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Abstract 

Instability in long-horizon decision-making often arises from improper credit 
assignment across extended time steps. This study explores an adaptive horizon 
control mechanism integrated with temporal difference (TD) learning to improve 
stability in multi-step collaborative tasks. Instead of using a fixed discount factor, the 
method dynamically adjusts the effective planning horizon based on reward sparsity 
and task progression signals. The approach is validated on 10,300 multi-step decision 
sequences with horizon lengths ranging from 10 to 50 steps. Compared with standard 
TD learning, the proposed method reduces cumulative reward variance by 25.9% and 
improves final task success rate by 14.6%. Furthermore, convergence is achieved with 
fewer training iterations, indicating improved learning efficiency. The results suggest 
that adaptive horizon control is a practical solution for stabilizing long-range 
coordination. 
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1. Introduction 

Temporal difference (TD) learning is a core method in reinforcement learning for sequential 

decision problems because it updates value estimates incrementally and does not rely on 

complete episodes for learning. This property makes it attractive in environments where 

decisions must be made continuously and feedback is received over time. TD-based methods 

have therefore been widely applied in control, planning, and collaborative decision systems. 

Despite these advantages, their performance often becomes unstable in tasks with long 

decision horizons, sparse rewards, and delayed feedback [1,2]. In these settings, the 

consequences of an early action may appear only after many intermediate steps, making it 

difficult to determine how much that action contributed to the final outcome. The resulting 

temporal credit assignment problem can produce noisy bootstrap targets, slow policy 

improvement, and unstable value estimation. Recent work has shown that this issue remains 

a major obstacle to reliable long-horizon learning, especially when decision dependencies 

extend over many time steps and observations provide only weak intermediate guidance [3,4]. 
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Long-horizon instability is not only a problem of delayed rewards, but also a problem of how 

future information is represented and propagated during learning. Recent studies have shown 

that structured representations and improved post-decision inference can strengthen the 

modeling of long-range dependencies, thereby supporting more stable reasoning over 

extended decision sequences [5]. Related research has further emphasized that temporal 

credit assignment remains difficult when relevant information is diluted across long 

trajectories or obscured by sparse supervisory signals [6]. In practical learning systems, this 

often leads to unstable gradients, high variance in return estimation and poor coordination 

between short-term optimization and long-term task objectives. As a result, improving 

temporal stability has become an important topic in modern reinforcement learning research. 

One important line of work addresses this issue by modifying how future rewards are 

weighted during learning. A common strategy is to adjust the discount factor or the effective 

planning horizon so that the learning process better matches current task conditions. Studies 

on adaptive discounting have shown that a fixed discount factor may be suboptimal when the 

environment changes across training stages or when the usefulness of long-range information 

varies over time [7,8]. Related actor–critic methods with adaptive horizons have 

demonstrated that dynamic control of future reward propagation can improve optimization 

stability in complex decision tasks [9,10]. Regularization-based approaches have also been 

introduced to control horizon length and enhance generalization by preventing the model 

from relying excessively on either short-term or overly distant returns [11]. Taken together, 

these studies suggest that the effective planning horizon should not always remain fixed 

throughout learning, because the amount of useful future information changes with task 

structure, learning progress, and reward density. Another major line of research improves 

long-horizon learning through changes in model structure or training organization. Sequence 

modeling methods aim to capture long-range temporal dependencies more effectively, while 

sequence compression methods reduce temporal redundancy and improve learning efficiency 

in extended trajectories [12]. Skill learning and hierarchical decomposition reduce the 

difficulty of long-horizon optimization by splitting complex tasks into shorter, more 

manageable behavioral units [13]. Reward shaping has also been used to provide denser 

supervision and reduce the optimization burden caused by delayed outcomes. Long-sequence 

architectures further extend the ability of learning systems to track relevant dependencies 

over long time spans [14]. Although these methods can improve performance, they often 

introduce additional design complexity, such as defining suitable temporal abstractions, 

constructing auxiliary rewards, or selecting model structures that match specific tasks. Their 
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effectiveness may therefore depend heavily on domain knowledge and may not transfer 

smoothly across environments with different coordination patterns or reward structures [15]. 

