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Adaptive traffic signal control (TSC) under stochastic and non-stationary demand
remains challenging because of the limited temporal resolution, learning instability, and
poor interpretability of existing deep reinforcement learning (DRL) methods. This study
proposes a structurally interpretable Hybrid Multi-Head TD3 (HMH-TD3) framework
that jointly optimizes discrete signal phases and continuous green-time durations
through a unified hybrid action formulation. The actor is decomposed into multiple
behavior-specific heads inspired by self-organizing control principles, whereas an
attention-based fusion mechanism enables state-dependent adaptation and provides
diagnostic insight into the decision process. Training stability is ensured via TD3
enhancements, including twin critics, target policy smoothing, and explicit anti-
oscillation constraints. The framework is evaluated in a high-fidelity Simulation of
Urban Mobility (SUMO) environment under uniform, asymmetric, and stochastic
traffic demand. Compared with fixed-time, vehicle-actuated, and DRL baselines, the
proposed controller achieves 30—60% delay reduction, improved queue regulation, and
10-15% throughput gains in stable regimes while maintaining bounded saturations.
Ablation studies confirm the complementary contributions of hybrid action modeling

and multi-head attention to robustness and learning consistency.

1. INTRODUCTION

Urban traffic signal control (TSC) remains a core challenge
in intelligent transportation systems because of its direct
impact on congestion, delay, and network stability. While
conventional approaches, such as fixed-time signal plans
derived from historical surveys [1] and rule-based vehicle-
actuated controllers [2], provide reliable operational baselines,
they lack the adaptability required to cope with heterogeneous,
stochastic, and rapidly evolving traffic conditions.

Recent advances in deep reinforcement learning (DRL)
have demonstrated strong potential for adaptive TSC by
learning policies directly from traffic observations [3, 4]. Both
value-based and actor—critic methods have achieved
measurable improvements in delay reduction and throughput
optimization. However, several limitations hinder their
practical deployment. First, many DRL-based controllers rely
on purely discrete action spaces with predefined green
durations, which restrict temporal flexibility. Second, most
DRL policies are implemented as monolithic black-box
networks, offering limited interpretability and reducing the
trust of traffic engineers. Third, learning instability, caused by
value overestimation, delayed rewards, and non-stationary
traffic dynamics, often leads to oscillatory or unsafe control
behavior, which is particularly problematic in safety-critical
traffic systems [5-7].

Beyond these well-documented issues, a more fundamental
limitation remains unaddressed. In most existing DRL
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formulations, a single policy must simultaneously resolve
conflicting traffic objectives, such as rapid queue clearance,
saturation avoidance, and oscillation suppression. Hybrid or
parameterized-action approaches partially alleviate temporal
rigidity by enabling continuous green-time duration; however,
they retain monolithic policies that implicitly conflate these
competing behaviors, often resulting in unstable or opaque
decision-making. Conversely, multi-head or mixture-of-
experts architectures offer policy diversity and robustness but
are rarely integrated with hybrid traffic signal actions in a
principled manner, particularly in continuous-control actor—
critic frameworks.

In parallel, self-organizing traffic control paradigms have
been explored as interpretable and robust alternatives based on
local behavioral rules that yield coordinated global dynamics
[8, 9]. Although transparent and resilient under stochastic
demand, these approaches generally do not provide the
optimization capability and long-horizon planning afforded by
reinforcement learning (RL). While recent studies have
explored hybrid rule-learning frameworks, the systematic
integration of structured and interpretable behavioral
principles into continuous-control DRL architectures remains
limited. Unlike hierarchical or option-based RL methods,
which introduce additional temporal abstraction and
termination learning, this study focuses on behavioral
decomposition directly at the action-selection level without
increasing temporal complexity.

Rather than proposing a novel RL optimizer, this study
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addresses a structural limitation of continuous-control
formulations for TSC, namely, the absence of explicit
behavioral decomposition at the action-selection level. To this
end, we propose a Hybrid Multi-Head TD3 (HMH-TD3)
framework for adaptive TSC. The proposed architecture
integrates hybrid discrete—continuous action modeling with a
multi-head actor structure, in which each head specializes in a
distinct behavioral primitive inspired by self-organizing traffic
logic. An attention-based fusion mechanism dynamically
combines these primitives according to the current traffic
context, thereby enabling improved control stability and
enhanced structural interpretability.

The main contributions of this study are fourfold: (i) a
hybrid action modeling scheme that jointly optimizes discrete
signal phase selection and continuous green-time duration; (ii)
a multi-head actor decomposition, in which individual heads
specialize in complementary traffic behaviors, such as queue
clearance and saturation balancing; (iii) a context-aware
attention mechanism that coordinates behavioral primitives
while providing diagnostic insight into the decision process;
and (iv) the integration of stabilized learning mechanisms,
including twin critics, target policy smoothing, and anti-
oscillation constraints, to ensure convergence under stochastic
traffic dynamics.

The proposed HMH-TD3 controller is validated through
microscopic traffic simulations under uniform, asymmetric,
and time-varying demand scenarios. Comparative experiments
against fixed-time control (FTC), vehicle-actuated (VA) logic,
and standard DRL baselines demonstrate consistent reductions
in delay and congestion while maintaining stable signal
operation. The interpretability provided by HMH-TD3 is
structural and diagnostic in nature and does not claim a formal
causal explanation.

The remainder of this study is organized as follows: Section
2 reviews the related work on adaptive TSC and structured RL
architectures. Section 3 introduces the theoretical background.
Section 4 formulates the traffic control problem. Section 5
describes the proposed HMH-TD3 framework. Section 6
presents the experimental setup and the results. Finally,
Section 7 concludes the study and provides directions for
future research.

2. RELATED WORK

Adaptive TSC has long been studied because of its central
role in mitigating congestion and improving urban mobility.
Early studies primarily followed a self-organizing control
paradigm, modeling intersections as decentralized systems
governed by local interaction rules. Seminal studies have
demonstrated that traffic signals modeled as coupled nonlinear
oscillators can achieve emergent synchronization and robust
adaptation to fluctuating demand without -centralized
coordination [10, 11]. Subsequent rule-based extensions,
including pressure-based and extension-based strategies,
further improved scalability and resilience under stochastic
traffic conditions [12, 13]. Despite their transparency and
robustness, these approaches generally lack anticipatory
optimization and long-horizon planning capabilities.

DRL has emerged as a powerful alternative, enabling
adaptive signal control policies to be learned directly from
traffic observations [14, 15]. A wide range of DRL-based
controllers have been proposed for both isolated intersections
and large-scale networks, demonstrating significant
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improvements in delay reduction and throughput optimization
[3, 5, 7, 8]. However, most DRL-based TSC methods rely on
monolithic policy representations, are computationally
demanding, and offer limited interpretability, which constrains
their adoption in safety-critical traffic environments.

To address network-level coordination, recent studies have
incorporated attention mechanisms within multi-agent
reinforcement learning (MARL) frameworks. Graph-based
attention models capture spatial dependencies among
neighboring intersections and improve coordination efficiency
[16], whereas transformer-based and meta-learning
approaches enhance adaptability under non-stationary demand
[17-19]. Nevertheless, these methods primarily focus on
spatial attention, that is, determining where information is
aggregated, while offering limited insight into how individual
control actions are internally generated at the agent level.

Interpretability remains a critical challenge in the
deployment of DRL-based traffic controllers. More recent
intrinsic approaches expose interpretable traffic metrics and
parameterized timing decisions within the learning process [9,
20]. Early studies relied on post-hoc explanation techniques,
such as surrogate models or decision tree extraction [21, 22],
often at the expense of policy fidelity. Nevertheless,
interpretability is still frequently treated as an auxiliary
objective rather than a structural property of the controller
architecture.

