Technical sciences ISSN 2307-5732

https://doi.org/10.31891/2307-5732-2026-363-59
YK 004.8
JIATBUHEHKO MUXAWJIO
XapkiBChKHUiT HAIlIOHABHUN YHIBEPCHTET PaiOeNeKTPOHIKH
https://orcid.org/0000-0003-4487-8811
e-mail: mykhailo.lytvynenkol@nure.ua
PEBE3IOK JIEOHI{
XapkiBchkHil HaIlIOHATBHUN YHIBEPCUTET PadiOeNeKTPOHIKH
https://orcid.org/0000-0001-8516-6584
e-mail: leonid.rebezyuk@nure.ua

PO3POBKA BATATOATEHTHOI CUCTEMU I''TUBOKOI'O HABUAHHS 3
HIAKPIIIVIEHHAM JJISA EOEKTUBHOI'O KEPYBAHHSA CBITJIO®OPAMMU HA
OJHOMY INHEPEXPECTI

V' yiii cmammi poszensioaemvcsi npoyec Kepyeamms ceimiogopamu Ha 0OHOMY nepexpecmi K KOONepamueHull
O0eyenmpanizo8anull 4acmKo8o CHOCMEPENCY8aHUll MapKoscokull npoyec eupiuysanns (dey-YCMIIB), wo nodaemvca Ak
MIHIMAbHA ecmo8a niamegopma 018 UeHeH s OeYeHMPAIi308aHOT KOOPOUHAYIT  YMOBAX HEGUSHAUEHOCU, d He K CaMOCMmiliHe
3ae0anHs onmumizayii. Kinbka acenmis Kepyromov OKpeMumu epynamu CUSHANIE, GUKOPUCMOSYIOUU OemAalbHi NpuMimusHi Oii,
npUOLISIIOYY Y8azy MOOYIbHOCHI, CMIKOCME 00 0OMedCeHb 0amyuKie ma CyMICHOCMI 3 MPAOUYitHUMU eManHUMy CUCMEMAMU
Kepysanus. [[ns 3abesneuenns koopounayii 6e3 sI6HOI KOMYHIKQYIL NPONOHYEMbC POUUPEHUTE NPOCIID CHOCMEPENCEHHS, WO
Micmumb SIK OUHAMIYHI XAPAKMEPUCMUKY PYXY, MAaK I CMpyKmMypHy IHopmayito npo nepexpecms, wjo 00380J€ 30ICHIO8amu
NACUBHY KOOPOUHAYII0 3a OONOMO20I0 CHIIbHUX Qi3uyHux cueHanie. Ha ocHo8i ybo2co (opmynioeanHs npedcmagieHo
Odeyenmpanizoeany 6a2amoazeHmuy cucmemy 2iubOK020 HA8UAHHA 3 NIOKPINIEHHAM, AKA IHMe2PYE PEeKyPEHMHY OYIHKY YIHHOCIU
0718 NOM'AKUIEHHS. YACMKOB0I CHOCIEPeNCYBAHOCTIL, PO3NOOITbYe NIOKPINII08ATbHE HABYAHHSA 0151 30€PEXHCEHHS MYTbIMUMOOATbHUX
cmpykmyp 8i00aui, wo SUHUKAIOMb Yy Pe3yIbmami Cynepeuiusux pigHo8az KOOpOUHAyii, ma 2icmepe3ucHi OHO8IeHHA O
cmabinizayii OuHAMIiKU OeyeHmpanizosano2o HaeuanHs. Kepysanws cucHaramu 3a O0ONOMO20N NPUMIMUGHUX OIi CHPUYUHSE
JIAHYI0208T NPOYeCU YX8ANleHH S PileHb 31 CMOXACIMUYHUMU Pe3yIbmamamu, oe Haighe po36i0yeanHs ma OYiHIO8aAHHI YIHHOCIU HA
OCHOBI CEePeOHIX 3HAYeHb HACMO NPU3B00samMsb 00 NePeouacHoi 30IdCcHOCMU 00 HeONMUMAIbHUX cmpameiti KOOpOUHAayil.
3anpononosana cucmema, wjo 8paxo8ye HeGUIHAUEHICb, SIBHO PO32AA0AE Yio npobaemy. Tlonepedni excnepumenmu 3 MOOENIOBAHHS
BUKOPUCOBYIOMbCA O AHANIZY OUHAMIKU HABUAHHA, YYMIUBOCMU Di6HO8A2U Ma KOOPOUHAYitiHoi nosedinku. Pesyromamu ne
niokpecaioms nepesazu 6 NpoOYKMUGHOCMI, a LIOCMPYIOMb NO8EOIHKOGI HACIOKU 3aNPONOHOBAH020 NepedopMYMO8anHHs mda
cmpykmypu Hasyauusa. L{a poboma nHaoae npunyunosgy cucmemy 0is 0eyeHmpanizo8ano20 Kepy8anHs ceimiopopamu 3 ypaxy8anHuam
HeBU3HAYEHOCMI MA CMBOPIOE OCHOBY OISk MAUIOYMHIX PO3UUPEHb 00 MACUMADO8AHOT KOOPOUHAYIT HA KITbKOX nepexpecmsx.