The challenge becomes more pronounced in multi-agent environments. In collaborative tasks, 

outcomes depend on the joint behavior of several agents, and delayed effects are distributed 

across both time and agents. This creates a coupled credit assignment problem in which the 

learning system must determine not only which agent contributed to a later outcome, but also 

when that contribution became important. Existing studies on cooperative reinforcement 

learning have proposed individual contribution estimation, counterfactual baselines, and 

causal inference methods to improve agent-level credit assignment [16]. These approaches 

have helped separate the influence of different agents and improved coordination in many 

benchmark settings. Even so, their main emphasis is typically placed on allocating 

responsibility across agents rather than stabilizing value propagation across time. When joint 

actions influence outcomes only after long delays, temporal variance can still accumulate and 

weaken learning, even if inter-agent credit assignment is partially improved [17,18]. This 

limitation is especially relevant in multi-step collaborative tasks, where stable coordination 

depends on both accurate inter-agent attribution and robust temporal learning. Current 

studies therefore leave several important gaps. Many adaptive horizon or discounting 

methods are evaluated on relatively specific benchmarks, which limits understanding of their 

broader applicability. Fixed discount factors and fixed planning horizons remain common in 

many TD-based methods, even though the amount of useful long-term information may vary 

substantially during training. Structural approaches such as hierarchy, sequence abstraction, 

and reward redesign can improve long-horizon performance, but they also increase 

implementation complexity and often require task-specific engineering. In multi-agent 

reinforcement learning, considerable attention has been given to agent-level credit 

assignment, while temporal stability in delayed multi-step coordination has received less 

direct treatment. These limitations indicate the need for a lightweight and adaptive 

mechanism that can regulate the effective planning horizon during learning without relying 

on extensive structural modification. This study is motivated by that need. The goal is to 

improve the stability of TD learning in multi-step collaborative tasks by introducing an 

adaptive horizon control mechanism that responds to reward sparsity and task progress. 

Rather than using a fixed discount factor throughout training, the proposed method adjusts 

the effective planning horizon according to the informativeness of current learning signals. 

This design is intended to suppress unstable updates when reward information is weak or 

highly delayed, while preserving the ability to incorporate longer-range returns once the 
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learning process reaches more informative stages. From a methodological perspective, this 

provides a simple way to connect temporal credit assignment with dynamic horizon 

regulation. From an application perspective, it offers a practical strategy for improving 

learning efficiency and coordination quality in multi-agent decision systems with delayed 

feedback. To examine these effects, the method is evaluated on 10,300 decision sequences 

with different horizon lengths. The study investigates whether adaptive horizon control can 

improve training stability, increase task success, and reduce training time in collaborative 

decision processes. The findings are expected to contribute to more reliable TD-based 

learning under long-horizon and sparse-reward conditions, while also providing a useful 

reference for the design of stable multi-agent reinforcement learning systems. 

2.Materials and Methods 

2.1 Study Samples and Scenario Description 

This study used a simulated multi-agent environment for long-horizon decision tasks. A total 

of 10,300 decision sequences were generated, with horizon lengths from 10 to 50 steps. Each 

sequence includes state transitions, agent actions, and reward signals over time. The tasks 

cover collaborative planning and control under different levels of reward sparsity and 

uncertainty. In each scenario, multiple agents interact and must coordinate their actions to 

reach shared goals. The environments differ in task difficulty, reward delay, and interaction 

pattern. The dataset was divided into training, validation, and test sets at a ratio of 70%, 15%, 

and 15%. All samples were generated under the same rules to ensure fair comparison. 

2.2 Experimental Design and Control Setup 

The proposed method was compared with two baseline methods. The first baseline used 

standard temporal difference learning with a fixed discount factor. The second baseline used 

TD learning with manually adjusted discount values for different tasks. The proposed method 

introduced adaptive horizon control, where the effective planning horizon changes during 

training. All methods used the same state representation, action space, and reward setting. 

The number of training steps and model size was kept the same across methods. Each model 

was trained with several random seeds, and average results were reported. This design allows 

a direct comparison between fixed-horizon and adaptive-horizon learning. 

2.3 Measurement Methods and Quality Control 

Model performance was evaluated by three measures: cumulative reward variance, task 

success rate, and convergence speed. Reward variance reflects learning stability across 
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episodes. Task success rate is defined as the proportion of sequences that meet the target goal. 

Convergence speed refers to the number of training iterations needed to reach stable 

performance. Each experiment was repeated five times, and mean values were used for 

analysis. Outliers were removed using a standard deviation rule. All models shared the same 

network structure and training settings. The experiments were carried out under the same 

hardware conditions. 