Beyond traffic applications, RL research has explored
behavioral decomposition through modular policies, mixture-
of-experts architectures, and option-based frameworks,
demonstrating improved robustness and learning efficiency
through specialization [23]. However, such approaches remain
underexplored in TSC and are rarely combined with hybrid
action formulations or attention mechanisms for structurally
interpretable intra-agent decision-making. In contrast to
hierarchical or option-based methods that introduce temporal
abstraction and option termination learning, the present study
performs behavioral decomposition directly at the action-
selection level without adding temporal complexity.
Moreover, unlike mixture-of-expert models that enforce
specialization through auxiliary losses, specialization in the
proposed framework emerges implicitly through traffic-
induced constraints and attention-based arbitration.

While attention mechanisms have been widely used to
model spatial dependencies in TSC, establishing a clear
relationship between attention weights and observable traffic
dynamics remains an open challenge. Existing studies often
rely on descriptive visualizations, with limited analysis of how
internal signals correspond to observable traffic phenomena
such as queue buildup or congestion imbalance.

Recent work emphasizes the importance of linking internal
model mechanisms to observable traffic conditions. In this
context, attention-based architectures offer the potential to
provide behaviorally grounded explanations by revealing how
control decisions adapt to variations in traffic states. However,
translating these mechanisms into actionable and reliable
insights for real-world deployment remains a significant
challenge.

More recently, research has increasingly focused on
improving the deployment feasibility of DRL-based traffic
signal controllers. In particular, lightweight DRL approaches
have been proposed to reduce computational overhead through
techniques such as model compression, parameter sharing, and
efficient network design, enabling real-time inference in
resource-constrained environments. In parallel, edge-



computing-based solutions deploy learning and inference
closer to traffic infrastructure (e.g., roadside units or
intersection controllers), reducing latency and communication
costs [24]. Additionally, decentralized RL frameworks have
demonstrated strong scalability and reduced computational
bottlenecks in large-scale urban networks [25]. Nevertheless,
recent surveys emphasize that, despite strong performance,
DRL-based TSC still faces practical challenges related to
computational complexity, scalability, and real-time
constraints [1].

While these developments improve deployment feasibility,
they often introduce a trade-off between model simplicity and
control optimality, as lightweight designs may limit
representational capacity and adaptability in complex traffic
scenarios. This highlights the need for architectures that are
both computationally efficient and behaviorally expressive,
especially in safety-critical environments.

In this context, the proposed multi-head architecture offers
a structured form of parameter sharing and modular
computation, where multiple behavioral components are
learned within a unified framework. This design improves
computational efficiency while preserving expressive
decision-making capabilities, making it suitable for real-time
deployment scenarios.

Despite these advances, several gaps remain. First, self-
organizing robustness has not been systematically integrated
into continuous-control DRL frameworks. Second, attention
mechanisms in TSC predominantly address spatial
coordination rather than behavioral interpretability at the agent
level. Third, most existing approaches rely on post-hoc
explanations  rather than architecturally embedded
interpretability. To address these gaps, we propose a
structurally interpretable HMH-TD3 framework, in which
traffic control policies are explicitly decomposed into
interpretable behavioral primitives inspired by self-organizing
traffic logic and coordinated through attention-based fusion.
The proposed framework jointly addresses performance and
interpretability, with the attention mechanism providing
diagnostic insight into how control strategies adapt to evolving
traffic conditions.

3. BACKGROUND AND PRELIMINARIES

This section reviews the theoretical foundations underlying
the proposed framework, including RL in Markov Decision
Process (MDP), the TD3 algorithm for continuous control,
parameterized hybrid action spaces, and multi-head actor
architectures.

3.1 Reinforcement learning and Markov Decision Process

RL formulates sequential decision-making problems in
dynamic and uncertain environments. Adaptive TSC naturally
fits this paradigm, as control decisions must respond to
continuously evolving traffic conditions.

An RL problem is commonly modeled as an MDP, defined
by the tuple M = (§,A,P,R,y), where § denotes the state
space, A indicates the action space, P(s'|s,a) denotes the
stochastic transition kernel, R(s, a) indicates the immediate
reward, and y € [0,1] denotes the discount factor. At each
decision step ¢, the agent observes s;, selects an action a;
according to its policy m(als), receives a reward R,, and
transitions to S;,q.
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The objective is to learn an optimal policy maximizing the
expected discounted return:

Tt = argma;c E [Z ]/t:Rt:|

Tabular RL methods are impractical because of the high
dimensionality, stochasticity, and non-stationarity of urban
traffic. DRL addresses this limitation by using neural networks
to approximate value functions and policies, thereby enabling
scalable learning in complex traffic environments [26].

(1)

3.2 Twin Delayed Deep Deterministic Policy Gradient

The Twin Delayed Deep Deterministic Policy Gradient
(TD3) algorithm extends Deep Deterministic Policy Gradient
(DDPG) to improve stability and convergence in continuous-
control settings [27]. TD3 mitigates overestimation bias and
learning instability through three mechanisms.

First, clipped double Q-learning employs two independent
critics Q; and Q,, with the target value computed as:

Orger =7 +ymin(Q,(s ,a),0,(s ,a')) 2)

Second, delayed policy updates reduce variance by updating
the actor less frequently than the critics. Third, target policy
smoothing adds bounded Gaussian noise to the target action:

a' = clip(a + €, amin, Angyx), E~N(0,02) 3)
These mechanisms jointly improve robustness and make

TD3 well-suited for nonlinear and stochastic traffic control
problems, as demonstrated in recent studies [9, 28].

3.3 Parameterized action space for hybrid traffic signal
control

Adaptive TSC requires the selection of both a discrete signal
phase and its continuous duration. This hybrid decision
structure is modeled using a parameterized action MDP
(PAMDP) [29], where the action at time ¢ is defined as:

ar = (¢r, Ar) “4)
where, @, € {1, ..., M} denotes the selected phase and A€
R* indicates the associated green-time duration.
Parameterized actions enable fine-grained temporal control
without inflating the action space and reduce oscillatory
behavior compared to purely discrete formulations [29, 30].
The concrete realization of this hybrid structure is described in
Section 5.3.

While PAMDP provides a general framework for hybrid
decision-making, existing hybrid-action methods such as
PADDPG [31], related traffic formulations [9, 32], and hybrid
PPO variants typically rely on end-to-end differentiable
architectures, where discrete and continuous components are
jointly optimized.

In TSC, such formulations may lead to unstable or
physically inconsistent decisions, including rapid phase
switching or infeasible phase sequences, as no explicit
mechanism is designed to enforce operational constraints such
as minimum green time or phase persistence.

Compared to these approaches, the proposed method



introduces three key structural differences: (i) a semi-
differentiable optimization scheme restricting gradient
updates to continuous parameters; (ii) a critic-driven discrete
selection mechanism ensuring feasibility and operational
validity; (iii) a multi-head policy with attention-based fusion
enabling behavioral specialization (e.g., queue dissipation vs.
flow balancing) and adaptive arbitration.

This design improves temporal stability and reduces
oscillatory behavior under realistic traffic constraints. Unlike
monolithic hybrid policies, it captures heterogeneous traffic
patterns through specialized behavioral components.

These properties are consistent with the experimental
results (Section 6), which show reduced phase-switching
frequency and improved traffic stability compared to baseline
methods.

Overall, the proposed framework constitutes a domain-
specific structural extension of hybrid-action RL, designed to
enhance stability, structural interpretability, and operational
realism under dynamic and safety-critical traffic conditions.

3.4 Multi-head actor architectures

Multi-head actor architectures enhance robustness and
exploration by decomposing the policy into multiple
specialized sub-policies [33, 34]. A shared encoder feeds H
actor heads, the outputs of which are combined through an
attention-based weighted fusion:

a,= Za (s, )7 (s,) (5)

where, ;(s;) denotes the output of the i-th actor head and
a;(s;) denotes its corresponding attention weight. This
weighted combination is performed in the latent action space
before any discrete decision-making. The attention
mechanism fuses continuous latent representations produced
by the policy heads rather than averaging discrete phase
indices, which would be physically meaningless. This design
preserves semantic validity while enabling smooth
coordination among heterogeneous behavioral primitives.

