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Traffic signal control at mixed vehicle-pedestrian intersections requires balancing 
vehicle efficiency, pedestrian service, and operational stability. Existing 
reinforcement learning methods often rely on fixed reward preferences or 
unconstrained signal actions, which may limit their adaptability and 
interpretability under dynamic conflict conditions. To address this issue, the 
paper proposes an event-triggered large language model-guided conditional 
reinforcement learning framework. In this framework, the reinforcement learning 
agent optimizes green duration under a fixed cyclic phase sequence, while the 
large language model acts as a high-level preference adapter rather than a direct 
signal controller. A conflict-aware event trigger is designed using pedestrian 
queue, pedestrian waiting time, and vehicle queue to activate the large language 
model only under critical states. The generated preference vector guides a 
preference-conditioned dueling double deep Q-network to balance vehicle 
efficiency, pedestrian-oriented fairness, and stop-and-go stability. Microscopic 
simulation experiments in Vissim show that the proposed framework achieves 
more balanced performance across reward, average delay, stop frequency, 
pedestrian waiting, and preference-adaptation behavior. Compared with fixed-
time control, standard reinforcement learning, and pressure-based control, the 
proposed method provides stronger adaptability and more interpretable multi-
objective decision-making. The results indicate that event-triggered LLM-guided 
preference adaptation is an effective strategy for pedestrian-aware traffic signal 
control. 
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1. Introduction 
 

Signalized intersections are critical nodes in urban transport systems, where vehicle movements 
and pedestrian crossings must be coordinated under limited spatial and temporal resources. 
Pedestrians are particularly important in this context because they are vulnerable road users, and 
their crossing behavior is highly sensitive to signal delay, perceived risk, and interactions with 
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surrounding vehicles [1, 2]. Excessive pedestrian waiting time may reduce compliance with traffic 
signals and increase the probability of risky crossing behavior, while vehicle-oriented signal timing 
may cause long queues, frequent stop-and-go movements, and inefficient intersection operation [1, 
2]. Therefore, modern traffic signal control should not only optimize vehicle throughput and average 
delay, but also explicitly consider pedestrian service fairness and operational stability. 

Deep reinforcement learning (DRL) has been widely investigated for adaptive traffic signal control 
because it can learn signal timing policies through repeated interaction with dynamic traffic 
environments [3-8]. Recent reviews further confirm that RL has become one of the main 
methodological directions for intelligent traffic signal control, but also point out challenges related 
to computational cost, data requirements, and generalization across diverse traffic scenarios [9]. 
Compared with fixed-time or rule-based control strategies, DRL-based controllers can adapt their 
decisions according to real-time traffic states. However, existing DRL-based signal control methods 
still face several limitations when applied to pedestrian-aware intersection control. First, many 
methods mainly optimize vehicle-related indicators, such as queue length, travel time, or throughput, 
while pedestrian fairness and extreme waiting time are often treated as secondary indicators rather 
than core optimization objectives [3]. Second, unconstrained action spaces may allow agents to freely 
select signal phases, which can lead to unrealistic behaviors such as repeated service of dominant 
approaches, phase starvation, or unsafe exploration. Such behaviors are inconsistent with practical 
traffic engineering requirements, in which phase sequences and clearance intervals must meet 
operational constraints. Third, conventional scalar reward functions usually rely on fixed objective 
weights. This makes it difficult for the controller to dynamically adjust its optimization priority as 
traffic conditions change, for example, when pedestrian waiting becomes critical or when the risk of 
vehicle queue spillback increases. 

Recent studies have started to explore multi-objective reinforcement learning, fairness-aware 
signal control, and Large Language Model (LLM)-assisted decision-making for traffic signal control 
[10-16]. Existing methods can generally be grouped into LLM-augmented reinforcement learning, 
LLM-centric reasoning agents, and knowledge-enhanced hybrid systems, indicating that LLMs are 
increasingly being used to support high-level reasoning and decision assistance in traffic signal 
control [17]. For example, recent studies have investigated LLM-enabled universal traffic signal 
control across different intersection layouts and traffic-flow conditions, as well as LLM-based actor–
critic signal optimization for complex intersection forms such as displaced left-turn intersections 
[18,19]. LLMs have strong contextual reasoning capabilities and can provide interpretable, high-level 
guidance in complex traffic situations. Nevertheless, directly using an LLM as a low-level signal 
controller is unsuitable for real-time intersection operations. Frequent LLM invocations may incur 
high computational costs, introduce communication latency, and lead to unstable changes in 
preferences. Moreover, if the reward preference is updated too frequently during reinforcement 
learning, the learning target may become non-stationary, slowing convergence and reducing policy 
stability. These issues indicate the need for a framework that combines the contextual reasoning 
capabilities of LLMs with the fast execution and learning capabilities of reinforcement learning, while 
avoiding excessive LLM calls and maintaining realistic signal-control constraints. 

However, a research gap still exists. Existing pedestrian-aware reinforcement learning methods 
often consider pedestrian delay as an additional performance indicator rather than as an explicit 
fairness-related control objective. Many reinforcement-learning-based signal controllers use fixed 
reward preferences or unconstrained phase-selection actions, which limit their ability to adapt to 
dynamic pedestrian–vehicle conflicts while satisfying practical constraints on signal operation. 
Although recent LLM-assisted methods offer new opportunities for contextual reasoning and cross-
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scenario signal control, many still use LLMs as direct or frequent decision-making components in the 
signal control process [17-19]. Directly using an LLM as a real-time low-level signal controller may 
introduce latency, computational cost, and unstable decision outputs. 

The significance of this research lies in its effort to bridge the gap between adaptive artificial 
intelligence-based decision-making and the practical requirements of traffic engineering. For mixed 
vehicle–pedestrian intersections, signal control should not only improve vehicle efficiency, but also 
prevent excessive pedestrian waiting and reduce stop-and-go-related operational instability. By using 
the LLM as a high-level preference adapter rather than as a direct signal controller, the proposed 
approach can exploit the contextual reasoning capability of LLMs while preserving the fast execution, 
safety constraints, and learning stability of reinforcement learning-based signal control. 

The objective of this study is to develop an Event-Triggered Large Language Model-Guided 
Conditional Reinforcement Learning (ET-LCRL) framework for pedestrian-aware, multi-objective 
traffic signal control. The key idea is to decouple high-level preference adaptation from low-level 
signal timing control. The LLM is not used to directly select signal phases or green times. It acts as a 
low-frequency meta-controller, generating a multi-objective preference vector only when the traffic 
state indicates a critical pedestrian–vehicle service conflict. The low-level controller is implemented 
as a preference-conditioned reinforcement learning agent that selects only the green duration for 
the currently served phase based on the physical traffic state, the current signal phase, and the 
preference vector. 

In the low-level controller, the agent follows a fixed cyclic phase sequence and is allowed to 
optimize only the green duration of the current phase. A fixed all-red clearance interval is inserted 
before each green phase. This constrained action-space design reduces unsafe exploration, prevents 
phase starvation, and improves the engineering feasibility of the learned policy. The main 
contributions of this study are summarized as follows: 

i. A pedestrian-aware event-triggered LLM-guided conditional reinforcement learning 
framework is proposed for multi-objective traffic signal control. The framework uses the 
LLM as a high-level preference generator rather than a direct low-level signal controller. 

ii. A conflict-aware preference adaptation mechanism with hysteresis thresholds is 
developed. The mechanism invokes the LLM only under critical traffic states, thereby 
reducing computational overhead and mitigating reward non-stationarity. 

iii. A deployable constrained action-space design is introduced. The agent selects only green 
duration, while the environment enforces a fixed cyclic phase sequence and all-red 
clearance, which improves learning stability and prevents phase starvation. 

iv. A fairness-aware multi-objective reward structure is designed to jointly consider vehicle 
efficiency, pedestrian service fairness, and stop-and-go-related operational stability.  

The remainder of this paper is organized as follows. Section 2 reviews related studies on 
pedestrian-vehicle interaction, reinforcement learning-based traffic signal control, multi-objective 
optimization, and LLM-assisted traffic decision-making. Section 3 presents the proposed ET-LCRL 
methodology. Section 4 describes the simulation environment, experimental settings, and 
comparison controllers. Section 5 reports and discusses the experimental results. Section 6 concludes 
the paper and outlines future research directions. 

 
 
 
 

2. Related Work 
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2.1 Pedestrian–Vehicle Interaction and Pedestrian-Aware Signal Control 
 
Pedestrian-vehicle interaction is a fundamental issue at urban intersections because pedestrians 

and vehicles compete for limited right-of-way within the same signal cycle. Pedestrians are 
vulnerable road users, and their crossing decisions are affected by signal timing, waiting tolerance, 
vehicle movement, perceived risk, and surrounding social information [1, 2]. Previous studies have 
shown that long pedestrian waiting times and long signal cycles may increase the likelihood of red-
light violations or non-compliant crossing behavior [1]. Therefore, pedestrian delay is not only a 
service-level indicator but also an important factor related to traffic safety and signal compliance. 