Kniouogi cnosa: roonepamusne naguanHs 3 NIOKPINACHHSAM, YACMKO8A CHOCMEPENCYBANHICMb, HEGUIHAUEHICb,
OeyeHmpanizoeamne HAGUAHHA 1 BUKOHAHHSI, KePYB8aHHsl CEIMA0gopamu.
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MULTI-AGENT DEEP REINFORCEMENT LEARNING FRAMEWORK DESIGN FOR EFFICIENT
SINGLE-INTERSECTION TRAFFIC LIGHT CONTROL

This paper reformulates single-intersection traffic light control as a cooperative Decentralized Partially Observable Markov Decision
Process (Dec-POMDP), treating it as a minimal testbed for studying decentralized coordination under uncertainty rather than as a standalone
optimization task. Multiple agents control disjoint signal groups using fine-grained primitive actions, emphasizing modularity, robustness to sensing
limitations, and compatibility with legacy stage-based control systems. To enable coordination without explicit communication, we propose an
extended observation space that includes both dynamic traffic features and structural intersection information, allowing passive coordination through
shared physical signals. Building on this formulation, we introduce a decentralized multi-agent deep reinforcement learning framework that
integrates recurrent value estimation to mitigate partial observability, distributional reinforcement learning to preserve multi-modal return structures
arising from competing coordination equilibria, and hysteretic updates to stabilize decentralized learning dynamics. Primitive-action traffic signal
control induces chain-like decision processes with stochastic outcomes, where naive exploration and mean-based value estimates often lead to
premature convergence to suboptimal coordination strategies. The proposed uncertainty-aware framework explicitly addresses this challenge.
Preliminary simulation experiments are used to analyze learning dynamics, equilibrium sensitivity, and coordination behavior. Rather than
emphasizing performance superiority, the results illustrate the behavioral implications of the proposed reformulation and learning design. This work
provides a principled framework for decentralized, uncertainty-aware traffic signal control and establishes a foundation for future extensions to
scalable multi-intersection coordination.
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Introduction
Efficient traffic light control (TLC) is an acute problem in intelligent transportation systems (ITS), involving
optimization of the sequence and duration of traffic signals with direct implications for congestion, travel time
reliability, and emissions. While modern traffic sensing technologies provide increasingly detailed information about
transport flows and queue dynamics, converting these observations into robust and adaptive traffic signal plans remains
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challenging, particularly under dynamic and heterogeneous demand patterns. Traditional TLC approaches, ranging from
fixed-time to actuated and adaptive control, mostly rely on predefined signal sequence and hand-crafted decision logic.
Although these systems are widely deployed and operationally reliable, they are inherently limited in their ability to adapt
to high variability in traffic conditions and to generalize across different intersection layouts or demand scenarios. Their
control logic is tightly coupled to specific signal plan assumptions, making transferability and extensibility difficult.

Recent work has explored reinforcement learning (RL) as a data-driven alternative for traffic signal control.
Most RL-based approaches to single-intersection TLC formulate the problem as a Markov decision process (MDP),
where a single agent operates on the fixed set of allowed combinations of traffic signals (phases) based on aggregated
intersection-level observations. While such methods have demonstrated promising empirical performance, they
implicitly assume centralized decision-making and often rely on coarse, stage-based actions to stabilize learning. These
assumptions limit scalability, reduce robustness to partial observability and sensor failures, and hide the fine-grained
coordination structure underlying traffic signal control. From a broader perspective, the core difficulty in traffic signal
control is not just optimizing a single intersection, but learning decentralized coordination policies that remain stable,
transferable, and consistent under fine-grained control actions. This way, a single intersection provides a minimal yet
non-trivial testbed for studying decentralized decision-making under partial observability, competing coordination
equilibria, and stochastic dynamics, and these challenges are central to multi-agent reinforcement learning (MARL)
more generally.

