |
avgSCRIPTS || | ) |
: = ] 8.
¥ 4] o 1 ) I
I =3 I
rk+1) |0 !
I W : 376 POREN
I ' B : 61 6y |
" ! Target actor ! ! Target critic 1 | | Target critic 2 | ¢ |
: |
I : - -
: 2 | '] [’} I
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\; ; (05, 95) |
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I :
: I
It -
ekl e~ N(0,0) target Q™ |
. |
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I
I
I
I
I

Replay Buffer
|

Fig 3. Diagram of the TD3 model architecture

Vector (1) comprises the current operational parameters of
the Call/Contact Center system as well as historical values of
the HR and AR indicators, in accordance with the adopted
five-step observation horizon. Incorporating such a
short-term temporal horizon enables the agent to capture the
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dynamics of changes in the environment and to anticipate the
effects of the decisions being made.

Both the length of the time step and the number of past time
steps included in the observations are determined by the spe-
cific characteristics of outbound traffic. In the proposed solu-
tion, a time step k of five seconds is assumed, reflecting the
practical intervals at which new calls are typically initiated.
The inclusion of parameters from five-time steps (the current
one and four historical steps) is related to the commonly ob-
served maximum waiting time for a customer to answer a call,
denoted as cDELAY, which is equal to 25 seconds. In accord-
ance with service quality assumptions, it is assumed that a
customer abandons the call after a waiting time of two sec-
onds without being connected to a consultant.

Based on the observed environment state represented by
vector (1), the actor network, denoted by p, determines a de-
terministic operational decision a(k). This relationship, ex-
pressed in the context of the Call/Contact Center system, is
described by Egs. (2) and (3) [28], [32].

a(k) = pu(sk) | ¢)
la(k) - nAGENTS (k)| =

@)

©)

The expression u(s(k) | ¢) in Eq. (2) denotes the determinis-
tic actor policy function, which maps the current environment
state s(k) to a control action. The generated action a(k) is
then applied to the environment, which—according to the def-
inition of a single experience e(k + 1) given in Eq. (4)—re-
turns a pair (r(k + 1), s(k + 1)) [23].

e(k+1) = (s(k),alk), r(k+1),s(k + 1))

nCALLS (k + 1)

4)

The term r(k + 1) in Eq. (4) denotes the reward value ob-
tained after executing action a(k) in state s(k), reflecting the
quality of the applied control decision. In the considered sys-
tem, the reward parameters were defined based on service
quality requirements derived from the service level (SL). Ac-
cording to this criterion, 98% of calls should be connected
within a waiting time not exceeding two seconds. Satisfying
this requirement necessitates both a very low AR and a suffi-
ciently high OR. Therefore, the following threshold values
were adopted:

ARpax = 3%; ORpin = 70%. %)

If any of the thresholds defined in Eq. (5) is violated, the
value of the reward function is set to —1. In all remaining
cases, the reward takes the value given by Eq. (6):

K41 = -1, (AR(k) > AR,qx) V (OR(k) < ORpin)
rkt+D = {woROR(k) + WarAR(K), (AR(K) < ARpg) A (OR(K) = OR )

(6)

where wyr = 0.5 and wyz = —1.5 denote the weights asso-
ciated with OR and AR, respectively. The larger absolute
value of the weight w,z compared to wyy implies that an in-
crease in AR is penalized more strongly than changes in OR.
This design reflects the priority importance of limiting AR. In
accordance with applicable regulatory standards and quality
requirements for CC systems, AR constitutes a key parameter
for assessing service quality [20], [21]. Consequently, the
negative value of wyp explicitly favors solutions that mini-
mize AR, even at the expense of less critical changes in OR.

PROCEEDINGS OF THE FEDCSIS. RIGA, LATVIA, 2026

An important component of the TD3 architecture is the re-
play buffer (see Fig.3), in which the agent’s experiences
e(k + 1) are stored. This buffer enables random sampling
from past interactions, which significantly reduces temporal
correlations between successive observations and stabilizes
the learning process of the critic networks. By allowing mul-
tiple reuses of the same data, sampling efficiency is improved.
As a result, the agent learns from a more diverse set of expe-
riences originating from different stages of system opera-
tion [28].