Existing studies on pedestrian-aware traffic control have mainly focused on pedestrian delay 
estimation, crossing behavior analysis, and safety-oriented signal timing. For example, pedestrian 
delay models have been developed for signalized crosswalks under mixed-traffic conditions, 
indicating that pedestrian waiting time should be explicitly considered in the evaluation of signal 
performance [1]. Recent reinforcement learning studies have also attempted to incorporate 
pedestrian states into traffic signal control, aiming to reduce both vehicle and pedestrian waiting 
times [3]. These studies demonstrate the importance of considering pedestrians in adaptive signal 
control. 

However, most existing pedestrian-aware signal control studies still treat pedestrians as an 
additional constraint or an auxiliary performance indicator. Vehicle-oriented metrics, such as 
throughput, average delay, and queue length, remain the dominant optimization targets. As a result, 
extreme pedestrian waiting time and fairness among different road users may be overlooked. In 
particular, a controller that performs well in terms of average vehicle delay may still produce 
unacceptable pedestrian service outcomes under unbalanced demand. This motivates the need for 
a signal control framework that explicitly accounts for pedestrian fairness alongside vehicle efficiency 
and operational stability. 

 
2.2. Reinforcement Learning-Based Traffic Signal Control and Practical Action-Space Constraints 

 
Reinforcement learning has been widely used in adaptive traffic signal control because it can learn 

control policies through interaction with dynamic traffic environments. Representative studies such 
as IntelliLight, PressLight, and CoLight have demonstrated the potential of deep reinforcement 
learning in reducing delay, queue length, and network-level congestion [4-6]. Compared with fixed-
time or manually designed actuated controllers, reinforcement learning-based methods can adapt 
signal decisions according to observed traffic states. Despite these advantages, the practical 
deployment of reinforcement learning-based traffic signal control remains challenging. Many existing 
methods allow the agent to select signal phases directly. Although this design increases decision 
flexibility, it may also lead to unrealistic or unsafe behaviors, such as repeatedly selecting a dominant 
phase, skipping minor phases, or causing phase starvation. In real-world signal systems, the signal 
phase sequence, intergreen time, yellow time, and all-red clearance are subject to strict engineering 
constraints. Therefore, a reinforcement learning controller that ignores these constraints may obtain 
good simulation performance but have limited deployability. 

Recent studies have increasingly emphasized the importance of realistic action-space design. 
Some reinforcement-learning-based controllers formulate traffic signal control through duration or 
cycle adjustment, while others define action spaces around realistic phase-based signal decisions [7, 
8]. Compared with fully unconstrained signal selection, a more practical strategy is to let the agent 
optimize parameters of an existing signal program, such as phase duration or green duration, while 
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keeping required safety constraints unchanged. This design reduces unsafe exploration and makes 
the learned policy more compatible with real-world traffic control logic. In this study, a preference-
conditioned reinforcement learning structure is adopted. 

 
2.3. Multi-Objective and Fairness-Aware Reinforcement Learning for Traffic Signal Control 

 
Traffic signal control is inherently a multi-objective problem. Vehicle throughput, vehicle delay, 

pedestrian waiting time, stop-and-go frequency, safety, and environmental impact may conflict with 
one another. Traditional reinforcement learning methods typically combine multiple objectives into 
a single scalar reward function using fixed weights. Although this approach is simple and 
computationally efficient, it has two important limitations. First, fixed reward weights cannot reflect 
changing traffic priorities under different operating conditions. Second, a scalar reward may mask 
unfair outcomes, especially when average performance improves at the cost of extreme delays for a 
specific group of road users. 

Multi-objective reinforcement learning has received increasing attention in traffic signal control. 
Recent studies have explored multi-objective reinforcement learning frameworks that jointly 
optimize traffic efficiency, safety, and environmental indicators such as carbon emissions [10, 11]. 
Fairness-aware traffic signal control has also been studied to reduce extreme waiting time and to 
balance service among competing flows [12-14]. These works show that signal control should not be 
evaluated only by average delay or throughput but should also consider the distribution of service 
quality across users and objectives. 

Nevertheless, many multi-objective traffic signal control methods still rely on predefined or 
slowly changing preference structures. Once the reward weights are fixed before training, the 
learned policy may not respond properly to sudden changes in pedestrian demand or vehicle queue 
pressure. Training separate policies for different objective preferences is also inefficient and difficult 
to generalize. Therefore, a more flexible approach is to condition the value function or policy on a 
preference vector, allowing a single controller to adapt its behavior to different optimization 
priorities. 

 
2.4. LLM-Assisted Traffic Signal Control and Event-Triggered Preference Guidance 

 
Large language models have recently attracted attention in intelligent transportation systems due 

to their reasoning capabilities and potential for generalization. For example, LLMLight uses large 
language models as traffic signal control agents, while LLM-Assisted Light integrates LLM reasoning 
with traffic signal control to improve human-mimetic decision-making in complex urban 
environments [15, 16]. These studies indicate that LLMs can provide high-level reasoning beyond 
conventional numerical reward functions. However, directly using an LLM as a low-level signal 
controller also introduces important challenges. First, real-time signal control requires fast, stable 
decisions, whereas online LLM inference may introduce latency and computational overhead. 
Second, LLM-generated decisions may be sensitive to prompt design and may contain hallucinated 
or inconsistent reasoning. Third, if LLM outputs are used to frequently adjust reward preferences 
during reinforcement learning, the learning objective becomes non-stationary, which may reduce 
training stability and policy convergence. 

To address these issues, the present study does not use the LLM to directly select signal phases 
or green durations. Instead, the LLM is used as a low-frequency high-level preference generator. LLM 
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is invoked only when a conflict-aware event trigger indicates that the current traffic state has entered 
a critical condition.  

This event-triggered design provides a compromise between adaptive reasoning and learning 
stability. The LLM contributes contextual preference adaptation, while the reinforcement learning 
agent remains responsible for fast, low-level control execution.  

Finally, the low-level learning module of the present framework is grounded in established 
reinforcement learning formulations and value-based deep reinforcement learning algorithms. 
Reinforcement learning control problems are commonly formulated using Markov decision processes 
[20, 21], while DQN and its stabilized variants, including dueling network architectures, Double DQN, 
and prioritized experience replay, provide useful foundations for stable value-based policy learning 
[22-25]. 

 
3. Proposed Methodology 
3.1. Problem Formulation and Constrained Action Space 

 
This study considers a signalized intersection control problem under mixed vehicle–pedestrian 

traffic conditions. The objective is to dynamically allocate green time to signal phases while balancing 
vehicle efficiency, pedestrian service fairness, and operational stability. Unlike unconstrained 
reinforcement learning methods that allow an agent to freely select both the signal phase and the 
green duration, the proposed framework follows a fixed phase sequence and allows the agent to 
determine only the green duration of the currently served phase. This design is introduced to improve 
deployment feasibility and prevent unrealistic signal behaviors such as phase starvation and reward 
hacking. The signal control process is formulated as a Markov Decision Process (MDP), defined as: 

 
ℳ = (𝒮,𝒜,𝒫, 𝑟, 𝛾)                       (1) 

 
where 𝒮  denotes the state space, 𝒜  denotes the constrained action space, 𝒫  represents the 

transition probability of the traffic environment, 𝑟  is the immediate reward, and 𝛾 ∈ [0,1] is the 
discount factor. At each decision epoch 𝑡, the controller observes the current traffic state and signal 
phase, and then selects a green duration according to the learned policy. 

The physical traffic state is represented by a five-dimensional vector: 
 

𝑠𝑡 = [𝑁𝑡
𝑣, 𝑄𝑡

𝑣, 𝐶𝑡
𝑠 , 𝑁𝑡

𝑝, 𝑄𝑡
𝑝]                      (2) 

 
where 𝑁𝑡

𝑣  denotes the total number of vehicles in the controlled area, 𝑄𝑡
𝑣 denotes the number 

of queued vehicles, 𝐶𝑡
𝑠 denotes the cumulative number of vehicle stop-and-go events, 𝑁𝑡

𝑝 denotes 

the total number of pedestrians near the crossing area, and 𝑄𝑡
𝑝  denotes the number of waiting 

pedestrians. This state representation jointly captures vehicle demand, pedestrian demand, and 
operational instability caused by frequent stop-and-go movements. 

The current signal phase is denoted by 𝑝𝑡 ∈ {1,2, … , 𝑃}, where 𝑃 is the number of predefined 
signal phases. To satisfy practical traffic engineering constraints, the phase transition follows a fixed 
cyclic sequence: 

 
𝑝𝑡+1 = (𝑝𝑡 mod 𝑃) + 1                      (3) 
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Therefore, the agent is not allowed to skip phases, repeatedly serve a preferred phase, or directly 
change the signal phase order. The effective action is defined only as the green duration assigned to 
the current phase: 

 
𝑎𝑡 = 𝑑𝑡, 𝑑𝑡 ∈ 𝒟                      (4) 
 
where 𝒟 is the discrete set of feasible green durations. In this study, the duration set is defined 

as: 
 
𝒟 = {10,20,30} s                      (5) 
 
After each green interval, a fixed all-red clearance time 𝜏𝑟 is inserted before the next phase is 

activated: 
 
𝜏𝑡 = 𝑑𝑡 + 𝜏𝑟                      (6) 
 
where 𝜏𝑡  denotes the total execution time of one decision step. In the experimental 

implementation, 𝜏𝑟 is set to 3 s. 
To support multi-objective adaptive control, a preference vector is introduced: 
 

𝛚𝑡 = [𝜔𝑡
𝑣, 𝜔𝑡

𝑝, 𝜔𝑡
𝑒]                    (7) 

 

where 𝜔𝑡
𝑣 , 𝜔𝑡

𝑝 , and 𝜔𝑡
𝑒  represent the relative importance of vehicle efficiency, pedestrian 

fairness, and emission-related operational stability, respectively. The preference weights satisfy: 
 

𝜔𝑡
𝑣 + 𝜔𝑡

𝑝 + 𝜔𝑡
𝑒 = 1                    (8) 

𝜔𝑡
𝑣 ≥ 0, 𝜔𝑡

𝑝 ≥ 0, 𝜔𝑡
𝑒 ≥ 0 

 
The control objective is to learn a preference-conditioned policy 𝜋(𝑑𝑡 ∣ 𝑠𝑡, 𝑝𝑡, 𝛚𝑡) that maximizes 

the expected discounted return: 
 
max
𝜋
 𝔼𝜋[∑ 𝛾𝑡𝑇

𝑡=0 𝑟(𝑠𝑡, 𝑝𝑡, 𝑑𝑡, 𝛚𝑡)]                 (9) 

 
Subject to the fixed phase sequence constraint and the feasible green duration set. In this way, 

the controller can adapt its green-time allocation strategy to both the observed traffic state and the 
high-level multi-objective preference. 