In this work, we revisit single-intersection traffic light control from this perspective and propose a
decentralized reformulation of the problem. Rather than treating the intersection as a single control unit, we decompose
it into multiple cooperative agents, each responsible for a local control region and operating with primitive actions, such
as extending or terminating a signal group. The resulting control problem is formalized as a Decentralized Partially
Observable Markov Decision Process (Dec-POMDP), enabling decentralized decision-making under partial
observability while avoiding the exponential state growth associated with centralized formulations. Building on this
reformulation, we design a decentralized multi-agent deep reinforcement learning framework based on decentralized
training and execution. Finally, while the present study considers an isolated intersection, the formulation serves as a
scalable foundation for future extensions to multi-intersection traffic networks.

1. Single-intersection traffic light control reformulation
1.1. Intersection model

We consider a signalized road intersection (Fig. 1a) composed of a finite set of signal groups (SGs), where
each signal group g; € G controls a compatible set of traffic movements [1]. Conflicts between signal groups are
specified by a hand-crafted conflict matrix A (Fig. 1b), which encodes mutually exclusive traffic movements, and can
equivalently be represented as a compatibility graph G = (G, E) (Fig. 1¢), where edges indicate non-conflicting signal
groups that may be active simultaneously.
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Fig. 1. Decentralized traffic light control environment:
a) — SGs at an intersection; b) — conflict matrix; c) — compatibility graph; d) — traffic detection system
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This representation is agnostic to intersection-specific geometry while preserving the structural constraints that

define feasible signal configurations.
1.2 Decentralized formalization

The control problem is formalized as a Dec-POMDP [2], where each agent corresponds to a local control
region. Each region can be associated with one or more SG, and each agent operates based on partial observations of
the intersection state. Although a single intersection could in principle be modeled as a centralized multi-agent POMDP
with factored state and action spaces, the decentralized formulation offers several advantages:

— No exponential state growth, as agents reason locally rather than over the full joint state.

— The learned policies are modular, enabling reuse across intersections with similar local structure.

— Resilience to partial observability and sensor limitations, as agents do not rely on complete global

information.
—  Scalability for network-level control, where fully centralized formulations quickly become intractable.
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Importantly, no centralized training nor execution are required in this formulation, allowing coordination to
emerge from decentralized learning dynamics.

1.3. Extended observation space

Inspired by the definition from [3], each agent receives a local observation, derived from a system of upstream
detectors (Fig. 1d) and the current signal plan, that includes three categories of information:

— Dynamic operation features, such as arrival rates, detectors occupancy, maximum elapsed green time within

the agent’s control region.

— Intersection configuration features, encoding static structural information derived from the conflict matrix

and local characteristics of intersection geometry.

— Candidate signal group states, representing the substitution eligibility and traffic conditions of inactive

signal groups that are relevant for coordination with the active neighboring agents.

This design enables passive coordination, i.e., there is no explicit coordination signals, instead, the joint control
context is inferred through shared environmental structure. By including coordination-relevant information directly into
observations, the framework avoids the complexity and scalability limitations associated with explicit communication
protocols or centralized learning components.

1.4. Primitive action space design

Each agent operates using a primitive action space, restricted to simple control decisions such as extending or
terminating the current activation of a signal group, subject to the requirement of each phase being the maximal clique.
This contrasts with the phase-selection or phase-skipping actions commonly used in both traditional and learning-based
traffic signal control. The comparison of benefits and drawbacks of the proposed formulation is provided in Table 1.

Table 1
Action space design analysis
Strengths Limitations
— Decoupling of the control logic from fixed phase semantics, enabling policies | — Stronger coupling
to generalize across different intersection layouts. between agents’ decisions.
— Backward compatibility with legacy traffic control systems, where signal | — Longer decision chains.
extension and termination are fundamental operations. — Delayed credit
— Bidirectional convertibility of actions between stage- and group-based methods. | assignment.
— Exposure of fine-grained coordination structure, which is often hidden by
temporally extended or stage-based abstractions.