To mitigate the problem of systematic overestimation of
the action-value function Q™¢, the TD3 model employs an ar-
chitecture with two independent critic networks, denoted as

ng’ and Qg:’. As illustrated in Fig. 3, the target value Q™ is

computed as the minimum of the two independent estimates
produced by the critics. Such conservative value estimation
reduces the risk of propagating overly optimistic action eval-
uations and stabilizes the update process [29].

Furthermore, to enhance the stability of the learning pro-
cess, target copies of both the actor network and the two critic
networks are employed. The target actor is denoted by f,

while the target critics are denoted as ng’ and ng. These

target networks are used to compute both the target action and
the target value of the action-value function Q™¢. The target
action in state s(k+ 1) is determined according to
Eq. (7) [28], [31].

atk+1) = f(s(k +1) | ) + € 0

The added random term & serves as a mechanism for con-
trolled exploration. The resulting target action is subsequently
used by the target critics to compute the target value of the
action-value function, denoted as Q™¢. This value is defined
as the sum of the future reward r(k + 1), weighted by the
discount factor y, and the minimum of the two available ac-
tion-value estimates produced by the double-critic architec-
ture. This relationship is expressed by Eq. (8) [29]:

Qe (s(k),a(k) = r(k+1) +vy- igﬁ'% Qg:’ (stk+1),a(k +1))

(®)
Learning of the actor network itself is based on the gradient
signal denoted as Va(k)ng’ (s(k),a(k)). This signal is com-
puted with respect to the action a(k) by the primary critic
ng’. It should be emphasized that, in the TD3 algorithm, up-

dates of the actor parameters are performed in a delayed man-
ner, i.e., not at every simulation step but only after the critic
value estimates have sufficiently stabilized. This mechanism
limits the influence of transient fluctuations in the value func-
tion on the shape of the policy [32].

Another mechanism that stabilizes the learning process is
the so-called soft update of the target network parameters.
This mechanism consists in gradually updating the parame-
ters of the target networks by blending them with the param-
eter values of the corresponding main networks. Formally,
this relationship can be expressed as [28], [31]:

D—10+(1-1)0,

©
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where w denotes the parameters of the main network, while
@ represents the parameters of the target network. The coef-
ficient 7€(0,1) defines the update rate of the parameters. A
small value of 7 ensures slow and stable propagation of pa-
rameter changes, thereby reducing the risk of instability
caused by abrupt fluctuations in value estimation. It should be
noted that this mechanism is applied both to the actor network
and to both critic networks. As a result, the target values used
during parameter updates are more smoothly varying and
more robust to oscillations [28].

The presented description of the TD3 architecture organ-
izes the key decision-making and learning mechanisms, form-
ing a coherent model for adaptive outbound traffic control.
This formulation provides a basis for transitioning from the
formal model description to the implementation layer, in
which the designed structures must be realized as concrete
software solutions.

V.IMPLEMENTATION OF THE TD3 MODEL

The implementation of the proposed outbound traffic con-
trol algorithm was carried out in Python. To this end, the
Gymnasium library was used to define the environment, while
Stable-Baselines3 was employed to provide a reference im-
plementation of the TD3 algorithm. The objective of this sec-
tion is to focus on the selection of neural network architecture
and the key algorithm parameters that determine the stability
and effectiveness of the learning process.

A. Action space

In the considered outbound traffic control problem, the
agent’s decision-making reduces to regulating the intensity of
call initiation at successive time steps. The deterministic actor
policy determines, at each time step, the action value a(k),
which takes the form of a normalized decision signal con-
strained to the interval [0,1]. This value represents the relative
level of dialing intensity and does not directly correspond to
the absolute number of calls. Only through interaction with
the environment is it mapped onto an integer quantity, inter-
preted as the actual number of calls initiated in the subsequent
time step, in accordance with Egs. (2) and (3).

Such separation of the decision-making layer from the op-
erational layer ensures the physical validity of the model, pro-
motes stability of the learning process, and makes the control
policy independent of the absolute scale of the CC system.

B. Neural Network Architecture

The neural network architecture employed in the TD3 al-
gorithm was selected to ensure a balance between approxima-
tion capability and computational efficiency [33]. Both the
actor network and the critic networks were implemented as a
multilayer perceptron, following the reference MlpPolicy ar-
chitecture provided by the Stable-Baselines3 library. The
adopted configuration consists of two hidden layers with 256
neurons each [34]. The parameters of both networks are opti-
mized using the Adam algorithm with a constant learning rate
to ensure smooth and stable convergence throughout training.