 
3.2. Preference-Conditioned Action-Value Learning 

 
Based on the constrained signal control formulation in Section 3.1, the low-level controller is 

designed to learn a preference-conditioned action-value function within a DQN-style value-learning 
framework. The key idea is that the same physical traffic state may require different control 
responses depending on the high-level preferences. For example, when pedestrian waiting becomes 
critical, the controller should allocate green time to improve pedestrian service fairness; when 
vehicle queues dominate, the controller should prioritize vehicle discharge efficiency. Therefore, the 
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proposed framework explicitly conditions the action-value function on the multi-objective 
preference vector. 

Before being fed into the neural network, the physical state is normalized to reduce the scale 
difference among heterogeneous traffic variables: 

 

𝑠‾𝑡 = clip (
𝑠𝑡

𝑠max
, 0,5)                   (10) 

 
where 𝑠max is the normalization vector for the physical state variables. The current phase 𝑝𝑡 is 

encoded as a one-hot vector 𝑒(𝑝𝑡). The complete input to the conditional Q-network is then defined 
as: 

 
𝑧𝑡 = [𝑠‾𝑡, 𝑒(𝑝𝑡),𝜔𝑡]                   (11) 
 
where 𝑠‾𝑡 denotes the normalized physical traffic state, 𝑒(𝑝𝑡) denotes the encoded current phase, 

and 𝜔𝑡 denotes the high-level preference vector. The preference-conditioned action-value function 
is expressed as: 

 
𝑄𝜃(𝑠𝑡, 𝑝𝑡, 𝑑𝑡 ∣ 𝜔𝑡) = 𝑄𝜃(𝑧𝑡, 𝑑𝑡)                 (12) 
 
where 𝜃  represents the parameters of the Q-network, and 𝑑𝑡 ∈ 𝒟  denotes a feasible green 

duration. In this study, the action-value network outputs the Q-values of all candidate green 
durations simultaneously: 

 
𝑄𝜃(𝑧𝑡) = [𝑄𝜃(𝑧𝑡, 𝑑1), 𝑄𝜃(𝑧𝑡, 𝑑2), … , 𝑄𝜃(𝑧𝑡, 𝑑𝐾)]            (13) 
 
where 𝐾 = |𝒟| is the number of duration options. 
To improve learning stability, a dueling network structure is adopted. The network decomposes 

the action-value function into a state-value term and an advantage term: 
 

𝑄𝜃(𝑧𝑡, 𝑑𝑡) = 𝑉𝜃(𝑧𝑡) + 𝐴𝜃(𝑧𝑡, 𝑑𝑡) −
1

𝐾
∑ 𝐴𝜃
𝐾
𝑗=1 (𝑧𝑡 , 𝑑𝑗)          (14) 

 
where 𝑉𝜃(𝑧𝑡) estimates the value of the current traffic condition under the given preference, and 

𝐴𝜃(𝑧𝑡, 𝑑𝑡) estimates the relative advantage of selecting a specific green duration. This decomposition 
helps the controller distinguish the overall urgency of the traffic state from the relative benefit of 
each duration choice. 

During training, the controller follows an 𝜀-greedy exploration strategy. The selected duration is 
given by: 

 

𝑑𝑡 = {
random duration from 𝒟, with probability 𝜀
𝑎𝑟𝑔𝑚𝑎𝑥

𝑑∈𝒟
𝑄𝜃(𝑧𝑡, 𝑑), with probability 1 − 𝜀       (15) 

 
After the action is executed in the microscopic simulation environment, the transition is stored 

in the replay buffer as: 
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(𝑠𝑡, 𝑝𝑡, 𝜔𝑡, 𝑑𝑡 , 𝑟𝑡, 𝑠𝑡+1, 𝑝𝑡+1, 𝜔𝑡+1, 𝛿𝑡)          (16) 
 
where 𝛿𝑡 is the terminal indicator.  
The Q-network is updated using a Double DQN target. The online network first selects the next 

duration: 
 
𝑑𝑡+1
⋆ = 𝑎𝑟𝑔𝑚𝑎𝑥

𝑑′∈𝒟
𝑄𝜃(𝑧𝑡+1, 𝑑′)          (17) 

 
Then the target network evaluates the selected duration: 
 
𝑦𝑡 = 𝑟𝑡 + 𝛾(1 − 𝛿𝑡)𝑄𝜃‾ (𝑧𝑡+1, 𝑑𝑡+1

⋆ )         (18) 
 

where 𝜃‾  denotes the parameters of the target network. The training loss is defined as the 
priority-weighted Huber loss: 

 

ℒ(𝜃) =
1

𝐵
∑ 𝑤𝑖
𝐵
𝑖=1 ⋅ 𝐻𝑢𝑏𝑒𝑟(𝑦𝑖 − 𝑄𝜃(𝑧𝑖, 𝑑𝑖))        (19) 

 
where 𝐵𝑤𝑖is the mini-batch size.The target network is softly updated by: 
 

𝜃‾ ← 𝜏𝜃 + (1 − 𝜏)𝜃‾           (20) 
 
where 𝜏 is the soft update coefficient. 
Through this preference-conditioned learning mechanism, the proposed controller does not need 

to train a separate policy for each combination of objective weights. Instead, a single conditional Q-
network can adapt its green-duration decision based on the current traffic state, signal phase, and a 
dynamically updated preference vector. This design provides the learning foundation for the event-
triggered LLM-based preference adaptation introduced in the next section. 

 
3.3. Event-Triggered LLM-Based Preference Adaptation 

 
The preference vector introduced in Section 3.1 determines the relative importance of vehicle 

efficiency, pedestrian fairness, and emission-related operational stability. A straightforward strategy 
is to update this preference vector at every decision epoch. However, frequent changes in 
preferences may lead to a non-stationary reward landscape for the low-level reinforcement learning 
agent. In addition, continuous invocation of an LLM introduces unnecessary latency and 
computational cost. Therefore, this study adopts an event-triggered preference adaptation 
mechanism, in which the LLM is used only as a low-frequency high-level preference generator rather 
than a direct traffic signal controller. 

At each decision epoch, a human-vehicle conflict index is calculated from the current traffic state. 
The index considers three normalized components: pedestrian queue pressure, pedestrian waiting 
pressure, and vehicle queue pressure. These components are defined as: 

 

𝑐𝑡
𝑝𝑞 = 𝑚𝑖𝑛 (

𝑄𝑡
𝑝

𝑄𝑚𝑎𝑥
𝑝 , 𝑐𝑚𝑎𝑥)           (21) 
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𝑐𝑡
𝑝𝑤 = 𝑚𝑖𝑛 (

𝑊𝑡
𝑝

𝑊𝑚𝑎𝑥
𝑝 , 𝑐𝑚𝑎𝑥)           (22) 

𝑐𝑡
𝑣𝑞 = 𝑚𝑖𝑛 (

𝑄𝑡
𝑣

𝑄𝑚𝑎𝑥
𝑣 , 𝑐𝑚𝑎𝑥)           (23) 

 

where 𝑄𝑡
𝑝 is the number of waiting pedestrians, 𝑊𝑡

𝑝 is the maximum pedestrian waiting time at 

decision epoch 𝑡, and 𝑄𝑡
𝑣 is the number of queued vehicles. 𝑄max

𝑝 , 𝑊max
𝑝 , and 𝑄max

𝑣  are normalization 
constants, while 𝑐max is an upper clipping bound used to prevent extreme values from dominating 
the trigger judgment. 

The overall conflict index is then defined as a weighted aggregation of the three components: 
 

ℎ𝑡 = 𝛼𝑝𝑞𝑐𝑡
𝑝𝑞 + 𝛼𝑝𝑤𝑐𝑡

𝑝𝑤 + 𝛼𝑣𝑞𝑐𝑡
𝑣𝑞         (24) 

 
where 𝛼𝑝𝑞, 𝛼𝑝𝑤, and 𝛼𝑣𝑞 are non-negative coefficients representing the relative importance of 

pedestrian queue pressure, pedestrian waiting pressure, and vehicle queue pressure, respectively. In 
the experimental implementation, the three coefficients are set to 0.35, 0.40, and 0.25, respectively.  