2.4 Data Processing and Model Formulation 

All input features were normalized before training. Reward values were scaled to improve 

numerical stability. The standard TD update is written as 

V(st)←V(st)+α[rt+γV(st+1)-V(st)] 

Where V(st) is the value of state st, α is the learning rate, and γ is the discount factor. In the 

proposed method, the fixed discount factor is replaced by an adaptive term γ
t
, defined as 

γ
t
=f(δt,ht)Where δt denotes reward sparsity and ht denotes task progress. This design 

allows the effective planning horizon to change during training. It reduces unstable updates 

when rewards are delayed and supports longer-range learning when useful signals become 

available. 

2.5 Implementation Details 

All models used the same neural network structure. Each network contained two hidden 

layers with 128 and 64 units. ReLU was used as the activation function. Training was carried 

out with the Adam optimizer, and the learning rate was set to 0.0003. Each model was trained 

for 500 episodes, with up to 200 steps in each episode. The adaptive horizon parameters were 

updated during training according to observed reward patterns. Early stopping was applied 

based on validation results. All experiments were performed on the same computing platform 

to ensure fair comparison. 

3.Results and Discussion 

3.1 Improvement in learning stability 

The proposed method improved stability in long-horizon tasks. Across 10,300 decision 

sequences, cumulative reward variance decreased by 25.9% compared with standard TD 

learning. This result shows that adaptive horizon control reduced unstable value updates over 

long action sequences. In fixed-horizon TD learning, early actions often receive weak or 

delayed feedback, which leads to noisy updates. The adaptive method adjusted the planning 

range based on task signals, which helped control this effect [19,20]. Recent studies on 
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adaptive discounting report similar findings, where fixed temporal weighting is not suitable 

when reward timing changes during training (Fig. 1). 

 

Figure 1 Learning stability with adaptive horizon control in long-horizon tasks. 

3.2 Improvement in task success 

The proposed method increased the final task success rate by 14.6%. This result shows that 

better horizon control improves not only stability but also decision quality. The improvement 

is more clear in tasks with delayed rewards, where standard TD learning often performs 

poorly. By adjusting the planning horizon during training, the method maintained short-term 

learning while supporting long-range coordination when useful signals appeared. This result 

is consistent with recent work showing that adaptive horizon methods can improve 

performance in complex control tasks [21,22]. 

3.3 Faster convergence and training efficiency 

The proposed method also reduced the number of training iterations needed for convergence. 

The model reached stable performance earlier than the baseline methods, which indicates 

better learning efficiency. In long-horizon problems, slow convergence is often caused by 

weak credit assignment and repeated correction of unstable value estimates. The adaptive 

mechanism reduced this issue by matching the horizon to reward conditions and task 

progress [23,24]. This is important in multi-agent settings, where unstable updates may affect 

several agents at the same time (Fig. 2). 
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Figure 2 Convergence under different planning horizons for different methods. 

3.4 Comparison with existing studies and limitations 

The results are consistent with recent studies on adaptive discounting and horizon control. 

Previous work has shown that adjusting temporal weighting can improve stability and 

performance in long-range tasks. The present study extends this idea to multi-step 

collaborative decisions and tests it on a large set of sequences. However, several limitations 

remain. The experiments were conducted in simulation, and real-world validation is still 

needed. The adaptive rule was based on reward sparsity and task progress only, and 

additional signals may further improve performance. In addition, the evaluation focused on 

specific task types, and more tests in other domains would help confirm the general use of the 

method. 

4.Conclusion 

This study investigated temporal difference learning with adaptive horizon control for multi-

step collaborative decisions. The results show that adjusting the planning horizon during 

training improves stability, increases task success rate, and reduces training time. The method 

lowered reward variance and produced more stable value updates in tasks with delayed 

feedback. These findings indicate that a fixed discount factor may not be suitable for long-

horizon problems, and that adaptive horizon control can better match the time scale of the 

task. The main contribution of this work is the introduction of a simple horizon control 

mechanism within the standard TD learning framework. The method improves stability and 

efficiency without changing the basic learning structure. The results suggest that this 

approach can be applied to tasks such as collaborative planning, control systems, and other 
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long-horizon decision problems. However, several limitations remain. The experiments were 

conducted in simulation, and validation in real systems is still needed. The current method 

adjusts the horizon using limited task signals, and additional factors may improve 

performance. In addition, the evaluation focused on a specific set of tasks, and further testing 

is needed to confirm general use. 
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