By allowing individual heads to specialize in
complementary traffic control strategies (e.g., queue
clearance, delay balancing, or platoon accommodation), the
multi-head formulation improves policy robustness under non-
stationary traffic conditions. Moreover, the attention weights
a;(s;) provide a diagnostic signal indicating the dominant
behavioral strategy activated for a given traffic state. This
interpretation remains structural and does not imply causal
attribution. The integration of this architectural principle
within the proposed HMH-TD3 framework is detailed in
Section 5.6.

4. PROBLEM DEFINITION

This section formalizes the adaptive TSC problem
addressed in this study. We define the intersection model,
admissible signal phases, hybrid control actions, and control
objective used for RL.

4.1 Intersection model

We consider an isolated four-leg urban intersection
regulated by an adaptive traffic signal controller. Traffic
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dynamics are simulated using the microscopic Simulation of
Urban Mobility (SUMO) environment, which captures
realistic car-following and lane-changing behaviors under
stochastic demand conditions.

Let £ denote the set of incoming lanes:

L=l dy | ©)

Each lane [ € £ is characterized by time-varying traffic
attributes, such as queue length, waiting time, occupancy, and
discharge flow. These variables evolve according to stochastic
and nonlinear traffic dynamics, which are driven by signal
timing, vehicle interactions, and demand fluctuations. Virtual
loop detectors provide full observability of these quantities at
each control interval.

The traffic system is modeled as an MDP with state
transitions governed by:

P(sts1lse ar) (7
capturing the inherent stochasticity and non-stationarity of
urban traffic. An overview of the closed-loop traffic control
architecture, including the intersection layout, sensing
infrastructure, and hybrid decision process, is illustrated in
Figure 1.

Signal Phases ¢,

Data -

5 ) Headl Head2 HeadN
: (Queug, Delay, Flow) “ = =2

Y -_ ' Attention Fusion
Dat:
(Queue Dzl:.y ow) a = (py, Ae)
' ' a L Jre reward
b S
d I TD3

e

State Inputs(S;) —»  Hybrid command (¢,,4,)

Figure 1. Closed-loop architecture of the proposed Hybrid
Multi-Head TD3 (HMH-TD?3) traffic signal control (TSC)
framework

4.2 Signal phases and hybrid control actions

The traffic signal operates over a predefined set of
admissible phases as follows:

(D:{¢19¢2""9¢M} (8)

Each phase corresponds to a compatible set of traffic
movements consistent with standard urban intersection design
principles (Figure 2).

Following the PAMDP formulation introduced in Section
3.3, the control action at each decision epoch consists of
selecting a discrete phase ¢@; € ® and an associated
continuous green-time duration. In SUMO, continuous
duration decisions are operationalized through a green-hold
mechanism, whereby the selected phase is maintained for a
duration that is proportional to the executed command.

All phase transitions comply with standard safety
constraints, including minimum green times, fixed yellow



intervals, and all-red clearance periods, ensuring a physically
plausible and safe signal operation [9, 16]. The hybrid phase—
duration action execution a; is integrated within the closed-
loop architecture shown in Figure 2.

JLILJC I
AEEAE AT

== Permitted movement === Conflicting stream |

Figure 2. Protected signal phase configurations for the
modeled intersection

4.3 Control objective and reward function

The objective of adaptive TSC is to optimize both the
selection and duration of signal phases to improve intersection
efficiency under time-varying demand. This involves
maximizing vehicle discharge and mitigating congestion and
excessive delays.

The immediate reward at time step ¢ is defined as:

7—\)7 = Wleeh (t)_ WZQ/en (t) - WSVVtime (Z) (9)

where, Np,(t) denotes the number of discharged vehicles,
Qien () indicates the mean queue length across all incoming
lanes, and Wy, (t) denotes the mean waiting time across all
lanes at time ¢. For consistency, these quantities correspond to
the aggregated variables gq; and 4t; defined in Section 5.2.

This reward formulation promotes high throughput while
penalizing queue accumulation and delays, yielding a smooth
and well-conditioned optimization landscape [18, 35]. These
properties are critical for stable learning in stochastic traffic
environments and motivate the use of the hybrid TD3
framework introduced in Section 3. All quantities are
computed from aggregated lane-level measurements as
described in Section 5.2.

5. PROPOSED METHODOLOGY

The proposed methodology is based on an enhanced actor—
critic RL framework tailored to a hybrid discrete—continuous
TSC. The design targets learning stability, operational
plausibility, and robustness under non-stationary traffic
dynamics, while enabling fine-grained adaptive signal timing.
The core architectural components and learning mechanisms
are described in Section 5.6.

5.1 Simulation environment and interface

The learning environment is implemented in the
microscopic traffic simulator SUMO, which provides a high-
fidelity platform for emulating urban traffic dynamics [36].
Although the physical intersection layout is defined in Section
4.1, this section focuses on its integration within the RL loop.

Agent—environment interaction is realized via the traffic
control interface (TraCI), which enables synchronous access
to traffic state measurements and signal execution at each

decision epoch. At each control step ¢, SUMO returns
aggregated traffic indicators derived from the incoming lanes
(as defined in Eq. (6)), including queue dynamics, throughput,
occupancy, and delay-related measures obtained from virtual
loop detectors.

The simulator captures nonlinear and time-varying traffic
regimes ranging from free-flow to near-saturation, including
platoon dispersion, shockwave propagation, and congestion
spillback. The controller operates in a closed-loop perception—
action cycle: The agent observes the current traffic state,
outputs a hybrid control action, and SUMO applies the
corresponding signal configuration before advancing the
simulation. This synchronous interaction constitutes the
operational backbone of the proposed HMH-TD3 controller
[37-39].

5.2 Observation space

The observation space is constructed from the lane-level
traffic variables defined in Section 4.1, where the set of
incoming lanes is denoted by L = {11,12,..l|£|}. At each
decision epoch t, the environment returns a state vector s; €
R? composed of aggregated macroscopic indicators:

St = [/LTft, Ow (®), 4, Oq ®), St) Smax ®), nt] (10)

All components of s, are obtained by aggregating lane-level
measurements over the incoming-lane set L, ensuring
consistency with the intersection model introduced in Section
4.1. Each lane [ € L is associated with time-varying traffic
attributes measured by SUMO detectors. Let V;(t) denote the
set of vehicles present on lane [ at time t, and let N,(t) =
[V, ()| denote its cardinality.

The average waiting time on lane [ is defined as:

1
w® =g D, @ an

ievy(t)

where, w; (t) represents the accumulated time during which
vehicle i travels below a threshold speed. If N;(t) = 0, we
define w;(t) = 0 to avoid undefined values. Similarly, the
queue length on lane [ is defined as the number of vehicles
with speed below a threshold v, (typically 0.1 m/s) q;(t) =
I{i € V(&) : vi () < ven}l.

These lane-level quantities are then aggregated across all
incoming lanes to form the macroscopic state representation.

The mean waiting time across lanes is defined as:

1
@, =mz w(£) (12)

and its variability (population standard deviation across lanes)
is given by:

leL

1
ow(t) = \/mZ(wl(t) — wy)? (13)

The mean queue length and its variability are defined as:

7=t ()= a2

lel lel




Following this, a normalized saturation ratio is defined for
each lane as:

_ q,(?)

1

5 (2) (15)

where, q]*** denotes the maximum admissible queue capacity
of lane [, typically derived from lane length and average
vehicle spacing. This definition provides a proxy of congestion
relative to the physical storage capacity of the lane, which is
particularly relevant for capturing spillback effects in urban
intersections.

The saturation-related quantities are then aggregated as
follows:

5, = L ZS/ ()58 (t) = max,_.s,(t)

2 (16)

To improve robustness to sensing uncertainty, a Gaussian
noise term 7,~N (0, 0.%,;s.) is injected during training. This
noise is disabled during evaluation. Each feature x(t) € s; is
normalized using a clipped z-score transformation as follows:

#(r)= clip{%,—c,cj (17)

where, u, and s, denote running estimates of the mean and
standard deviation of feature x, and c is a clipping threshold.
This normalization mitigates outliers under congested
conditions and stabilizes gradient propagation during learning
[4, 16, 27].