To avoid frequent switching between normal and emergency states, a hysteresis-based event 
trigger is introduced. Let 𝑒𝑡 ∈ {0,1}  denote whether the system is in an emergency state. Two 
thresholds are used: an activation threshold 𝜂𝑜𝑛 and a recovery threshold 𝜂𝑜𝑓𝑓, where 𝜂𝑜𝑛 > 𝜂𝑜𝑓𝑓. 

The emergency state is updated as follows: 
 

𝑒𝑡 = 1, if 𝑒𝑡−1 = 0 and ℎ𝑡 ≥ 𝜂𝑜𝑛 
𝑒𝑡 = 0, if 𝑒𝑡−1 = 1 and ℎ𝑡 ≤ 𝜂𝑜𝑓𝑓         (25) 

𝑒𝑡 = 𝑒𝑡−1, otherwise 
 
In this study, 𝜂𝑜𝑛 and 𝜂𝑜𝑓𝑓 are set to 0.40 and 0.20, respectively. The hysteresis band prevents 

the controller from repeatedly invoking the LLM when the conflict index fluctuates around a single 
threshold. When the conflict index exceeds the activation threshold, the LLM is awakened to 
generate a new preference vector. When the conflict index falls below the recovery threshold, the 
system exits the emergency state and returns to a neutral or rule-based preference. 

The LLM receives the current physical traffic state, the maximum pedestrian waiting time, and 
the previous preference vector as contextual inputs. Its output is constrained to a normalized three-
dimensional preference vector: 

 

𝜔𝑡
𝐿𝐿𝑀 = 𝑔𝐿𝐿𝑀(𝑠𝑡,𝑊𝑡

𝑝, 𝜔𝑡−1) 

𝜔𝑡
𝐿𝐿𝑀 = [𝜔𝑡

𝑣, 𝜔𝑡
𝑝, 𝜔𝑡

𝑒], 𝜔𝑡
𝑣 + 𝜔𝑡

𝑝 + 𝜔𝑡
𝑒 = 1        (26) 

 
where 𝑔𝐿𝐿𝑀(⋅) denotes the LLM-based preference generator. The prompt instructs the LLM to 

increase the pedestrian fairness weight when pedestrian backlog or maximum waiting time is high, 
increase the vehicle efficiency weight when vehicle queue spillback risk is high, and increase the 
emission-related stability weight under relatively stable under-saturated conditions. The LLM is 
explicitly prohibited from selecting signal phases or green durations; it only outputs high-level 
preference weights for the low-level reinforcement learning controller. 

When the LLM is unavailable or when the event trigger is not activated, a deterministic rule-based 
fallback is used to maintain robustness. The fallback preference is defined as: 



 Journal of Urban Intelligence and Smart Systems 

Volume 1, (2026) 208-236 

218 
 
 

 

 

𝜔𝑡
𝑟𝑢𝑙𝑒 = {

[0.20,0.65,0.15], if 𝑊𝑡
𝑝 ≥ 45 s or 𝑄𝑡

𝑝 ≥ 6

[0.65,0.20,0.15], if 𝑄𝑡
𝑣 ≥ 10

[0.35,0.35,0.30], otherwise

       (27) 

 
The final preference vector used by the low-level controller is determined by the trigger status: 
 

𝜔𝑡 = {

𝜔𝑡
𝐿𝐿𝑀, if the activation condition is satisfied

𝜔𝑡
𝑐𝑎𝑐ℎ𝑒 , if the system remains in the emergency state

𝜔𝑡
𝑟𝑢𝑙𝑒 , otherwise

      (28) 

 

where 𝜔𝑡
𝑐𝑎𝑐ℎ𝑒  denotes the most recently accepted LLM-generated preference. This cache 

mechanism keeps the preference signal stable during an emergency interval and avoids rapid reward 
reshaping. As a result, the proposed event-triggered adaptation mechanism enables the controller 
to respond to critical human-vehicle conflicts while preserving the convergence stability of the low-
level reinforcement learning process. 

 
3.4. Multi-Objective Reward Design with Pedestrian Fairness Penalty 

 
The reward function is designed to guide the low-level reinforcement-learning controller toward 

balanced signal-timing decisions across different high-level preference vectors. Since the proposed 
framework aims to jointly consider vehicle efficiency, pedestrian service fairness, and operational 
stability, the immediate reward is decomposed into three interpretable components: a vehicle-
efficiency component, a pedestrian-fairness component, and an emission-related stability 
component. The final reward is obtained by weighting these components with the preference vector 
generated by the high-level module. 

At decision step 𝑡, let 𝑁𝑡
𝑝𝑎𝑠𝑠 denote the number of vehicles that pass through the controlled area 

during the current control interval, 𝑄𝑡
𝑣  denote the number of queued vehicles, 𝑄𝑡

𝑝  denote the 
number of waiting pedestrians, 𝑊𝑡

𝑚𝑎𝑥  denote the maximum pedestrian waiting time observed at the 
current step, and 𝛥𝐶𝑡

𝑠  denote the newly generated vehicle stop-and-go events. To reduce the 
sensitivity of learning to the absolute magnitudes of traffic variables, the main reward-related 
quantities are normalized as follows: 

 

𝑁𝑡
𝑝𝑎𝑠𝑠,𝑛 = 𝑚𝑖𝑛 (

𝑁𝑡
𝑝𝑎𝑠𝑠

𝑁𝑚𝑎𝑥
𝑝𝑎𝑠𝑠 , 1.5)          (29) 

𝑄𝑡
𝑣,𝑛 = 𝑚𝑖𝑛 (

𝑄𝑡
𝑣

𝑄𝑚𝑎𝑥
𝑣 , 1.5)           (30) 

𝑄𝑡
𝑝,𝑛 = 𝑚𝑖𝑛 (

𝑄𝑡
𝑝

𝑄𝑚𝑎𝑥
𝑝 , 1.5)           (31) 

𝛥𝐶𝑡
𝑠,𝑛 = 𝑚𝑖𝑛 (

𝛥𝐶𝑡
𝑠

𝐶𝑚𝑎𝑥
𝑠 , 1.5)           (32) 

 
The vehicle-efficiency component rewards vehicle discharge and penalizes excessive vehicle 

queues: 
 

𝑟𝑡
𝑣 = 𝜌𝑝𝑎𝑠𝑠𝑁𝑡

𝑝𝑎𝑠𝑠,𝑛 − 𝜌𝑣𝑞𝑄𝑡
𝑣,𝑛          (33) 
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where 𝜌𝑝𝑎𝑠𝑠 controls the positive contribution of vehicle throughput and 𝜌𝑣𝑞 controls the penalty 

for vehicle queue accumulation. 
The pedestrian-fairness component penalizes both pedestrian queue accumulation and extreme 

pedestrian waiting. It is defined as: 
 

𝑟𝑡
𝑝 = −𝜌𝑝𝑞𝑄𝑡

𝑝,𝑛 − 𝜌𝑤𝑊𝑡
𝑚𝑎𝑥,𝑛          (34) 

 
where the nonlinear waiting penalty is calculated as: 
 

𝑊𝑡
𝑚𝑎𝑥,𝑛 = 𝑚𝑖𝑛 [(

𝑊𝑡
𝑚𝑎𝑥

𝑊𝑚𝑎𝑥
)
2

, 𝐶𝑓𝑎𝑖𝑟]          (35) 

 
The quadratic form assigns a stronger penalty to extreme pedestrian waiting than to short 

temporary waiting. This design is introduced to discourage policies that achieve high vehicle 
efficiency by repeatedly postponing pedestrian service. 

The emission-related operational stability component is represented by newly generated stop-
and-go events: 

 
𝑟𝑡
𝑒 = −𝜌𝑠𝛥𝐶𝑡

𝑠,𝑛            (36) 
 
where 𝜌𝑠 is the penalty coefficient for stop-and-go movements. In this study, this term is used as 

an operational proxy for emission-related instability because frequent stopping and restarting 
generally indicate unstable traffic progression and higher energy consumption. 

Given the preference vector 𝜔𝑡 = [𝜔𝑡
𝑣, 𝜔𝑡

𝑝, 𝜔𝑡
𝑒], the final immediate reward is defined as: 

 

𝑟𝑡 = 𝑐𝑙𝑖𝑝{𝜅(𝜔𝑡
𝑣𝑟𝑡

𝑣 + 𝜔𝑡
𝑝𝑟𝑡

𝑝 + 𝜔𝑡
𝑒𝑟𝑡

𝑒),−𝑅𝑚𝑎𝑥, 𝑅𝑚𝑎𝑥}       (37) 

 
where 𝜅 is a reward scaling factor and 𝑅𝑚𝑎𝑥 is the clipping bound used to avoid excessively large 

temporal-difference errors during training. 
This reward design has two important properties. First, the reward remains preference-

conditioned: changing 𝜔𝑡 changes the relative importance of vehicle discharge, pedestrian service, 
and operational stability without changing the structure of the low-level controller. Second, the 
pedestrian fairness penalty explicitly targets the maximum waiting time rather than only the average 
waiting level. This is important because average-based pedestrian indicators may hide individual 
extreme waiting cases, whereas the maximum waiting time directly reflects the service risk faced by 
vulnerable road users. 