C. Exploration Mechanism

In the proposed implementation, exploration of the action
space is achieved by adding additive Gaussian noise to the
action generated by the actor during the training phase. This
noise is applied exclusively during learning and enables the
collection of diverse experiences while preserving the contin-
uous nature of the control process.

The level of exploration is controlled by the standard devi-
ation of the Gaussian distribution, which was set to ¢ = 0.15
in the presented solution. This value was selected empirically
as a compromise between convergence speed and learning
stability. The exploration mechanism can be expressed as:

aerain(k) = a(l) + k), (k) ~N(0,6%)  (10)

where a(k) denotes the action determined by the determinis-
tic actor policy, and a;.q;, (k) represents the action executed
during the training phase. The adopted value of ¢ ensures suf-
ficient variability of decisions in the early stages of learning,
while simultaneously limiting the risk of excessive fluctua-
tions as the policy stabilizes [29], [35].

The implementation of the described exploration mecha-
nism is illustrated by the code fragment presented in Listing
1. During training, the noise is automatically added to the ac-
tions generated by the actor, in accordance with the explora-
tion mechanism implemented in the Stable-Baselines3 li-
brary.

# action dimension
action_dim = env.action_space.shape[-1]

# Gaussian noise configuration for exploration

SIGMA = 0.15

action_noise = NormalActionNoise(
mean=np.zeros(action_dim, dtype=np.float32),
sigma=SIGMA * np.ones(action_dim, dtype=np.float32)

Listing 1. Configuration of the exploration noise

D. TD3 Algorithm Configuration

After defining the learning environment and the explora-
tion mechanism, the TD3 algorithm used in the experiments
was configured. The configuration primarily includes settings
related to the update rate of the target networks, the frequency
of critic updates, and the delayed update of the actor network.

In accordance with the description provided in Section B,
the MIpPolicy architecture was employed, and the config-
ured exploration mechanism presented in Listing1 was
passed to the algorithm. To stabilize the learning process, an
experience replay buffer (ReplayBuffer) was used, ena-
bling random sampling of collected observations [28], [34].

A key parameter influencing the learning dynamics is the
soft update coefficient of the target networks, which was set
to T = 0.001 in the proposed solution. The small value of this
parameter ensures slow and controlled propagation of param-
eter changes, thereby limiting the risk of instability resulting
from abrupt fluctuations in critic value estimates [28], [31].

The mini-batch size was set to batch_size = 128, repre-
senting a compromise between gradient estimator variance
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and computational cost, and promoting stable conver-
gence [28], [29], [36].

Critic updates are performed every five environment steps
(train_freq = (5, "step")), which reduces the impact of
data autocorrelation in samples drawn from the replay
buffer [28]. In addition, delayed actor updates relative to the
critics were applied with policy_delay = 2. This mecha-
nism reduces the propagation of errors in estimating the ac-
tion-value function Q"¢ (s(k), a(k)) and prevents excessive
policy optimization with respect to unstable critic evalua-
tions [29]. All computations were performed using GPU ac-
celeration.

The complete configuration of the TD3 algorithm em-
ployed in the experiments is presented in Listing 2.

model = TD3(
policy="MlpPolicy",
env=env,
action_noise=action_noise,
replay_buffer_class=ReplayBuffer,
tau=0.001,
batch_size=128,
train_freq=(5, "step"),
policy_delay=2
device="cuda",
verbose=1

)

Listing 2. Initialization of the TD3 model using an MLP policy

E. Policy Evaluation and Model Stopping Criterion

To monitor the quality of the learned policy and reduce the
risk of overfitting, an evaluation mechanism based on the
EvalCallback and StopTrainingOnRewardThreshold
classes was employed. The evaluation is performed in a de-
terministic manner, without the inclusion of exploration
noise, which allows assessment of the true quality of the con-
trol policy [22], [34].

In the analyzed implementation, evaluation is performed
once after the completion of the training process, and the ob-
tained result is compared against a predefined operational
threshold. The applied quality threshold is set to
reward_threshold = 1000 and refers to the cumulative re-
ward obtained in a single evaluation episode. Achieving this
value indicates that the system maintains correct behavior
over a substantial portion of the episode, which makes it pos-
sible to distinguish a stable and operationally useful policy
from random or accidental solutions [34], [36].

The configuration of the evaluation mechanism and the
training stopping criterion is presented in Listing 3.