Overall, the increased expressiveness and compatibility inevitably results in a higher complexity of a problem,

which becomes characterized by higher non-stationarity and multiple competing coordination equilibria.
1.5. Implications for scalability and coordination

The proposed reformulation naturally supports semi-synchronous decentralized decision-making, where agents
act independently but remain coupled through shared environmental constraints and observations. Coordination
emerges as agents adapt their local policies to the dynamically changing set of feasible joint signal configurations. By
focusing agents on localized control regions rather than assigning full intersection control to a single agent, the
framework improves robustness to local failures and distributes the difficulty of decision-making. This becomes
increasingly important for intersections with complex geometries or high-dimensional traffic patterns, where centralized
control is less robust. Overall, this reformulation reframes single-intersection traffic light control as a testing ground for
decentralized coordination under uncertainty, providing the foundation upon which the learning framework, introduced
in the subsequent sections, is built.

2. Background and related work

This section provides an overview of prior work on traffic light control and multi-agent reinforcement learning,

with a focus on how control granularity, coordination, and uncertainty are expressed in the existing approaches.
2.1. Traffic light control literature

Classical traffic light control strategies include fixed-time, actuated, and adaptive systems. Fixed-time
controllers rely on precomputed signal plans, optimized for nominal traffic conditions [4,5], while actuated [6,7] and
adaptive controllers [8,9] adjust signal timings based on real-time sensor measurements. Despite their widespread
adoption and operational reliability, these methods are fundamentally limited by hand-crafted, and mostly stage-based
control logic. As a result, their ability to adapt to non-stationary traffic patterns or transfer across intersection layouts is
constrained. These limitations have motivated increasing interest in learning-based approaches that aim to automatically
discover control policies from data.

Most reinforcement learning approaches to single-intersection traffic light control formulate the problem as a
centralized decision-making task. A single agent observes aggregated intersection-level traffic features and either selects
signal phase or choses to skip to the next one. Representative examples include FRAP [10], MetaLight [11], NSTLight
[12], AttendLight [13], GNN-based approaches [14], GeneraLight [15], and TSC-HGAM-DRL [16], which focus on
improved representation learning, sample efficiency, or generalization across traffic scenarios. While these methods
have demonstrated strong empirical performance, they rely on two common assumptions. First, control is centralized,
with a single policy responsible for coordinating all traffic movement signals. Second, actions are typically stage-based
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or temporally extended, reducing the effective decision frequency and simplifying credit assignment. These assumptions
stabilize learning but conceal the underlying coordination structure of the intersection and limit flexibility under partial
observability.

Multi-agent formulations of single-intersection traffic light control are comparatively rare. Early work such as
AGBC-SARSA(L) [3] explores tabular group-based multi-agent control, while more recent deep reinforcement learning
approaches, such as TLCC based on Revised QMIX [17], introduce centralized critics and value decomposition to
stabilize learning. Although these methods move toward decentralized execution, they still rely on temporally-extended
actions or centralized training components and do not explicitly address coordination under primitive actions.

2.2. Multi-agent reinforcement learning and exploration

Current multi-agent reinforcement learning methods can broadly be categorized into centralized training with
decentralized execution (CTDE) and decentralized training and execution (DTE) [18]. CTDE approaches leverage
centralized critics or joint value functions during training to mitigate non-stationarity, but often suffer from scalability
and generalization issues as the number of agents increases. In contrast, DTE methods favor flexibility and modularity,
enabling agents to learn and operate based solely on local observations.

Examples of DTE-based deep reinforcement learning algorithms include independent Q-learning variants with
recurrence (e.g., HDRQN [19], LH-IRQN [20]) and independent policy optimization (e.g., IPPO [21], PS-TRPO [22]).
These methods are particularly suitable for domains where centralized information is unavailable or undesirable.

A common challenge in both single-agent and multi-agent reinforcement learning is the exploration-
exploitation trade-off, especially in environments with delayed rewards and long decision horizons [23]. Temporally
extended actions and hierarchical abstractions are commonly introduced to alleviate credit assignment difficulties [24].
In traffic signal control, this is the reason behind the adoption of stage-based actions that combine multiple low-level
decisions into a single control choice.

An alternative line of work emphasizes uncertainty-aware exploration [25-27], where agents sample actions
based on uncertainty estimates derived from value distributions or posterior approximations. Distributional
reinforcement learning and posterior sampling methods have been shown to improve exploration efficiency and
robustness in stochastic environments. However, their role in stabilizing coordination and equilibrium selection in
decentralized, primitive-action settings remains underexplored.