 
3.5. Training and Online Decision Procedure 

 
The preceding subsections define the constrained signal control problem, the preference-

conditioned action-value function, the event-triggered LLM-based preference adaptation 
mechanism, and the multi-objective reward function. This subsection summarizes how these 
components are integrated during training and online decision-making. 
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Input: traffic simulation environment, duration set, replay buffer, Q-networks, trigger thresholds, 
and all-red clearance time. Output: trained preference-conditioned control policy. 

 
i. Initialize the online Q-network 𝑄𝜃 and the target Q-network 𝑄𝜃−. 

ii. Initialize the replay buffer ℛ and the cached preference vector 𝜔0. 
iii. For each training episode, reset the simulation environment and obtain the initial state 

𝑠0. 
iv. At each decision epoch 𝑡, observe the physical state 𝑠𝑡 , the current phase 𝑝𝑡 , and the 

maximum pedestrian waiting time. 
v. Compute the human-vehicle conflict index and update 𝜔𝑡 using the event-triggered LLM-

based preference adaptation module. 
vi. Select a green duration 𝑑𝑡 from 𝒟 using the epsilon-greedy strategy. 

vii. Execute 𝑑𝑡  under the fixed phase sequence constraint and insert the all-red clearance 
time 𝜏𝑟. 

viii. Observe the reward 𝑟𝑡 , the next state 𝑠𝑡+1 , the next phase 𝑝𝑡+1 , and the terminal 
indicator 𝛿𝑡. 

ix. Store the transition in the replay buffer. 
x. If the replay buffer is sufficiently large, sample a mini-batch and update 𝑄𝜃 by minimizing 

the temporal-difference loss. 
xi. Update the target network 𝑄𝜃− using soft parameter replacement. 
xii. Repeat steps 4-11 until the episode terminates. 

During online testing or deployment, the learning-related operations are removed. The trained 
Q-network is fixed, and the exploration rate is set to zero. At each decision epoch, the controller 
observes the current state, updates or retains the preference vector according to the event-triggered 
mechanism, and selects the green duration with the maximum Q-value: 

 
𝑑𝑡
∗ = 𝑎𝑟𝑔𝑚𝑎𝑥

𝑑∈𝒟
𝑄𝜃(𝑠𝑡, 𝑝𝑡, 𝜔𝑡, 𝑑)          (38) 

 
The selected green duration is then executed under the same fixed phase sequence and all-red 

clearance constraints.  
 

4. Experimental Design 
4.1. Simulation Environment and Study Scenarios 

 
The experiments are conducted in a microscopic traffic simulation environment based on PTV 

Vissim. A Python-based control interface communicates with the simulator through the COM 
automation interface, enabling the reinforcement learning controller to reset the simulation, assign 
random seeds, obtain real-time traffic states, execute green-time decisions, and record performance 
indicators. This closed-loop simulation design provides a controllable and repeatable environment 
for evaluating adaptive signal control strategies under mixed vehicle-pedestrian traffic conditions. 

Each simulation episode represents a 900s operational period. Before control decisions are 
evaluated, the simulator is advanced through an initial warm-up period to initialize traffic states and 
reduce the influence of empty-network conditions. During the controlled period, the signal controller 
follows the fixed cyclic phase sequence defined in Section 3.1. At each decision epoch, the controller 
determines only the green duration of the current phase, while the simulator enforces the phase 
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transition and the all-red clearance interval. This ensures that all compared methods are evaluated 
under the same signal safety constraints. 

The study uses three signalized intersection scenarios developed from Budapest intersection 
cases. To evaluate both policy learning and cross-scenario generalization, two scenarios are used for 
training, and one unseen scenario is reserved for zero-shot testing. Specifically, C2GQ+GC S3 and 
F393+MC4 S3 are used as training scenarios, while G22W+7C S3 is used as the test scenario (see Table 
1). The zero-shot testing setting is designed to assess whether the learned policy can maintain robust 
performance when transferred to a scenario not observed during training. 

 
Table 1 
Scenario split used in the experiments 

Scenario File name Role Purpose 

C2GQ+GC S3 C2GQ+GC S3 Training Policy learning under one observed traffic scenario 
F393+MC4 S3 F393+MC4 S3 Training Policy learning under another observed traffic scenario 
G22W+7C S3 G22W+7C S3 Testing Zero-shot evaluation on an unseen traffic scenario 

 
For a fair comparison, the same simulation networks, demand settings, random seed protocol, 

phase sequence constraints, and evaluation horizon are applied to all baseline and ablation methods. 
Episode-level logs are used to report aggregate indicators, including throughput, average delay, 
average stops, maximum pedestrian waiting time, and total stops.  

 
4.2. Training and Testing Protocol 
 
A two-stage experimental protocol is adopted to evaluate the proposed ET-LCRL framework. The 

first stage trains the reinforcement-learning-based controllers on two signalized intersection 
scenarios, while the second stage evaluates the trained policies on an unseen scenario without any 
further fine-tuning. This setting is designed to assess both learning performance and cross-scenario 
generalization capability. 

Table 2 summarizes the complete training, evaluation, testing, and baseline comparison protocol 
used in the experiments. It clarifies the purpose of each experimental stage and the corresponding 
implementation setting. For non-learning baselines, such as fixed-time control and max-pressure 
control, the same simulation horizon and random seed setting are used to ensure fair comparison. 
For RL-based variants, the same training and testing protocol is applied wherever applicable. All 
episode-level and step-level trajectories are recorded for subsequent statistical analysis, including 
vehicle efficiency, pedestrian fairness, operational stability, and LLM invocation characteristics. 

To improve stability, the target network is updated via soft-update, and the best model is selected 
based on the mean evaluation reward from periodic evaluations. 

Periodic evaluation is conducted during training without selecting exploratory actions. In the 
evaluation episodes, the exploration rate is set to zero, and the agent always selects the green 
duration with the highest estimated action value. The evaluation results are used only for model 
selection and monitoring training progress; they are not used for gradient updates. After training, 
the best-performing checkpoint of each trainable variant is loaded for final testing. The final testing 
stage is conducted only on the unseen scenario. No policy updates, replay buffer updates, or 
parameter fine-tuning is performed during testing. This zero-shot testing protocol ensures that the 
reported performance reflects each controller's generalization ability rather than adaptation to the 
test scenario. 
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For non-learning baselines, such as fixed-time control and max-pressure control, the same 
simulation horizon and random seed setting are used to ensure fair comparison. For RL-based 
variants, the same training and testing protocol is applied wherever applicable. 
 
Table 2 
Training and testing protocol used in the experiments 

Stage Purpose Main setting 

Training Learn the preference-
conditioned control policy 

Trainable RL variants interact with two training scenarios; 
exploratory action selection and replay-buffer updates are enabled. 

Periodic 
evaluation 

Monitor convergence and 
select the best checkpoint 

Evaluation is conducted at fixed intervals with exploration disabled; 
evaluation episodes are not used for gradient updates. 

Final testing Assess zero-shot 
generalization 

The best checkpoint is loaded and evaluated on the unseen test 
scenario; no additional learning or fine-tuning is allowed. 

Baseline 
comparison 

Provide reference 
performance 

Fixed-time, max-pressure, vanilla DQN, and other comparison 
controllers are evaluated under the same simulation horizon and 
seed protocol. 

 
The key protocol settings used in the current implementation are summarized in Table 3. These 

settings define the experimental procedure and do not depend on the final numerical results. 
 

Table 3 
Key settings for training and zero-shot testing 

Item Setting 

Simulation horizon per episode 900 s 
Warm-up period 30 s 
Training scenarios C2GQ+GC S3 and F393+MC4 S3 
Unseen test scenario G22W+7C S3 
Training episodes 1,200 episodes in the current implementation 
Evaluation frequency during training Every 25 episodes 
Evaluation episodes per evaluation round 3 episodes 
Final test episodes 20 episodes per method 
Base random seed 42 
Checkpoint strategy Latest checkpoint saved periodically; the best checkpoint is selected 

according to evaluation reward 
Testing policy Greedy action selection with exploration disabled 

 
4.3. Baseline Methods 

 
To evaluate the effectiveness of the proposed ET-LCRL framework, this study compares it with 

both conventional signal control methods and reinforcement learning-based baselines (see Table 4). 
The comparison is designed to examine whether the proposed framework can improve pedestrian-
aware multi-objective signal control beyond fixed timing, pressure-based heuristic control, and 
standard deep reinforcement learning. In addition, several ablation variants are included to isolate 
the effects of event-triggered LLM preference adaptation, preference conditioning, and the 
pedestrian fairness penalty. 

All compared methods are implemented on the same simulation networks, with a fixed phase-
sequence constraint, a feasible green-duration set, an episode length, and a random-seed protocol. 
For reinforcement learning-based methods, the same training and testing protocol described in 
Section 4.2 is adopted unless otherwise stated. For non-learning methods, the controller is directly 
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evaluated in the same test scenario without gradient-based training. This design ensures that 
observed performance differences are primarily due to the control strategy rather than to differences 
in traffic demand, simulation horizon, or signal safety constraints. 

 
Table 4 
Baseline methods used for performance comparison 

Method Type Main control logic Purpose of comparison 

Fixed-Time Conventional 
baseline 

Uses a predefined timing plan 
and fixed cyclic phase sequence. 