The eval_freq parameter specifies the number of environ-
ment steps between consecutive invocations of the evaluation
procedure. In the configuration presented in Listing 3, its
value is set equal to the total number of training steps of the
model (total_timesteps = 10000). As a result, the evalua-
tion is executed only once, after completion of the entire train-
ing process. This approach enables assessment of the policy
quality in its final, stabilized state, without interrupting the
learning process with additional intermediate evalua-
tions [28], [34], [36].
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# Early stopping based on a quality threshold

callback_on_best = StopTrainingOnRewardThreshold(
reward_threshold=1000,
verbose=1

)

# Configuration of periodic policy evaluation
eval_callback = EvalCallback(
eval_env=env,
eval_freq=10000,
n_eval_episodes=1,
deterministic=True,
callback_on_new_best=callback_on_best,
verbose=1

)

# TD3 model training with evaluation callback
model.learn(
total_timesteps=10000,
callback=eval_callback,
log_interval=1

)

Listing 3. Configuration of the periodic evaluation mechanism

Linking the duration of the training process with the eval-
uation moment ensures that the quality assessment directly re-
fers to the final, stable version of the policy. When combined
with the training stopping criterion, this approach enables au-
tomatic termination of training upon reaching the assumed
performance level, eliminating the need for further manual
monitoring of the optimization process [34], [36].

The parameter n_eval_episodes = 1 defines the number
of episodes used in a single evaluation session. This setting is
sufficient in the analyzed deterministic environment and al-
lows for straightforward interpretation of the obtained cumu-
lative reward [22], [34].

The applied evaluation mechanism and training stopping
criterion enable an unambiguous assessment of the final pol-
icy quality and automatic termination of the learning process
once the desired level of performance has been achieved [36].

VI. EXPERIMENTAL RESULTS

The proposed solution was evaluated using historical data
obtained from a real CC system. The reference data, denoted
with the prefix R (ROR, RTT, RAR), were collected from a
production environment employing a commercial dialer
based on adaptive heuristics, which constitutes a competitive
industry-standard baseline. The control policy was trained of-
fline using data collected during periods when the system op-
erated with approximately 10 consultants. Subsequently, the
learned policy was evaluated in a simulation environment; all
results presented in the remainder of this section correspond
to a test configuration comprising 24 consultants.

Control decisions regarding the number of initiated calls
were made at time steps of five seconds, after which the up-
dated system state was analyzed. The effectiveness of the pro-
posed TD3-based approach was evaluated using two key op-
erational performance indicators, namely AR and OR.

The analysis was conducted on randomly selected
two-hour operational periods, exclusively drawn from time
intervals during which the actual number of active consultants
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exceeded 20. This criterion was adopted to ensure compara-
bility between real data and the simulation configuration, as
well as to assess the stability of the control policy under con-
ditions representative of real-world outbound campaigns with
moderate to high workload.

The analysis of the data summarized in Table IV indicates
a clear increase in the average OR from 78.27% under the
adaptive-heuristic-based baseline to 84.33% under the TD3-
based policy, corresponding to an absolute increase of 6.06%.
At the same time, an increase in the average TT was observed,
from 51.50% to 57.22%, i.e., by 5.72%. As a result, the in-
creased workload of consultants translates directly into longer
actual interactions with customers rather than merely an in-
crease in auxiliary activity.

The largest relative benefits are observed during periods of
initially low occupancy (e.g. ROR = 72%), where OR im-
proved by as much as 13%. This confirms effective filling of
workload gaps. At the same time, the average AR in the sim-
ulation was equal to 0.79%, and in more than 30% of the an-
alyzed time intervals it reached SAR = 0.00%, despite the ap-
plication of a strict customer patience threshold of two sec-
onds. This shows that the proposed solution satisfies the ap-
plicable regulatory requirements regarding acceptable AR
levels, including the limits imposed by supervisory authorities
such as Ofcom [20] and the FCC [21].