5.3 Hybrid action space

The controller operates in a parameterized hybrid action
space that jointly models discrete phase selection and
continuous green-time modulation. The hybrid action defined
in Section 3.3, a; = (@, A;), is parameterized through a latent
actor output d; = (I;, 4;), which is subsequently mapped to
executable control variables. At each decision epoch ¢, the
actor outputs a latent action:

ar = (le, pe) (18)
where, I, € RM denotes the logits associated with the M
admissible signal phases and u, € [—1,1] is a continuous
scalar controlling the green-time duration [4, 27, 37]. The
discrete phase is selected via:

_ argmax
O = ieqr,..mlei (19)
The continuous duration command is obtained through

affine mapping as follows:

(ue +1)

5 (20)

Ar= Apin + (Amax — Dmin)

The hybrid action is executed in SUMO using a green-hold
mechanism, whereby the selected phase ¢, is maintained for a
duration proportional to A;. This implementation preserves
continuous timing flexibility while remaining compatible with
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the simulator’s discrete phase execution model. The
optimization of this hybrid action space is detailed in Section
5.5.

5.4 Reward function

This section specifies the normalized reward formulation
used for actor—critic optimization, derived from the control
objective defined in Section 4.3. At each decision step (7), the
simulator provides the instantaneous throughput N, (t),
mean queue length Q.,(t), and average waiting time
Wtime(t)- For consistency, Nveh(t): Qlen(t) and Wtime(t)
correspond to the aggregated traffic variables defined in
Section 5.2, with Q. (t) = g and Wi, (t) = 4. Each
metric is mapped to a bounded range using:

x(t)

£() = tanh (5 Q1)

where, the scaling factors k, are selected based on empirical
ranges observed in simulation. The resulting normalized
reward is defined as:

R; = w, tanh <Nveh (t)) — w, tanh (Qlen (t))
(22)

thr queue
—w, tanh (thme (t)>
kwait
where, wy,w,,w; >0 are fixed weighting coefficients
inherited from the control objective.

This bounded formulation limits the influence of extreme
congestion values, improves numerical conditioning of the
critic, and promotes stable convergence under stochastic
traffic dynamics [36-40]. The following section focuses on the
optimization implications induced by the hybrid discrete—
continuous structure of the action space.

5.4.1 Reward scaling and sensitivity analysis

The weighting coefficients (w1, w2, ws) and normalization
factors (kx € {Kktnr kqueues kwait}) were determined based on
empirical ranges observed in preliminary simulations. Typical
traffic conditions exhibit queue lengths within the range of 0—
20 vehicles and waiting times up to approximately 120 s,
which guided the selection of scaling parameters to ensure
balanced contributions across reward components, consistent
with common practices in RL-based TSC [3, 14, 26].

The normalization factors are chosen such that the
transformed variables operate within the quasi-linear region of
the hyperbolic tangent (tanh) function under nominal
conditions. This preserves sensitivity to traffic variations
while preventing early saturation under high congestion,
thereby improving numerical stability and learning robustness
in DRL systems [1, 35].

Due to the bounded and smooth nature of the tanh
transformation, the reward exhibits limited sensitivity to
moderate perturbations in both scaling factors and weighting
coefficients. Variations on the order of +10-20% primarily
affect the trade-off between throughput and delay, without
significantly impacting convergence behavior or learning
stability. Such robustness is particularly desirable in stochastic
traffic environments, where variability in traffic demand can
amplify learning instability [39, 41]. These observations were
consistent across all demand scenarios.



Furthermore, the bounded normalization mitigates the
influence of extreme values and prevents any single metric
from dominating the reward signal, which is beneficial under
highly dynamic traffic conditions [1, 39].

This robustness is further supported by consistent
convergence patterns across multiple random seeds and
demand scenarios (Section 6.5). Overall, the proposed
formulation does not rely on finely tuned hyperparameters to
achieve stable learning. A systematic sensitivity analysis is left
for future work.

5.5 Hybrid
considerations

action space and differentiability

The proposed controller follows the PAMDP formulation,
which couples discrete action selection with continuous action
parameters. This structure naturally fits TSC, where each
decision consists of selecting a signal phase and specifying its
green-time duration. Since TD3 is inherently designed for
continuous control, specific adaptations are required to
accommodate this hybrid action space.

Building upon the formulation introduced in Section 5.3, the
actor outputs a latent action d@; = (I, 4), which is mapped to
the executed hybrid action: a; = (¢, A;). The discrete phase

is selected as @; = ;& le.i» and the continuous duration A,
is obtained from y, through the affine transformation defined
in Eq. (20).
The actor's objective is defined as:
J(07) = Es,.p[Q(s¢, [onehot(¢,); Ac]] (23)
Applying the chain rule, the gradient is:
aQ dA,  0Q do;
Vo J(6,) =By . plmm+——=—Vg ! 24
0,] (0r) = Eg,p 38,00, " g, a1, ox't (24)

Due to the argmax operator, discrete phase selection is non-
differentiable [9, 32]. Since argmax is piecewise constant and
has zero gradient almost everywhere, we adopt a stop-gradient
formulation ¢, = stop_gradient(argmax(l;)), which yields
0¢;/0l; = 0. Consequently, the discrete term vanishes, and
the gradient propagates exclusively through the continuous
component A,.

In the absence of gradient updates, the discrete phase
component is optimized indirectly through critic-driven
selection dynamics. The critic evaluates state—phase—duration
tuples, and phases associated with higher Q-values are selected
more frequently, increasing their frequency in the replay
buffer. This induces an implicit greedy policy improvement
mechanism over the discrete action space [9].

To ensure sufficient exploration during early training,
stochasticity is introduced at the logit level by injecting
Gaussian noise before the argmax operation. This promotes
adequate exploration of the discrete action space before
convergence toward deterministic policies.

Following the TD3 framework, target policy smoothing is
applied during critic updates [27, 28]. In the proposed
formulation, bounded Gaussian noise is added exclusively to
the continuous duration parameter, while the discrete phase
remains unchanged. This preserves the physical validity of
signal phases and avoids introducing unsafe or infeasible
transitions.

Overall, the proposed semi-differentiable optimization
scheme provides a stable and well-posed framework for
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learning hybrid discrete—continuous policies within TD3,
while ensuring operational validity under realistic traffic
control constraints. A detailed derivation and implementation
are provided in Section 5.6.4, ensuring clarity and
reproducibility of the training procedure.

5.6 Hybrid Multi-Head TD3 architecture

The proposed controller builds upon the Twin Delayed
Deep Deterministic Policy Gradient (TD3) framework [27]
and is specifically adapted to the hybrid discrete—continuous
decision structure of TSC. The architectural design addresses
three key challenges: (i) representing diverse control
strategies, (ii) stabilizing the value estimation under stochastic
traffic dynamics, and (iii) preventing oscillatory timing
behavior. To this end, the framework integrates a multi-head
actor with attention-based fusion, twin critics with policy
smoothing, and domain-specific stabilization mechanisms.

5.6.1 Multi-head actor with attention fusion

The actor network adopts a multi-head structure inspired by
ensemble and policy diversification approaches [41, 42]. A
shared encoder maps the observation state s, into a latent
feature vector h;, which is passed to H independent policy
heads:

m;(sy) = fithy),i=1,..,H (25)

Each head generates a candidate latent action and is
encouraged to specialize in distinct behavioral primitives (e.g.,
queue clearance, delay balancing, congestion dissipation). An
attention mechanism computes adaptive fusion weights:

exp (g;(ht))
?:1 exp (gi(ht))

a;(se) = (26)

where, g; denotes a lightweight scoring network. The final
latent action is obtained as follows:

H

G = ) alsom(s)

i=1

27

This formulation maintains policy diversity during training
while enabling context-dependent selection of behavioral
primitives, thereby improving robustness and providing
diagnostic insight into policy behavior under heterogeneous
traffic conditions [41].