Provides a simple engineering reference 
without adaptive response. 

Max-
Pressure 

Heuristic 
adaptive 
baseline 

Selects or favors service 
according to traffic pressure or 
queue imbalance. 

Tests whether the proposed method can 
balance efficiency with pedestrian service 
beyond pressure-based control. 

Vanilla-DQN RL baseline Learns green-duration decisions 
from traffic states without LLM 
guidance or preference 
conditioning. 

Evaluates the benefit of preference-
conditioned multi-objective learning over 
standard DQN. 

ET-LCRL Proposed 
method 

Uses event-triggered LLM-based 
preference adaptation and 
preference-conditioned Q-
learning under constrained phase 
sequencing. 

Serves as the proposed method for 
comparison with other control methods. 
Fixed-time, max-pressure, vanilla DQN, and 
ablation variants are evaluated under the 
same simulation horizon and seed protocol. 

 
The fixed-time controller represents a commonly used non-adaptive signal control strategy. It 

follows the predefined phase sequence and applies fixed green durations throughout the simulation. 
Although this method is easy to deploy and interpret, it cannot respond to real-time fluctuations in 
vehicle and pedestrian demand. The max-pressure controller is included as an adaptive heuristic 
baseline. It is designed to prioritize traffic movements with higher pressure or queue imbalance, and 
therefore usually favors vehicle throughput and queue dissipation. However, because the pressure 
objective is primarily vehicle-oriented, it may not sufficiently account for pedestrian waiting fairness 
under conflicting demand conditions. 

The Vanilla-DQN baseline removes both LLM-based preference adaptation and preference 
conditioning. It uses the physical traffic state and current phase information to learn green-duration 
decisions, but it does not receive the multi-objective preference vector. Therefore, the comparison 
between Vanilla-DQN and ET-LCRL evaluates whether preference-conditioned learning and high-level 
preference adaptation improve multi-objective control performance. 

 
4.4. Evaluation Metrics 

 
To provide a balanced assessment of the proposed controller, the evaluation metrics are 

designed to cover vehicle efficiency, pedestrian service fairness, operational stability, and LLM 
invocation cost. Since the objective of this study is not to optimize a single traffic performance 
indicator, relying only on vehicle throughput or average delay may lead to a biased interpretation. 
Therefore, the final comparison considers both conventional traffic efficiency indicators and 
pedestrian-oriented fairness indicators. 

The primary vehicle-efficiency metric is throughput, defined as the number of vehicles that 
successfully depart from the controlled area during one episode: 

 
𝑇𝑣𝑒ℎ = 𝑁𝑑𝑒𝑝            (39) 
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where N_dep denotes the number of departed vehicles. A higher throughput indicates that the 

controller is able to discharge more vehicles within the same simulation horizon. 
Average delay is used to quantify the travel efficiency of vehicles in the network. It is obtained 

from the network performance measurement module of the microscopic simulation environment. A 
lower average delay indicates smoother vehicle progression and less congestion. 

To evaluate operational stability, the average number of vehicle stop-and-go events is calculated 
as: 

 

𝑆𝑎𝑣𝑔 =
𝑆𝑡𝑜𝑡𝑎𝑙

𝑚𝑎𝑥(1,𝑇𝑣𝑒ℎ)
            (40) 

 
where S_total denotes the cumulative number of vehicle stop-and-go events during an episode. 

This metric reflects the degree of instability in traffic operations. A lower value indicates fewer 
repeated stop-and-start movements, which is beneficial for both traffic smoothness and emission-
related operational stability. 

Pedestrian fairness is evaluated using the maximum pedestrian waiting time during an episode: 
 
𝑊𝑝𝑒𝑑

𝑚𝑎𝑥 = 𝑚𝑎𝑥
𝑘∈𝑃

𝑊𝑘            (41) 

 
where W_k denotes the waiting time of pedestrian k, and P denotes the set of pedestrians 

observed in the controlled area. Different from average waiting time, this indicator focuses on the 
most underserved pedestrians and is therefore more suitable for evaluating extreme unfairness. A 
lower maximum pedestrian waiting time indicates that the controller can more effectively prevent 
long pedestrian delays. 

In addition to the final traffic performance metrics, several diagnostic indicators are recorded to 
analyze the proposed framework's internal behavior. The first diagnostic indicator is the mean 
human-vehicle conflict index over an episode: 

 

𝐻𝑚𝑒𝑎𝑛 =
1

𝐾
∑ ℎ𝑡
𝐾
𝑡=1            (42) 

 
where h_t is the conflict index at decision step t, and K is the total number of decision steps in an 

episode. The maximum conflict index is also recorded to identify whether a controller produces 
severe transient conflict states. The second diagnostic indicator is the number of LLM queries per 
episode. This metric measures how frequently the high-level LLM preference generator is activated. 
It is particularly important for evaluating the computational practicality of the proposed event-
triggered mechanism. A lower number of LLM queries indicates lower online inference cost and lower 
communication latency. The third diagnostic indicator is the number of preference switches. It 
records how often the preference vector changes during an episode. This metric is used to evaluate 
whether the controller produces stable high-level optimization priorities. Excessive preference 
switching may indicate non-stationary control objectives and can destabilize low-level reinforcement 
learning. 

Among these indicators, throughput, average delay, average stops, and total stops evaluate 
vehicle-oriented operational performance; maximum pedestrian waiting time evaluates fairness for 
vulnerable road users; and LLM queries, preference switches, and conflict-related metrics are used 
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to explain the internal behavior of the proposed ET-LCRL framework. This metric design enables the 
experimental analysis to assess whether the proposed controller achieves a balanced trade-off 
among efficiency, fairness, stability, and computational practicality. 

 
4.5. Implementation Details and Parameter Settings 

 
Table 5 indicate the experimental configurations. All methods were implemented in Python and 

interacted with the microscopic simulation environment through the Vissim COM interface. The 
reinforcement learning modules were implemented with PyTorch. To ensure a fair comparison, the 
same simulation duration, state definition, phase-sequence constraint, feasible green-duration set, 
and random-seed protocol were used for all compared methods, except for the intentionally 
modified modules in the ablation variants. Each episode corresponds to a complete 900 s simulation 
run. During training, the agent periodically performs evaluation episodes without exploratory 
actions, and the checkpoint with the best evaluation reward is saved for final testing. During testing, 
the learned policy is fixed, and no further gradient update is performed on the unseen scenario. 

 
Table 5 
Main experimental configuration 

Item Setting 

Simulation software PTV Vissim microscopic traffic simulation 
Python interface Vissim COM interface 
RL implementation PyTorch-based DQN implementation 
Simulation period per episode 900 s 
Warm-up period 30 s 
Simulation resolution 5 simulation steps per second 
Training episodes 1200 in the current experimental configuration 
Evaluation frequency Every 25 training episodes 
Evaluation episodes 3 episodes per evaluation round 
Testing episodes 20 episodes on the unseen scenario 
Random seed Base seed = 42; episode-level seeds are generated by offsetting the base seed 
Device CUDA if available; otherwise CPU 

 
The reinforcement learning hyperparameters are reported in Table 6. A prioritized replay buffer 

is used for the proposed ET-LCRL and other conditioned RL variants.  
 

Table 6 
Reinforcement learning hyperparameters 

Parameter Value 

Discount factor gamma 0.99 
Learning rate 1 x 10^-3 
Batch size 64 
Replay buffer capacity 20,000 transitions 
Minimum buffer size before learning 512 transitions 
Initial exploration rate epsilon 1.00 
Minimum exploration rate 0.05 
Epsilon decay factor 0.995 
Soft target update coefficient tau 0.01 
Prioritized replay alpha 0.60 
Initial importance-sampling beta 0.40 
PER beta annealing frames 100,000 
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The loss function is the Huber loss, and gradient clipping is applied to improve numerical stability. 
The target network is updated using soft updates, which helps reduce abrupt changes in the 
bootstrapped target values. 

The state, action, and preference-related settings are summarized in Table 7. The physical traffic 
state is normalized before entering the neural network. The action space contains three feasible 
green duration options, and the phase sequence is enforced by the environment. Therefore, the 
agent is trained to allocate green time under practical constraints of signal operation rather than to 
freely select arbitrary phases. 

 
Table 7 
Main experimental configuration 

Item Setting 

Physical state dimension 5 
Phase encoding dimension 2 
Preference vector dimension 3 
Number of signal phases 2 
Feasible green durations {10 s, 20 s, 30 s} 
Minimum green time 10 s 
Maximum green time 30 s 
All-red clearance time 3 s 
State normalization scales [60, 30, 300, 40, 20] 
Preference dimensions Vehicle efficiency, pedestrian fairness, emission-related operational stability 

 
The event-triggered LLM adaptation settings are given in Table 8. The conflict index is computed 

from pedestrian queue pressure, pedestrian waiting pressure, and vehicle queue pressure. A 
hysteresis band is used to avoid frequent preference switching. When the conflict index exceeds the 
upper threshold, the LLM is activated to update the preference vector. When the conflict index falls 
below the lower threshold, the system exits the emergency state and returns to a balanced 
preference unless a new emergency is detected. If the LLM is unavailable or returns invalid output, a 
deterministic, rule-based fallback is used to ensure a valid, normalized preference vector. 