Furthermore, a noticeable reduction in the standard devia-
tion of OR from 2.93% to 1.92% in the simulation indicates
greater workload stability compared to the adaptive-heuristic-

based baseline.
TABLE V.
COMPARISON OF CC CONSULTANT TIME UTILIZATION IN PERCENTAGES
Date Time ROR RTT RAR SOR STT SAR DOR DTT DAR
[yyyymm-dd] [h] [%] [%] [%] [%] [%] [%] [%] [%] [%]

2021-03-15  10-12 83.14 60.28 2.03 85.79 62.20 1.49 2.65 192 0.54
2021-03-15  12-14 79.23 57.44 2.53 8542 61.93 0.59 6.18 4.48 1.94
2021-03-27 08-10 78.73 48.19 0.91 8539 57.24 0.00 6.66 9.05 0.91
2021-03-27 10-12 79.19 52.24 1.70 83.92 57.90 0.00 4.73 5.66 1.70
2021-03-29  08-10 78.73 52.77 4.64 8539 57.24 0.00 6.66 4.47 4.64
2021-03-29  10-12 79.19 54.04 1.22 83.92 5790 0.00 4.73 3.86 1.22
2021-03-29  12-14 77.48 45.63 2.42 84.62 49.84 0.58 7.13 420 1.84
2021-04-21  09-11 79.04 58.50 1.24 85.17 66.04 0.00 6.13 7.53 1.24
2021-04-21 11-13 75.11 50.94 2.02 83.31 58.94 0.00 820 8.00 2.02
2021-04-21  13-15 80.40 54.01 2.01 86.27 63.82 0.30 5.87 9.80 1.71
2021-04-21 15-17 84.50 56.16 2.82 86.27 59.07 2.39 1.77 291 0.43
2021-04-21 1820 81.67 54.45 5.30 83.83 57.21 436 2.16 2.75 094
2021-04-22  10-12 80.08 51.80 2.29 79.42 52.53 0.18 -0.66 0.73 2.11
2021-06-09  14-16 76.24 47.05 1.40 84.90 5594 0.83 8.66 8.89 0.57
2021-06-09  16-18 71.75 44.67 11.55 8539 54.52 1.47 13.63 9.85 10.08
2021-06-09 1820 76.90 44.00 11.04 83.26 48.83 0.00 6.36 4.83 11.04
2021-06-10  08-10 78.20 47.11 0.83 86.58 52.78 3.09 8.38 5.67 -2.26
2021-06-10  10-12 76.74 48.78 1.52 84.99 58.44 0.00 825 9.66 1.52
2021-06-10  12-14 76.36 50.55 1.50 85.56 56.11 1.19 9.20 5.56 0.31
2021-06-15  13-15 73.54 45.18 1.14 81.09 52.28 0.20 7.55 7.10 0.94
2021-06-15  15-17 74.45 49.15 0.94 83.31 54.62 091 8.87 547 0.03
2021-06-23  13-15 77.58 52.16 5.18 79.76 54.58 0.00 2.18 242 5.18
2021-06-24  08-10 81.11 56.13 1.69 86.02 61.04 0.37 492 492 132
2021-06-24  10-12 79.18 54.72 1.58 84.31 62.27 1.08 5.13 7.55 0.50

Avg 78.27 51.50 2.90 84.33 57.22 0.79 6.06 5.72 2.10

Std. 293 457 2.87 192 433 1.12 3.04 2.65 2.97

Legend: TT - talking time, ROR — real OR recorded under the adaptive-heuristic-based
commercial dialer (baseline), RTT - real TT (excluding script fill time after call), RAR -
real AR, SOR - OR obtained from simulation, STT - TT from simulation (excluding script
fill-in time after call), SAR - AR obtained from simulation, DOR = SOR - ROR), DTT =
STT — RTT, DAR = SAR — RAR

The observed relationships are further illustrated in the
plots presented in Fig. 4, which enable a visual assessment of
changes in workload and service quality over time.

B ROR {real) B SOR (simulated) E RAR (real} SAR (simulated)
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Fig 4. Comparison of Real and Simulated Performance Metrics Across
Time Intervals

VII. CONCLUSIONS

The carried out study confirms the suitability of applying
the TD3 algorithm for adaptive outbound traffic control in CC
systems. In contrast to many approaches discussed in the lit-
erature review, which are based on analytical models, static
rules, or short-term estimations, the proposed solution enables
learning a control strategy directly from the observed system
dynamics. The results indicate improved utilization of con-
sultants’ working time and an increase in the duration of ac-
tual customer interactions, while simultaneously maintaining
a low and stable AR.

The proposed approach is scalable, universal, and inde-
pendent of a specific system architecture. Therefore, in the
authors’ assessment, it can be regarded as an attractive solu-
tion for implementation in modern CC environments.
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