2.3. Research gap and positioning

Despite the significant progress in learning-based traffic signal control, existing approaches leave a gap at the
intersection of control granularity, decentralization, and uncertainty awareness. This work addresses it by reformulating
single-intersection traffic light control as a decentralized cooperative problem with primitive actions and partial
observability. Building on this formulation, we adopt the DTE paradigm and integrate uncertainty-aware learning
mechanisms to stabilize coordination without relying on temporal abstractions or explicit communication.

By extending ideas from tabular decentralized control to continuous state spaces and combining them with
distributional value estimation, recurrence, and hysteretic updates, the proposed framework offers a principled approach
to decentralized traffic signal control that remains compatible with existing infrastructure while exposing the fine-
grained coordination structure inherent to the problem.

3. Theoretical framework design

The framework design requirements are dictated by the structural properties of the problem, and each

component is motivated as a necessary mechanism to ensure stable decentralized coordination under uncertainty.

traffic queue discharge of g;

(1)

traffic queue accumulation of Vg : A;; # 0

Fig. 2. Decision-making sequence for an agent i

3.1. Design rationale

Decentralized primitive-action traffic signal control has several properties that fundamentally distinguish it
from the conventional stage-based or centralized formulations. First, primitive actions introduce long decision chains:
extending or terminating a signal group affects not only immediate traffic flow but also the feasibility and timing of
future actions by other agents; therefore, rewards are delayed and strongly coupled across agents (Fig. 2). Second,
decentralized learning under partial observability is associated with multiple competing coordination equilibria.
Different joint policies may correspond to distinct but internally consistent patterns of signal plans, leading to multi-
modal return distributions. Third, mean-based value estimation collapses coordination modes prematurely. When return
distributions are multi-modal, standard expected-value critics encourage early commitment to suboptimal equilibria and
amplify non-stationarity across agents. Finally, uncertainty-ignoring exploration is insufficient in this setting. Naive
exploration strategies fail to distinguish between the stochastic variability and structural uncertainty arising from
insufficient knowledge of the environment dynamics and incomplete coordination, leading to unstable learning process
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and premature convergence. These observations motivate a learning framework that (i) preserves return distribution
structure, (ii) stabilizes decentralized learning, and (iii) enables deliberate equilibrium selection under uncertainty.
3.2. Problem setting and notation

Let the single intersection be modeled as a Dec-POMDP (7,8, A, P,7,9Q,0,y), where 7 = {1, ..., N} is the set of
cooperative agents, each associated with a local control region and one or more signal groups, § denotes the
(unobserved) global traffic state, .4; is the primitive action space of agent i, and A =X;¢; A;is the joint action space.
P(s' | s, a) defines the environment dynamics, r: § X <4 — R is a shared reward function, {; is the observation space
of agent i, O (w; | s, @) is the local observation function, and y € (0,1) denotes the discount 'factor.

At time step t, each agent receives a local observation w} € Q; and selects an action a} € A;. The joint action is
denoted by a = (a;);e5. Because the environment is partially observable, agents condition their decisions on action-
observation histories hl = (w!,al, ..., w}). Each agent aims to learn a decentralized policy m;(a’ | h') that maximizes
‘Fhe expected disgounted return J = E[Zg‘; ovir(s, a) | a; ~ ] - Undey DTE, agents optimize their policies
independently using only local histories, while coordination emerges implicitly through shared rewards and
environmental coupling.

3.3. Core learning paradigm
We adopt the DTE paradigm and each agent employs a value-based single-agent deep reinforcement learning
algorithm, which is based on the Deep Q-Network algorithm (Eq. 1) [28], approximating the action value function
Q"(s,a) = E[XiZov'r(span) | so = 5,00 = a,a; ~ ].
Lpon(0) = IE(S,a,r,s’)~u(z)) [5(8)]%, (1)
where §(0) =r(s,a) + y max Q(s',a’;07) — Q(s,a; 0) is referred to as TD-error, D is the experience

replay memory, 6, @~ are the parameters of the main and target networks, respectively, and s’, a’ are the next state and
action, respectively. This approach allows for direct integration of uncertainty estimates into action selection.