  
Table 8 
Event-triggered LLM adaptation settings 

Parameter Value 

LLM role High-level preference generator only 
LLM output Normalized weights for vehicle efficiency, pedestrian fairness, 

and operational stability 
LLM model in implementation tongyi-xiaomi-analysis-pro 
API interface OpenAI-compatible DashScope interface 
Trigger threshold eta_on 0.40 
Recovery threshold eta_off 0.20 
LLM cooldown steps 0 in the current configuration 
Pedestrian queue normalization constant 10.0 
Pedestrian waiting normalization constant 60.0 s 
Vehicle queue normalization constant 20.0 
Pedestrian queue coefficient 0.35 
Pedestrian waiting coefficient 0.40 
Vehicle queue coefficient 0.25 
Rule-based fallback Enabled 
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5. Results and Analysis 
 

This section evaluates the proposed ET-LCRL framework from three complementary perspectives: 
overall traffic performance, pedestrian fairness and operational stability, and the behavior of the 
event-triggered LLM-guided preference-adaptation mechanism. All reported test results are 
averaged over ten runs on the unseen test scenario under the same simulation horizon, traffic-
demand setting, signal constraints, and random-seed protocol. Because the proposed controller is 
explicitly multi-objective, the results are interpreted jointly rather than by ranking the methods 
according to a single traffic indicator. 
5.1. Overall Comparison of Control Performance 

 
The overall comparison first considers episode reward, throughput, and average vehicle delay. 

These indicators characterize aggregate control performance and vehicle-oriented efficiency, but 
they do not by themselves measure pedestrian fairness or stop-and-go stability. Consequently, a 
method with the highest reward or throughput should not automatically be regarded as the best 
overall controller if that gain is accompanied by unfavorable service or stability outcomes. 

The numerical results used in the subsequent comparisons are summarized in Table 9, which 
reports both performance outcomes and mechanism-level diagnostic indicators for the seven 
controllers. 

 
Table 9 
Summary of performance and diagnostic indicators on the unseen test scenario 

Metric 
Vanilla 

DQN 
ET-LCRL 

Fixed- 

time 

Max- 

pressure 

ET-LCRL 

w/o 

fairness 

Fixed 

preference 

Rule-

only 

preference 

Reward -27.65 22.11 -45.00 87.60 10.80 -32.09 35.48 

Throughput 366.7 317.7 355.3 410.5 325.1 339.6 314.8 

Avg. delay (s) 8.099 7.468 17.798 11.293 12.683 7.304 16.043 

Avg. stops 0.434 0.432 0.720 0.555 0.525 0.414 0.607 

Max ped. wait (s) 35.9 32.2 39.2 37.3 33.6 38.5 36.3 

Total stops 159.4 137.0 255.7 228.1 140.7 170.5 190.8 

LLM queries 0.0 3.3 0.0 0.0 5.0 0.0 0.0 

Preference switches 0.0 20.3 0.0 0.0 21.0 0.0 26.5 

Conflict mean 0.2489 0.2031 0.2856 0.2970 0.2225 0.2183 0.2627 

Conflict max 0.5116 0.5500 0.5846 0.5689 0.5223 0.5460 0.5010 

Note: Higher values are better for reward and throughput; lower values are better for delay, stop, pedestrian-waiting, and conflict measures. LLM queries and 
preference switches are diagnostic indicators. 
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Fig. 1. Episode Reward Comparison Across Controllers 

 
Fig. 1 compares the mean episode reward of the seven controllers. Max-pressure achieves the 

highest reward, with a mean value of 87.60, followed by Rule-only preference at 35.48. ET-LCRL 
obtains a positive mean reward of 22.11 and ranks third, outperforming ET-LCRL w/o fairness (10.80), 
Vanilla DQN (-27.65), Fixed preference (-32.09), and Fixed-time control (-45.00). The strong Max-
pressure result is consistent with its pressure-responsive logic, which aggressively serves movements 
with high queue pressure. However, episode reward is an aggregate optimization signal and does not 
independently describe pedestrian service quality or the stability of vehicle progression. 

Vehicle throughput shows a similar efficiency-oriented pattern. Max-pressure achieves the 
highest throughput, at 410.5 vehicles per episode, followed by Vanilla DQN at 366.7 vehicles per 
episode. ET-LCRL processes 317.7 vehicles, which is approximately 22.6% lower than Max-pressure 
and 13.4% lower than Vanilla DQN. This reduction represents the principal efficiency trade-off of the 
proposed controller. Unlike strongly vehicle-oriented strategies, ET-LCRL allocates control priority 
among vehicle efficiency, pedestrian fairness, and operational stability rather than maximizing 
discharge alone. The comparison with ET-LCRL w/o fairness is particularly informative: removing the 
fairness-oriented component raises throughput only from 317.7 to 325.1 vehicles, an increase of 
approximately 2.3%. 
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Fig. 2. Average Vehicle Delay Comparison Across Controllers 

 
Fig. 2 presents the average vehicle delay. Fixed preference achieves the lowest mean delay of 

7.304 s, while ET-LCRL ranks second at 7.468 s, only 0.164 s higher. Vanilla DQN records 8.099 s, 
followed by Max-pressure at 11.293 s, ET-LCRL w/o fairness at 12.683 s, Rule-only preference at 
16.043 s, and Fixed-time control at 17.798 s. Compared with Vanilla DQN, ET-LCRL reduces average 
delay by approximately 7.8%, and the reduction relative to Fixed-time reaches approximately 58.0%. 

The ablation result further indicates that introducing the complete fairness-aware framework 
does not simply exchange pedestrian benefits for deteriorating vehicle efficiency. Compared with ET-
LCRL w/o fairness, the complete ET-LCRL reduces average delay from 12.683 s to 7.468 s, increases 
episode reward from 10.80 to 22.11, and sacrifices only approximately 2.3% of throughput. At the 
same time, the comparison with Fixed preference shows that a static objective weighting can achieve 
very low delay when it matches the prevailing conditions, but it lacks an explicit mechanism to adjust 
the optimization priority as pedestrian-vehicle conflicts evolve. 

Overall, ET-LCRL does not dominate every vehicle-oriented indicator. Its throughput is lower than 
that of several efficiency-oriented controllers, and its reward remains below Max-pressure and Rule-
only preference. Nevertheless, it preserves near-best vehicle-delay performance while avoiding an 
exclusively throughput-oriented policy. The value of this trade-off is examined next through the 
lenses of pedestrian fairness and stop-related operational stability. 

 
5.2. Pedestrian Fairness and Operational Stability 

 
A central objective of ET-LCRL is to prevent improved vehicle efficiency from being achieved at 

the expense of vulnerable road users or unstable stop-and-go operation. Pedestrian fairness is 
therefore evaluated using the maximum pedestrian waiting time, which focuses on the most 
underserved pedestrian rather than the average pedestrian condition. Operational stability is 
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evaluated using stop-related indicators, because frequent stopping and restarting indicate 
discontinuous traffic progression and may offset the apparent benefit of high throughput. 

 
Fig. 3. Total Stop Comparison Across Controllers 

 
Fig. 3 shows the total number of vehicle stops. ET-LCRL achieves the lowest value among all 

controllers, with 137.0 stops per episode. ET-LCRL w/o fairness follows at 140.7, while Vanilla DQN 
and Fixed preference record 159.4 and 170.5 stops, respectively. Rule-only preference produces 
190.8 stops, whereas Max-pressure and Fixed-time generate substantially higher values of 228.1 and 
255.7. Relative to Max-pressure, ET-LCRL reduces total stops by approximately 39.9%, and the 
reduction relative to Fixed-time reaches approximately 46.4%. 

The total-stop comparison is important because it reveals an operational consequence that is not 
visible from throughput alone. Max-pressure processes substantially more vehicles than ET-LCRL, but 
it also generates approximately 66.5% more total stopping events. Thus, aggressive pressure-based 
discharge does not necessarily translate into smoother traffic progression. ET-LCRL also records an 
average-stop value of 0.432, close to the best-performing Fixed-preference controller at 0.414, 
indicating that the improved system-level stability is not achieved by increasing the typical stopping 
burden per vehicle. 
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Fig. 4. Maximum Pedestrian Waiting Time Comparison Across Controllers 

 
Fig. 4 presents the maximum pedestrian waiting time. ET-LCRL achieves the lowest value among 

all seven methods, at 32.2 s. ET-LCRL w/o fairness records 33.6 s, followed by Vanilla DQN at 35.9 s 
and Rule-only preference at 36.3 s. Max-pressure, Fixed preference, and Fixed-time produce higher 
maximum waiting times of 37.3, 38.5, and 39.2 s, respectively. Relative to Fixed-time, ET-LCRL 
reduces the maximum pedestrian waiting time by approximately 17.9%; the corresponding 
reductions relative to Max-pressure, Fixed preference, and Vanilla DQN are approximately 13.7%, 
16.4%, and 10.3%, respectively. 

The comparison with Fixed preference is particularly notable. Although fixed preference results 
in a marginally lower vehicle delay, its maximum pedestrian waiting time is approximately 19.6% 
higher than that of ET-LCRL. This indicates that strong vehicle-delay performance under a fixed 
weighting does not necessarily guarantee equitable pedestrian service. The fairness ablation 
provides additional support: removing the fairness component increases the maximum pedestrian 
waiting time from 32.2 to 33.6 s, whereas the complete framework improves both the maximum 
pedestrian waiting time and the total number of stops. 