The attention weights provide a structural and diagnostic
indication of how behavioral primitives are combined under
different traffic conditions. However, they do not constitute a
causal explanation or formal feature attribution in the sense of
explainable Al

5.6.2 Twin critics and policy smoothing

Value estimation follows the TD3 framework, which is
adapted to the parameterized hybrid action space. Two
independent critics, Q; and Q,, are maintained to mitigate the
overestimation bias. The target value is computed using the
clipped double-Q formulation:
(28)

Qtarget = 1¢ + ymin(Q1(Se+1, @' ¢41), Q2(Se4+1, @' t41))

Target policy smoothing is applied during critic updates by



adding bounded Gaussian noise only to the continuous
duration component, as detailed in Section 5.6.4. This
regularization prevents the exploitation of sharp Q-function
peaks and suppresses abrupt green-time variations while
preserving the integrity of the discrete phase decisions. Actor
updates are delayed, as prescribed in TD3, to ensure that the
policy gradients rely on stabilized value estimates.

5.6.3 Warm-up and anti-oscillation mechanisms

Learning in hybrid discrete—continuous action spaces is
particularly sensitive to cold-start instability and abrupt policy
fluctuations. To mitigate these effects, the proposed controller
incorporates a structured warm-up phase, followed by explicit
anti-oscillation mechanisms.

During the initial training episodes, a structured exploration
strategy is employed, combining random discrete phase
selection with bounded noise injection on the continuous
duration parameter. This strategy promotes broad state—action
coverage and stabilizes early critic learning by preventing
premature convergence to suboptimal timing patterns [4].

During execution, two complementary constraints are
enforced to ensure a physically plausible and stable signal
operation. First, a minimum-hold constraint guarantees that
once a signal phase is activated, it remains active for a
minimum duration consistent with traffic engineering
standards, thereby preventing rapid and unsafe phase toggling.
Second, the raw green-time duration A; is filtered using an
exponential moving average to produce the executed duration:

Agmoothz

BA + (1= RPATTYO 0<p <1 (29)

This temporal smoothing compensates for noisy DRL
action outputs, reduces oscillatory signal behavior, and yields
smoother control trajectories in hybrid discrete—continuous
settings.

5.6.4 Replay buffer and training updates

Training is performed off-policy using a replay buffer D
that stores transition tuples (s¢, at, 13, S¢41, d¢). Uniform mini-
batch sampling reduces temporal correlations and improves
sample efficiency.

The twin critics are updated by minimizing the Bellman
error using clipped double-Q learning:

ye =1 +y(1 —dy) min;_ , Qgi’(st+1' a'cir) (30)
where the target action is defined as:
a,t+1 = [OnehOt((pt+1);A;:+1]' (31)

Ati1 = clip(Dpsq + € Appiny Binax), e~V (0, 02)

Target policy smoothing is applied exclusively to the
continuous duration A;,;, while the discrete phase @;,;
remains unchanged to preserve the categorical structure.

The actor is updated in a delayed manner by maximizing the
expected value estimated by the primary critic:

VB,-[](HT[) = Esp [Ve,,Qel (s¢, [onehot (¢); A]] (32)

Due to the non-differentiability of the argmax operator used
for phase selection, a stop-gradient formulation is adopted, i.e.,
0¢;/0l; = 0. Applying the chain rule, the policy gradient
decomposes into:

460

9Q 9@,

S0 3L vgnl] (33)

Vo On) = Boyp [ Vo, b + e

Since dg,/0l, =0,
continuous component:

the policy gradient reduces to the

aQ

Veﬂ](gn) = IEst~I) [ﬁ
t

VgnAt] (34)

The discrete phase component is therefore optimized
indirectly through critic-driven selection dynamics, where
phases associated with higher Q-values are selected more
frequently, inducing an implicit greedy policy improvement
over the discrete action space.

To ensure sufficient exploration during early training,

stochasticity is introduced at the logit level ['°*Y = [, + ¢,
€, ~N(0,02).
This promotes adequate exploration of the discrete action
space before convergence toward deterministic policies.
To further clarify the training procedure, the actor update
can be summarized as follows:
# Forward pass:
Compute logits and duration (I;, A;) = 7 (s;)
# Discrete phase selection (non-differentiable):
Add exploration noise: [['°"*” = I, + €,,,~N (0, 67)
Select Phase: ¢, = argmax({]**Y)
Detach discrete branch ¢, = stop_gradient(¢;)
# Critic evaluation
Compute Q-value: Q.. = Q; (s, onehot(¢.),A;)

# Actor update
Lactor = —Qual-mean()
97{ < 97{ - anvenLactor

Gradients propagate only through A,, while the discrete
phase ¢, receives no gradient updates.
Finally, target networks are softly updated:

010+ (1-1)0',0<1tK1 (35)

This decoupled update scheme provides a stable and well-
posed optimization framework, where continuous parameters
are learned via gradient descent and discrete decisions evolve
through value-based selection.

5.7 Training pipeline and algorithm

The training pipeline defines the interaction between the
SUMO simulation environment and the proposed HMH-TD3
controller, enabling stable off-policy learning under stochastic
and nonlinear traffic dynamics. Training follows the TD3
actor—critic scheme and integrates warm-up exploration,
replay-based updates, multi-head policy optimization, and
periodic evaluation.

Training is conducted episodically. At the beginning of each
episode, the environment is reset according to the specified
demand scenario. At each decision step, the agent observes the
current traffic state and selects a hybrid control action
composed of a discrete signal phase and a continuous green-
time duration. During an initial warm-up period, exploratory
actions are applied to populate the replay buffer and stabilize
early critic learning. Once sufficient experience is collected,
actions are generated by the learned multi-head actor and
executed using the green-hold mechanism.

Learning updates follow the TD3 schedule. Twin critics are



updated at every step using mini-batches sampled from the
replay buffer, whereas actor updates are performed at a lower
frequency to improve stability. Target networks are
synchronized via soft updates. Policy performance and
generalization are periodically assessed in deterministic
(noise-free) evaluation mode using traffic-level metrics, and
internal policy behavior can be analyzed through attention-
weight evolution.

During training, exploration noise and target policy
smoothing are applied exclusively to the continuous duration
component, whereas discrete phase selection is evaluated
through the critic without gradient propagation. The complete
training procedure is summarized in Algorithm 1.

Algorithm 1. HMH-TD3 for Traffic Signal Control
Input: SUMO environment €, episode limit N,
maximum steps per episode T, actor network gy with H
heads, critic networks Qg,, Qg,, replay buffer D.
Initialize: Target networks 6’ « 6, Critic targets 6,

« 60,, 0 « 0,, Replay buffer D = @, smoothed duration
Agmoothz 0.

For episode k=1 ...N,, do
Reset SUMO, observe initial state s,
Fort=0...T-1do

a. Action Selection
If the warm-up phase then
Sample ¢, uniformly from @
Sample A, uniformly from [A,;in, Apax]-
Else (use learned policy):
Compute latent action: d,— Y1, a;(s)m;(s,)
Decompose a; = (I3, 1t)
Select discrete phase: ¢, =

argmax ;
ie{1,.,M} ‘i
(ue+1)

2 (Amax -

Map duration: A= A, +
Amin)
Endif
Apply temporal smoothing:
Agmooth: ﬂAt + (1 _ ﬁ)AfT{mth
b. Environment Step
Execute action a, = [onehot(¢,); AS™0°"],
observe (Sg4q, 7, dy)-
c. Store transition:
Add (s¢, a;, 1, S¢41,de)  to buffer D.
d. Critic Updates
Sample mini-batch B € D
For each (sj, a;, 7, Sj 41, dj) in B do
Compute target action from target actor:
@, #}) = Ty (Sj+1)

/ _argmax y
Pj = ietr..m bii
(kj+1)
Aj= Apin + 2 (Aax — Din)

Apply target policy smoothing (duration only):
A; = clip(B; + €, Apin , Anax ), € ~N(0,07)
Form target action: a'; = [onehot((p}); Al
Compute target:
yj =7 +v(1 = dj) mini=y ; Qg (sj41, ')
End for
Update the critic by minimizing, for i € {1,2}:
2
Li = Sjes(Qo(5.4) — )
e. Delayed Actor Update
If t mod 2 =0 then
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1
0«0+ a,Vy EZJ'EB Qo, (sj, [onehot(wj); Aj])
Endif
f. Soft Target Update
0«16+ (1—1)0'
0, <10, + (1 —1)0;,i € {1,2}
If d; = 1 then break Endif
End For

Periodically evaluate the policy in noise-free mode.
End For

6. EXPERIMENTAL SETUP AND EVALUATION

This section describes the experimental protocol used to
evaluate the proposed HMH-TD3 controller in a controlled
microscopic traffic simulation environment. The evaluation
focuses on delay reduction, congestion mitigation, throughput,
and control stability under stochastic and time-varying
demand regimes.