The shared reward signal reflects the cooperative objective of minimizing travel time at the intersection.
Specifically, while the high sparsity of the conflict matrix indicate that most agents remain inactive at any given moment,
the cooperative nature of the problem necessitates considering conditions on all traffic movements, not just the ones
being currently served. To this end, the reward signal is calculated using the information from all controlled traffic
movements. Fine-grained actions necessitate highly responsive feedback signal, therefore, inspired by [3] and [29], we
define the following reward function that encourages minimizing travel delay of the maximum number of vehicles k

(Eq. 2): )
3 d(t) _ (@
0@ O 2(1 () ¥

where  dp.4(t) is the maximum of observed delays from d(0) and v, is the maximum allowed speed.
3.4. Representation learning under partial observability

To address partial observability and delayed credit assignment, each agent uses a recurrent value function that
conditions on the compressed observation-action history. Recurrence enables agents to maintain an implicit belief over
latent traffic states and evolving coordination context. To preserve the structure of multi-modal returns induced by
competing coordination equilibria, we adopt distributional reinforcement learning. Instead of approximating the
expected return, agents learn a parametric approximation of the return distribution Z™(h, a): E[Z™(h, a)] = Q™ (h, a).
The single-agent basis algorithm used in this work is Implicit Recurrent Quantile Network (IRQN) [30], which enables
the estimation of the distribution’s inverse cumulative distribution function (c.d.f.) Z; at an arbitrary number N, N’ of
quantile samples 4.y, T1.x, ~ U([0,1]) (Eq. 3), where £ denotes the Huber loss.

!

Ligon(0) = %i ihi — ls<olH <5ri’r}(9))- 3)

i=1 j=1

This representation prevents premature mode collapse and provides a natural basis for uncertainty estimation.
A dueling architecture [31] is used to decompose distributional state-value and action-advantage estimates, improving
learning stability in settings where action effects are highly context-dependent.

3.5. Coordination stabilization mechanisms

Decentralized learning with multiple adaptive agents is inherently non-stationary. To mitigate instability and
encourage convergence toward consistent coordination patterns, several complementary stabilization mechanisms are
employed.

Parameter sharing is used among homogeneous agents to exploit structural symmetry and improve sample
efficiency [22]. Under this scheme, the number of trainable parameters remains constant as the number of agents grows,
while still allowing decentralized execution through agent-specific observations. In addition to agents having access to
their own environment observations, non-identical policies are achieved by including the agent’s ID in the extended
observation. Concurrent experience sampling [19] ensures that agents update their policies based on temporally aligned
interaction data, reducing drift caused by asynchronous learning and promoting convergence toward a shared
equilibrium. Hysteretic learning updates are introduced to stabilize value estimation under non-stationarity [32]. Instead
of using a fixed learning rate, per-state-action updates are modulated based on the temporal difference likelihood (TDL)
of observed target samples t,.,r =7 + ¥ max ZT1-N’ (h',a’; ™) under the learned return distribution d;.y

lfl:NIydl:N
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[20]. This asymmetric update rule inhibits destructive updates caused by transient discoordination while allowing rapid
adaptation when evidence consistently supports alternative coordination modes (Eq. 4). The threshold parameter 8
controls the impact on the update rule of low TDL values.

!
o= {max ([s’, ltl:N’:dl:N) a, 6t <0, @)
a, otherwise.

Together, these mechanisms encourage agents to converge toward mutually consistent policies without

requiring centralized control or explicit coordination signals.
3.6. Uncertainty-aware exploration and safety

In the proposed framework, uncertainty plays a dual role: guiding exploration and enabling deliberate

equilibrium selection. Both epistemic uncertainty ﬁepist, parametrized by 1 and arising from limited data and model

uncertainty, and aleatoric uncertainty U,jeac, parametrized by A and arising from inherent traffic stochasticity, are
captured through the learned return distributions using an ensemble of two randomized maximum a posteriori (MAP)
samples 6p,,0,, [27] (Eq. 5,6).

Oepic(Z, ) = %Ef |(2(h.0:65,) - Ze(h.58,,)) | 5)

Ooteat(Z, ) = Covy (zf(h, a;0p.), Z:(h,a; 0,,2)). (6)
Action selection is performed using Thompson sampling from parameterized Gaussian distribution, using an
arbitrary number of quantile samples for inference N (Eq. 7,8), allowing agents to explore consistently over extended
decision chains rather than through independent, myopic perturbations.