Taken together, ET-LCRL achieves the lowest maximum pedestrian waiting time, the lowest total 
stops, and the second-lowest average vehicle delay. Its main disadvantage remains its lower 
throughput compared with strongly vehicle-oriented controllers. The results reveal a clear multi-
objective trade-off: ET-LCRL sacrifices part of the maximum discharge capacity in exchange for 
improved extreme pedestrian service and smoother system-level operation, rather than improving 
one road-user group by simply transferring delay or instability to another.  
 
5.3 Mechanism Analysis of LLM-guided Preference Adaptation 

 
The traffic-performance results alone do not establish whether the LLM-guided preference 

mechanism operates in accordance with its design motivation. ET-LCRL is intended to invoke the LLM 
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only when the pedestrian-vehicle service conflict becomes critical, while the low-level reinforcement-
learning controller continues to execute green-duration decisions at every decision epoch. The 
diagnostic results support this separation of responsibilities. ET-LCRL records a mean conflict index 
of 0.2031, the lowest value among the seven controllers. The corresponding values are 0.2183 for 
Fixed preference, 0.2225 for ET-LCRL w/o fairness, 0.2489 for Vanilla DQN, 0.2627 for Rule-only 
preference, 0.2856 for Fixed-time, and 0.2970 for Max-pressure. Relative to Max-pressure and Rule-
only preference, ET-LCRL reduces the mean conflict index by approximately 31.6% and 22.7%, 
respectively, indicating a lower sustained level of pedestrian-vehicle service conflict during the test 
episodes. 

The maximum conflict index provides a complementary view of short-lived peak conditions. ET-
LCRL records a mean maximum conflict index of 0.5500. This value is not the lowest among the 
comparison methods: Rule-only preference, Vanilla DQN, and ET-LCRL w/o fairness record 0.5010, 
0.5116, and 0.5223, respectively. The result, therefore, does not indicate that ET-LCRL eliminates all 
transient conflict peaks. Instead, the combination of the lowest mean conflict index with competitive 
overall traffic performance suggests that the proposed mechanism is more effective at limiting 
sustained conflict exposure than at suppressing every isolated peak. This distinction is important 
because it avoids interpreting the event trigger as a hard safety constraint; its role is to adapt 
optimization priorities when the conflict state becomes sufficiently critical. 

The LLM-query and preference-switching statistics further clarify how the high-level adaptation 
operates. ET-LCRL invokes the LLM an average of 3.3 times per test episode and records 20.3 
preference switches. The ET-LCRL w/o fairness variant requires 5.0 LLM queries and 21.0 switches, 
whereas Rule-only preference performs no LLM queries but produces 26.5 preference switches. Fixed 
preference, Vanilla DQN, Max-pressure, and Fixed-time do not use adaptive LLM guidance and 
therefore record no LLM queries; Fixed preference also retains a constant preference vector. 
Compared with the w/o-fairness ablation, the complete ET-LCRL framework uses approximately 
34.0% fewer LLM queries. Compared with Rule-only preference, it produces approximately 23.4% 
fewer preference switches. Because the switch count records changes in the preference vector 
regardless of whether they originate from an LLM update or a non-LLM preference transition, it 
should be interpreted separately from the number of LLM calls. 

These results place ET-LCRL between two limiting preference strategies. Fixed preference is 
stable, but cannot explicitly react when the relative urgency of vehicle queues and pedestrian waiting 
changes. Rule-only preference is responsive but changes its objective weighting more frequently 
according to predefined rules. ET-LCRL instead uses the conflict-aware trigger to determine when 
contextual high-level guidance is warranted, while hysteresis and preference caching prevent the 
LLM from becoming a continuous low-level controller. Overall, the diagnostic evidence is consistent 
with the intended role of the LLM as a selective preference adapter: high-level reasoning is invoked 
only a small number of times during an episode, while the conditional Q-network remains responsible 
for routine signal execution under the fixed phase sequence and clearance constraints. 
 
5.4 Discussion and Summary 

 
To summarize the trade-offs across controllers, Fig. 5 compares five principal performance 

dimensions after min-max normalization. Episode reward and throughput are normalized, with 
higher values indicating better performance, while average delay, maximum pedestrian waiting, and 
total stops are reversed so that a higher normalized score consistently indicates better performance. 



 Journal of Urban Intelligence and Smart Systems 

Volume 1, (2026) 208-236 

233 
 
 

 

The figure is intended to visualize the shape of each controller's trade-off profile rather than to define 
a new scalar ranking. 

 
 

Fig. 5. Normalized Multi-Objective Performance Balance Across Controllers 

 
The normalized profiles confirm that no single controller dominates every dimension. Max-

pressure is strongest in reward and throughput, but its advantage is accompanied by higher vehicle 
delay, substantially more total stops, and longer maximum pedestrian waiting than ET-LCRL. Fixed 
preference achieves the best vehicle-delay result and slightly lower average stops, but its static 
weighting produces poorer extreme pedestrian service and more total stopping events. Rule-only 
preference obtains a relatively high reward but performs poorly on delay and stop-related stability, 
illustrating that frequent rule-based objective adjustment does not automatically yield a balanced 
traffic outcome. 

The ablation comparisons further support the proposed design. Relative to ET-LCRL w/o fairness, 
the complete framework achieves lower average delay, lower maximum pedestrian waiting, fewer 
total stops, and higher episode reward, while throughput decreases by only approximately 2.3%. 
Relative to Fixed preference, ET-LCRL incurs only a 0.164 s increase in average vehicle delay but 
substantially improves maximum pedestrian waiting and system-level stopping performance. These 
results suggest that adaptive preference conditioning contributes to a more favorable allocation of 
performance across competing objectives rather than merely shifting the optimum toward one fixed 
metric. 
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The results should therefore be interpreted as evidence of a balanced operating point rather than 
universal dominance. ET-LCRL intentionally accepts a moderate throughput penalty compared with 
strongly vehicle-oriented controllers, but this cost is accompanied by near-best delay, the lowest 
extreme pedestrian waiting, and the lowest total stops. In a mixed vehicle-pedestrian intersection, 
such a trade-off is practically meaningful because a control policy that maximizes discharge while 
producing unstable progression or prolonged pedestrian deprivation may be undesirable despite 
strong performance on a single efficiency measure. 
From a methodological perspective, the experiments also clarify why the LLM is placed above rather 
than inside the low-level signal-control loop. The proposed architecture uses the LLM only to adapt 
the relative importance of interpretable objectives under selected conflict states, while the 
reinforcement-learning controller executes constrained green-duration decisions. This separation 
preserves fast control execution and engineering constraints while allowing the optimization priority 
to change when traffic conditions require it. 

 
6. Conclusions 

 
This study proposed an Event-Triggered Large Language Model-Guided Conditional 

Reinforcement Learning (ET-LCRL) framework for pedestrian-aware traffic signal control. The 
framework separates high-level multi-objective preference adaptation from low-level signal timing. 
A conflict-aware event trigger activates the LLM only under critical pedestrian-vehicle service 
conditions, and the LLM generates a normalized preference vector rather than direct signal actions. 
A preference-conditioned dueling Double DQN then selects green duration under a fixed cyclic phase 
sequence and all-red clearance constraints. In this way, the framework combines adaptive high-level 
reasoning with stable and practically constrained low-level control. 

Testing on an unseen scenario demonstrates a favorable trade-off among vehicle efficiency, 
pedestrian fairness, and operational stability. ET-LCRL achieves the lowest maximum pedestrian 
waiting time of 32.2 s and the lowest total number of stops of 137.0, while maintaining the second-
lowest average vehicle delay of 7.468 s. Its throughput of 317.7 vehicles is lower than that of strongly 
vehicle-oriented strategies such as Max-pressure, indicating that the proposed method does not 
maximize discharge. However, the reduced throughput is accompanied by substantially better 
extreme pedestrian service, fewer stopping events, and lower vehicle delay than Max-pressure. The 
ablation comparisons further indicate that the complete fairness-aware and adaptive-preference 
framework yields a more balanced outcome than its reduced variants. 

The mechanism analysis also supports the intended role of the LLM. ET-LCRL records the lowest 
mean conflict index (0.2031) and invokes the LLM only 3.3 times per test episode on average, while 
maintaining a lower preference-switching frequency than the purely rule-based preference 
controller. Rather than replacing the reinforcement-learning controller, the LLM therefore acts as a 
selective high-level preference adapter when conflict-related conditions justify a change in 
optimization priority. This event-triggered organization reduces the need for continuous interaction 
with the language model and maintains an interpretable separation between preference reasoning 
and signal execution. 

Several limitations remain. The current evaluation is based on a limited set of microscopic 
simulation scenarios and has not yet been extended to large-scale coordinated multi-intersection 
control or real-world deployment. The reported comparisons are primarily descriptive and should be 
complemented in future work by broader scenario coverage and formal statistical testing of run-level 
differences. Practical deployment also requires further investigation of LLM inference latency, 
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communication reliability, model consistency, and implementation cost. Future research will 
therefore examine more diverse traffic-demand patterns and network configurations, investigate 
coordinated multi-intersection control, and explore lightweight or locally deployed language models 
for more reliable real-time applications. 
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