6.1 Simulation environment and protocol

Experiments were conducted using the SUMO 1.18.0
microscopic traffic simulator, which was interfaced via TraCl
with a simulation step of 1 s. The controlled network
corresponds to the isolated four-leg intersection defined in
Section 4, with identical geometry, detector placement, and
signal constraints across all experiments. Vehicle dynamics
follow the Krauss car-following model, and signal operations
respect standard safety constraints, including minimum green
times, a 3 s yellow phase, and a 2 s all-red clearance.

To ensure full reproducibility, fixed random seeds were
applied to all the stochastic components (SUMO, Python,
NumPy, and PyTorch). Each experiment was repeated over
five independent runs (seeds: 42, 123, 2024, 7, and 888), and
the results are reported as mean values with standard deviation
bands. To further ensure the robustness of the reported results,
statistical significance tests are conducted across runs, as
detailed in Section 6.5.

6.2 Traffic demand scenarios

Traffic demand was generated using non-stationary Poisson
arrival processes over 3600 s episodes. Three representative
regimes were considered:

Uniform demand: balanced arrivals across all approaches
with rates (A € [Apin) Amax] vER/R/lane).

Asymmetric demand: one dominant approach with
(Amajor » Aminor) » Stressing prioritization and spillback
prevention.

Stochastic demand: time-varying arrivals following
sinusoidal or step-based profiles A(t) = Ay + Asin(wt)
capturing rapid transitions and short-term disturbances.

6.3 Baseline methods for comparison

The proposed controller is benchmarked against four
baselines spanning classical, rule-based, and RL methods:
FTC: A pre-timed plan with fixed cycle lengths and splits
computed offline, serving as a non-adaptive, lower bound.
VA: A rule-based controller adjusting green times based on
detector gaps, providing limited heuristic responsiveness.
Deep Q-Network (DQN): A discrete RL controller selecting



phases from a fixed set without continuous duration control,
representing standard discrete RL approaches.

Standard TD3 (Single-Head): A continuous actor—critic
baseline using the same hybrid action space but a single MLP
actor. This baseline isolates the structural impact of the multi-
head attention mechanism under identical training conditions.
However, we note that the multi-head architecture introduces
additional parameters, which may partially influence
performance. This aspect is further discussed in Section 6.6.

6.4 Performance metrics

Performance is evaluated using standard traffic-engineering
and RL metrics computed from lane-level SUMO
measurements [4, 5, 16]. All metrics are directly derived from
the macroscopic state variables defined in Section 5.2 (Egs.
(10)-(17)).

Operational efficiency: Three indicators are used to
quantify traffic efficiency.

Average queue length (veh): The average queue length
measures congestion intensity as the temporal mean of the
aggregated queue length q;, introduced in Eq. (14):

(36)

t=0

where, T denotes the total number of decision steps in the
evaluation episode.

Average waiting time (s/veh): The average waiting time
captures the mean delay experienced by vehicles and is
defined as the temporal average of the aggregated waiting time

@, (Eq. (12)):
(37)

Intersection throughput (veh/h) is defined as the rate of
vehicles successfully discharged from the intersection:

_ Mxit

TH X 3600 (38)

sim

where, V,,;; denotes the total number of vehicles exiting the
network during the simulation time Ty;,, (in seconds).

Congestion and control stability: To monitor congestion
buildup and safety-critical operating conditions, the Saturation
Ratio (%) is analyzed based on the definition in Eqs. (15)-(16).
The mean saturation and the maximum saturation are
computed as temporal averages of 5, and S, (1)
respectively.

T-1
1
Smax = ? Z Smax (t) (39
t=0

These metrics capture both global congestion levels and
localized spillback effects. In addition, learning stability
indicators, including episodic return, actor and critic loss
trajectories, and update variance, are analyzed to assess the
convergence behavior and robustness to noise, following
standard continuous-control RL practices [27].

Deployment feasibility: Practical deployability is assessed
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using two metrics. Phase switching frequency (switches/h)
assesses signal smoothness and operational plausibility. The
frequency of phase transitions is computed as:

Mwitch

X 3600

(40)

Fowiten = -

sim
where, N;,itcn 1 the total number of phase changes during the
simulation. This metric ensures compliance with anti-
oscillation constraints described in Section 5.6.3.
Computational efficiency (ms/decision) measures the average
inference time per control step to confirm real-time feasibility.

6.5 Results and discussion

This section evaluates the learning dynamics, traffic-level
performance, and internal policy behavior of the proposed
HMH-TD3 controller across three demand scenarios. The
analysis integrates training dynamics (Figure 3), multi-head
diagnostics (Figure 4), traffic-level performance metrics
(Figure 5), and attention—traffic alignment (Figure 6) to
provide a comprehensive understanding of both performance
and internal policy structure.

Learning dynamics and convergence: Training exhibits a
consistent two-phase pattern (Figure 3). The initial exploration
phase (Episodes 1-60) is characterized by high return
variance, reflecting active exploration of the hybrid phase—
duration action space. Stabilization occurs after approximately
80-120 episodes, followed by steady convergence between
Episodes 300 and 500, with overall return improvements of
35-45%. Actor and critic losses remain bounded and smooth
across all scenarios, confirming that TD3 stabilization
mechanisms effectively handle the hybrid semi-differentiable
action formulation. These results demonstrate that discrete
phase selection and continuous duration control can be reliably
learned within an off-policy actor—critic framework.

Traffic-level performance: The learned policy translates
into significant operational improvements (Figure 5). Mean
waiting time decreases from values exceeding 40 s to stable
levels between 7 and 12 s across all demand regimes.
Simultaneously, throughput increases by approximately 10—
15%, reaching 0.30-0.32 veh/s, while queue length and
saturation remain within stable, non-critical ranges.

These results indicate that performance gains arise from
adaptive and anticipatory signal timing rather than short-term
reward exploitation. The controller effectively balances
responsiveness and phase persistence, avoiding oscillatory
behavior while maintaining efficient traffic flow. As shown in
Figure 4, different attention heads exhibit distinct activation
patterns associated with specific traffic regimes (e.g.,
congestion clearance vs. flow stabilization), contributing to the
balanced performance observed in Figure 5.

Computational efficiency: As defined in Section 6.4, the
average inference time per decision step is 8.7 = 1.2 ms for the
proposed HMH-TD3 controller, measured over five
independent runs under identical experimental conditions on a
desktop-class CPU (Intel Core i7 @ 3.0 GHz or equivalent),
without GPU acceleration.

For comparison, the single-head TD3 and DQN baselines
require 6.1 £ 0.9 ms and 4.3 + 0.7 ms per decision,
respectively, while rule-based controllers (VA and FTC) incur
negligible computational overhead (< 1 ms per decision).

Despite the additional complexity introduced by the multi-
head architecture and attention-based fusion, the proposed



controller remains computationally efficient. All methods variance across runs and the absence of inference spikes
operate well below the 1 s control interval used in the further indicate stable and predictable deployment behavior.
simulation environment, confirming real-time feasibility. Low
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Architectural analysis and diagnostic insight: The multi-
head structure enables an implicit functional decomposition of
the control policy (Figure 4). Different heads exhibit distinct
activation patterns across scenarios, indicating differentiated
behavioral roles that are further analyzed in the attention-
traffic alignment study (Figure 6). The attention mechanism
dynamically combines these components, resulting in smooth
transitions and reduced oscillatory control. While these
attention weights do not provide feature attribution or causal
explanation, they offer a structured and behaviorally grounded
diagnostic view of how policy components are activated over
time.