”Q = <]ET1:N [ZTI:IV(h' a: 0)] + Aﬁallézat(z(ht a)l Tl:ﬁ)) )

. a€A 7
z"'Q = dlag(ﬁz Uepist(Z(hx a)x Tl:ﬁ)aec/l):
a; = argmaxQ(,, a’); Q ~ N (pg, Zo)- (8)
This uncertainty-aware exploration is particularly important in primitive-action settings, where early
exploratory decisions can have long-lasting downstream effects. By sampling from plausible return hypotheses, agents
can commit temporarily to consistent coordination patterns and evaluate their long-term consequences. To ensure
compliance with regulatory and safety constraints, action masking is applied at the logit level to exclude infeasible or
prohibited actions. This guarantees that all selected actions respect signal compatibility constraints and traffic
regulations.
3.7. Discussion of theoretical implications
The proposed framework illustrates how decentralized coordination can emerge from local learning dynamics
when structural observability, uncertainty modeling, and stabilization mechanisms are carefully aligned. Rather than
relying on temporal abstractions or centralized critics, coordination arises through interaction between agents,
environment constraints, and uncertainty-aware decision-making. Importantly, the framework is not specific to traffic
signal control. The combination of primitive actions, passive coordination, and distributional decentralized learning
provides a general template for studying cooperative multi-agent systems where partial observability, fine-grained
control and uncertainty play a central role.
4. Implementation considerations and discussion
This section describes the practical realization of the proposed framework and reports preliminary empirical
observations. The goal is not to establish state-of-the-art performance, but to validate the behavioral and coordination
properties induced by the proposed decentralized primitive-action formulation and uncertainty-aware cooperative
learning mechanisms.
4.1. Simulation environment and system architecture
The framework is implemented using a modular simulation stack composed of SUMO for microscopic traffic
simulation, PettingZoo for multi-agent environment abstraction, and PyTorch for learning components. Each signal
group (SG) is modeled as an autonomous agent interacting with the environment at discrete decision points, while
sharing a common policy network under a parameter-sharing scheme. The interaction loop follows the DTE paradigm,
without access to global state. A short pre-training phase with random exploration is used to bias agents toward
compatible coordination patterns and avoid early collapse to suboptimal equilibria.
4.2. Empirical observations
Despite limited experimental scale, several consistent behavioral patterns emerge, as described below.
Initialization sensitivity and equilibrium selection: training outcomes are highly sensitive to random
initialization and exploration dynamics, reflecting the presence of multiple coordination equilibria. Distinct equilibria
correspond to qualitatively different signal timing patterns, some of which are locally stable yet globally suboptimal.
Multi-modal coordination dynamics: across runs, three coordination regimes are observed. Notably, the most
performant regime, which is characterized by near-optimal green time allocation proportional to traffic intensities, is
also the least stable and hardest to reach. Mean-based value estimation alone collapses learning toward simpler but
inferior equilibria. Role of uncertainty-aware learning: distributional value representations and uncertainty-directed
action selection significantly reduce premature convergence. Allowing per-state—action learning rate increases under
high-likelihood value estimates prevents agents from initial locking into trivial extend-and-hold strategies, which
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otherwise dominate when the learning rate factor is limited to 1 (Eq. 4).
4.3. Discussion and Future directions

The experimental findings support the central objective of this work: fine-grained decentralized control
transforms single-intersection TLC from a scheduling problem into a coordination problem under uncertainty. The
proposed formulation exposes coordination structure that is invisible in stage-based or centralized approaches but also
introduces new challenges. The strengths of the framework are its modularity, backward-compatibility with legacy
systems, and natural extensibility to more complex intersection geometries. Parameter sharing and decentralized
execution provide a scalable foundation for future network-level control. However, in terms of robustness, uncertainty
is currently utilized for exploration and equilibrium selection but is not explicitly incorporated into the optimization
objective and belief uncertainty remains implicit. Promising directions include explicit belief-state modeling, principled
risk-aware objectives, and extension to multi-intersection settings where decentralized coordination becomes both
necessary and unavoidable.

Conclusion

This work proposes a decentralized, uncertainty-aware multi-agent reinforcement learning framework for
single-intersection traffic light control based on primitive actions and extended observations. Rather than optimizing a
single intersection in isolation, the framework serves as a minimal testing ground for studying decentralized
coordination under partial observability. The results highlight both the opportunities and challenges introduced by fine-
grained control, and point toward scalable, resilient ITS solutions grounded in principled multi-agent learning.
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