Attention—traffic alignment analysis: To investigate
structural interpretability, we analyze the relationship between
traffic dynamics and attention allocation (Figure 6). The
dominant attention head is identified as the one exhibiting the
highest Pearson correlation with normalized queue length.

The results reveal a consistent alignment between
congestion dynamics and internal policy weighting. Periods of
queue buildup coincide with increased activation of the
dominant attention head (Figure 6(a)-(c)), with positive
correlations across all scenarios (» = 0.58 for asymmetric
demand, » = 0.47 for stochastic demand, and r = 0.43 for
uniform demand).

This relationship is further supported by the correlation
heatmap (Figure 6(d)), confirming a structured and non-
random association between traffic states and attention
weights across heads and scenarios.

To assess robustness, a permutation test was conducted by
randomly shuffling the queue signals. The resulting
correlations collapse to near zero (mean = 0, p = 0.001),
demonstrating that the observed alignment is not due to
spurious temporal correlations.
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These findings suggest that the policy exhibits a structured
functional organization, where specific heads specialize in
congestion-sensitive regimes. While this does not provide a
causal explanation or feature attribution, it offers a diagnostic
characterization of policy behavior, supporting the notion of
structural interpretability.

Interestingly, the strength and nature of this alignment vary
across demand scenarios. Under asymmetric demand, the
alignment is stronger and more stable, reflecting predictable
congestion patterns. In contrast, stochastic demand induces
more dynamic attention reallocation, while uniform demand
results in more evenly distributed attention across heads. This
indicates that the learned policy adapts its internal
representation to the statistical structure of the environment.

Statistical significance analysis: Paired t-tests were
conducted across five independent runs for key performance
metrics, including waiting time, queue length, throughput, and
saturation. The results show consistent improvements in
waiting time and queue length across all scenarios, although
these differences do not reach statistical significance at the 5%
level, likely due to limited statistical power.

However, effect sizes are moderate to large in several cases
(e.g., Cohen’s d > 1), indicating meaningful and consistent
performance differences that are not fully captured by p-values
alone.

In contrast, statistically significant differences are observed
in throughput when compared to DQN (p < 0.05), reflecting a
trade-off between throughput maximization and traffic
stability.

Overall, these results indicate that the observed
performance trends are consistent across runs and not
attributable to random variability, while highlighting the
inherent stability—efficiency trade-off in TSC.
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6.6 Ablation study

A controlled ablation study was conducted to quantify the
contribution of each architectural component of the proposed
HMH-TD?3 controller under the three traffic demand scenarios
described in Section 6.2. In each experiment, one component
was removed while all other training conditions and
hyperparameters were held constant, enabling controlled
attribution of performance variations. The analysis is based on
learning dynamics (Figure 3) and internal policy diagnostics
(Figure 4), and aggregated traffic-level metrics (Figure 5).

Hybrid action parameterization: The effect of continuous
duration control was evaluated by comparing the full model
with a discrete-only TD3 variant using fixed green time.
Removing the duration modulation led to slower convergence
and degraded traffic performance across all scenarios, with
increased delays and reduced throughput. Degradation was
most pronounced under stochastic demand, where limited
temporal flexibility constrained adaptation to rapid traffic
fluctuations. These results indicate that continuous green-time
modulation contributes to responsiveness and performance
stability under non-stationary conditions.

Multi-head actor: To assess policy diversification, the
multi-head actor was replaced with a single-head TD3
architecture while maintaining identical critics and action
spaces. The single-head variant exhibited a higher variance in
the learning curves and reduced robustness under asymmetric
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and stochastic demands. This variability was reflected in less
stable traffic-level performance, with larger oscillations in the
queue lengths and waiting times. These observations show that
multi-head decomposition supports behavioral specialization
and stabilizes policy optimization.

Attention-based fusion: Replacing the attention
mechanism with uniform averaging across policy heads
resulted in lower cumulative returns and weaker adaptation to
asymmetric traffic patterns. Without adaptive weighting,
behavioral responses become less differentiated across traffic
contexts, reducing the ability to prioritize critical maneuvers,
such as clearing saturated approaches. This highlights the role
of attention-based fusion in context-aware policy coordination
and diagnostic behavioral weighting.

Stabilization mechanisms: Joint removal of TD3
stabilization components (twin critics, delayed updates, and
policy smoothing) and domain-specific anti-oscillation
constraints caused unstable learning dynamics, increased
gradient variance, excessive phase switching, and reduced
throughput. Under high demand, the resulting control behavior
becomes operationally unstable, degrading the intersection
performance. These findings indicate that stabilization
mechanisms are essential for maintaining a realistic and robust
signal control.

Summary of findings: Overall, the ablation results indicate
that the proposed components are complementary rather than
additive. As summarized in Table 1, their joint integration is



required to achieve stable learning dynamics and balanced

traffic performance across diverse demand regimes.

Table 1. Ablation study: Component-level insights

Removed Primary Dominant
Component Failure Traffic Key Insight
P Mode Impact
Fine-grained
Contmyous Reduced Higher delay, timing .control is
duration adaptabili lower essential under
control P R4 throughput non-stationary
demand
Increased Performance Policy
Multi-head . degradation diversification
learning .
actor . under improves
variance
asymmetry robustness
Adaptive
. Loss of Poor. weighting
Attention- scenario- enables
. context . ) .
based fusion specific diagnostic
awareness .
adaptation strategy
selection
Excessive Stabilization is
e Unstable o .
Stabilization . switching, required for safe
. learning
mechanisms . throughput and deployable
dynamics
loss control
Model capacity discussion: The multi-head actor

introduces a larger number of parameters compared to the
single-head TD3 baseline. While this increased capacity may

contribute to performance improvements, the observed gains
are not limited to aggregate performance metrics but are
consistently reflected in stability-related indicators.

In particular, the multi-head architecture consistently
exhibits reduced variance in learning dynamics, improved
stability, and more robust and consistent control behavior
under stochastic and asymmetric demand conditions.
Importantly, increasing model capacity alone does not
inherently induce structured behavioral specialization or
context-aware decision mechanisms. A purely capacity-driven
improvement would not explain the observed reduction in
variance and the emergence of structured attention patterns.

These properties are closely linked to structured policy
decomposition and attention-based fusion, which enable
specialization and context-aware decision-making.

While a strictly controlled parameter-matched comparison,
e.g., scaling the single-head architecture to match the number
of parameters, would provide a more rigorous evaluation of
the relative contributions, it is left for future work due to its
high computational cost and expanded experimental scope.

6.7 Comparative evaluation across all controllers

This section compares the proposed HMH-TD3 controller
with four baselines: single-head TD3, DQN, VA, and FTC,
under uniform, asymmetric, and stochastic demand scenarios.
The analysis combines quantitative metrics (Table 2), bar-
chart summaries (Figure 7), radar-based multi-metric profiles
(Figure 8), and a normalized performance heatmap (Figure 9).

Table 2. Mean post-convergence traffic performance metrics across demand scenarios

. Average Waiting Average Queue Throughput Saturation Phase
Method Scenario Time (s/veh) Length (veh) (veh/h) Ratio (%) Switching (/h)

HMH-TD3 8.53 7.69 1067.15 62.19 24
TD3 9.53 6.08 865.01 49.10 37
DQN Uniform 11.60 9.24 910 74.72 58
VA 64.76 9.94 874.29 80.36 52
FTC 68.19 9.84 880.00 79.54 18
HMH-TD3 5.24 6.92 1031.22 55.96 28
TD3 472 9.38 927.17 75.81 41
DQN Asymmetric 9.18 8.94 1290.91 72.28 66
VA 64.64 9.84 822.86 79.51 50
FTC 67.92 9.86 982.86 79.71 15
HMH-TD3 8.33 8.14 1034.01 65.81 29
TD3 5.27 10.02 1173.08 80.97 44
DQN Stochastic 12.05 9.98 1209.84 80.66 72
VA 64.76 9.78 900.00 79.08 56
FTC 67.87 9.97 902.86 80.58 21

Note: DQN: Deep Q-Network; HMH-TD3: Hybrid Multi-Head TD3; FTC: fixed-time control; VA: vehicle-actuated.

Uniform demand: Under a uniform demand, HMH-TD3
achieves the most balanced operational performance. As
shown in Figure 7, it attains the lowest average waiting time
(8.53 s/veh) and the highest throughput (1067 veh/h) while
maintaining a moderate phase-switching frequency. In
contrast, the Single-Head TD3 exhibits less efficient green-
time utilization, and the rule-based controllers (VA and FTC)
incur delays exceeding 60 s owing to limited adaptability. This
balance is confirmed by the radar profile in Figure 8
(Uniform), where HMH-TD3 maintains consistently low
values across the delay, queue length, saturation, and
switching metrics.

Asymmetric demand: Under directional imbalance, the
performance disparities increase markedly. HMH-TD3
effectively limits congestion spillback by maintaining low
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average queue lengths (6.92 veh) and controlled saturation
levels (= 56%), as reported in Table 2 and Figure 7. In contrast,
the Single-Head TD3 and DQN exhibit higher saturation ratios
and increased phase-switching frequencies, indicating reduced
stability. These trends are reflected in Figure 8 (Asymmetric),
where HMH-TD3 consistently achieves superior performance
across stability-related dimensions. This robustness is
attributable to the attention mechanism, which emphasizes the
heads specialized in heavy-flow dissipation during directional
demand peaks.

Stochastic demand and stability—throughput trade-off:
Under stochastic demand, a clear stability—throughput trade-
off emerges. As shown in Figure 7, the DQN achieves a higher
instantaneous throughput (= 1200 veh/h), but this is
accompanied by saturation levels exceeding 80% and frequent



phase switching, indicative of oscillatory control. From a
traffic engineering perspective, sustained saturation above
approximately 75-80% corresponds to critical operating
conditions associated with spillback amplification and
gridlock risk, as documented in the Highway Capacity Manual
[43]. In contrast, HMH-TD3 maintains bounded saturation (=
66%), favoring stable queue evolution and predictable signal
behavior over short-term discharge maximization. This
explains why higher throughput alone does not translate into
better overall traffic performance in stochastic conditions, as

further reflected in Figures 8 and 9.

The proposed controller is not designed to maximize
throughput at all costs, but rather to maintain a balanced and
sustainable operating regime by controlling saturation and
limiting oscillatory behavior. Consequently, HMH-TD3
deliberately sacrifices a portion of short-term throughput to
ensure long-term stability, robustness, and operational safety.
This reflects a deliberate design choice prioritizing stability
and operational robustness over throughput maximization,
rather than a limitation of the proposed method.

B Uniform B Asymmetric I Stochastic

Avg Waiting Time (s/veh)

Avg Queue Length (veh)

Saturation Ratio (%)
1400
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Figure 7. Traffic performance metrics across controllers and demand scenarios
Note: Subplots evaluate average waiting time, queue length, throughput, and saturation ratio. Bar groups represent control methods (HMH-TD3, TD3, DQN, VA,
FTC) across uniform, asymmetric, and stochastic demand. HMH-TD3 achieves lower delay and improved saturation control.
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Figure 8. Normalized performance radar plots under varying demand
Note: Comparison of efficiency, stability, and switching behavior for (left) uniform, (center) asymmetric, and (right) stochastic scenarios. Metrics are scaled to
[0,1] (higher is better); congestion-related indicators are inversely normalized.
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Figure 9. Composite performance heatmap across controllers

and scenarios
Note: Rows denote control methods and columns represent demand types.
Each cell displays a composite score in [0,1], computed as the mean of
normalized metrics (waiting time, queue length, throughput, saturation, and
switching frequency). Higher values indicate better overall performance.

Synthesis of findings: Three conclusions emerge from all
scenarios. First, HMH-TD3 is the only controller that
consistently maintains a stable and well-balanced performance
envelope (Figure 8). Second, its advantage over rule-based
controllers increases with scenario complexity, becoming the
most pronounced under asymmetric and stochastic demands.
Third, improvements over single-head TD3 indicate that the
multi-head attention-based architecture enhances robustness
and stability. While part of this gain may stem from increased
model capacity, the consistent reduction in performance
variance and improved behavioral stability suggest that
structural policy decomposition plays a central role. These
observations are further consolidated in Figure 8, where
HMH-TD3 consistently achieves the highest composite
performance across all demand scenarios.

Overall, HMH-TD3 is best interpreted as a deployment-
oriented TSC framework that prioritizes stability, safety, and
predictability over throughput maximization. This reflects a
deliberate stability—throughput trade-off, where moderate
throughput reductions are accepted in exchange for reduced
congestion risk and more consistent performance under
varying demand conditions.

7. CONCLUSION AND FUTURE WORK

This study presented HMH-TD3, a structured hybrid multi-
head RL framework with intrinsic structural interpretability
for adaptive TSC. Rather than proposing a new RL algorithm,
this work addresses a structural limitation of continuous-
control formulations: the absence of explicit behavioral
decomposition at the action-selection level. By combining
parameterized hybrid actions with a multi-head actor
architecture and stabilized TD3 learning, the framework
enables robust and diagnostically interpretable control under
non-stationary traffic conditions.

The proposed semi-differentiable learning formulation
reconciles discrete signal phase selection ¢, with continuous
green-time duration A, in a manner consistent with the
physical constraints of traffic signal operation. By restricting
gradient propagation to the continuous control component
while evaluating discrete decisions through value-based
selection, the proposed approach retains the benefits of
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continuous actor—critic optimization while
operational validity and safety.

Extensive experimental evaluation in a microscopic
simulation environment demonstrated that HMH-TD3
achieves a well-balanced performance across multiple traffic
metrics. The results highlight that maximizing a single metric,
such as throughput, does not necessarily lead to desirable
traffic behavior under dynamic conditions. In particular,
higher throughput observed in some baselines under stochastic
demand is associated with elevated saturation levels and
increased control instability. In contrast, the proposed
controller explicitly promotes a balanced optimization regime,
prioritizing delay reduction, queue stabilization, and bounded
saturation. These findings are consistently supported by the
multi-metric analysis presented in Figures 7-9.

In congestion-prone and highly non-stationary scenarios,
the proposed controller achieves substantial delay
reductions—up to approximately 60%—while maintaining
bounded saturation levels and stable phase-switching
behavior.

These results reflect a deliberate stability—throughput trade-
off, rather than a limitation of the proposed method, where
spillback prevention and sustainable traffic operation are
favored over aggressive short-term throughput maximization.

In addition to its empirical performance, the proposed
architecture provides intrinsic structural interpretability,
enabling diagnostic inspection of policy behavior. The multi-
head actor facilitates the emergence of distinct behavioral
primitives, while the attention mechanism reflects how these
behaviors are weighted across varying traffic conditions. This
property is structural rather than causal, providing a diagnostic
insight into policy behavior in safety-critical traffic control
applications. The consistency between internal policy
behavior (Figure 6) and external performance (Figures 7-9)
further supports the validity of the proposed framework.

This study focused on isolated intersections with complete
observability. Future work will extend the framework to
coordinated  multi-intersection  settings,  incorporate
connected-vehicle information, and investigate the integration
of formal safety constraints. Validation through hardware-in-
the-loop experimentation and field deployment is a necessary
step toward real-world adoption. Finally, while the proposed
multi-head architecture demonstrates clear advantages in
stability and robustness, part of the observed performance
gains may be influenced by increased model capacity. A
parameter-matched comparison with scaled single-head
architectures remains an important direction for future work to
better isolate the contribution of architectural design from
model capacity.

preserving
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