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Abstract. The agricultural sector faces serious challenges in meeting the needs
of food security. Crop management is one of these challenges, where a balance
between productivity and environment impact is needed. Such a complex issue
is seen in fertilizer application as crop management practices try to increase crop
yields while reducing environmental impacts. This issue represent a classical case
of resource allocation problem where machine learning can be applied. Predictive
methods like Deep Reinforcement Learning (DRL) are gaining popularity in solv-
ing such problems, which this paper uses to sustainably apply fertilizers to crops.
This paper presents a fairly new solution to this problem by combing transformers
with DRL agents. These transformer-based DRL agents are trained in the same
environment as baseline DRL agents to compare their performance. Transformer-
based agents show considerable superiority in balancing the needs of crop pro-
duction and environmental sustainability. Ultimately, transformer-based agents
get better yields and cumulative reward without applying excessive amounts of
nitrogen fertilizer.

Keywords: Deep Reinforcement Learning · Deep Q Network · Proximal Policy
Optimization · Transformer · CropGym.

1 Introduction

According to the Sustainable Development Goals (SDGs), the agricultural sector faces
serious challenges in addressing food security. Current crop production methods are still
not adequate to sustain the world’s population and continue to face increasingly high
demands. Recent projections show the severity of these demands, as human population
is expected to reach 9.6 billion by the year 2050 [1]. Moreover, the agricultural industry
will have to reduce environmental impacts while meeting the demands of food security
[2]. Various factors of crop production will influence the results of these expectations.
According to [3] the use of nitrogen fertilizer and irrigation are the most significant
factors as they heavily influence crop management and results.

Current empirical studies are heavily focused on the best practices of applying ni-
trogen fertilizer and irrigation without considering their optimality. There are even more
negligible studies that show whether these existing strategies can perform well under
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changing market and climate conditions. It is therefore important to have new methods
to tackle the needs of crop management while addressing the sustainability of admin-
istering nitrogen fertilizer and the irrigation of crops [4]. The new agricultural strate-
gies should balance the factors of climate, yield prices and cost management. Deep
Reinforcement Learning (DRL), a combination of Reinforcement Learning (RL) and
Deep Learning (DL) has demonstrated exceptional ability in solving complex sequen-
tial decision making problems. Problems like those in robotics have been solved using
DRL, results that can be replicated in crop production [5]. Representing a classic case
of resource allocation problem, crop management can be treated as a typical Markov
Decision Process (MDP)1 in which DRL can be deployed.

DRL can provide efficient crop production processes by enhancing productivity and
mitigating negative environmental impacts. This efficiency can be achieved by optimiz-
ing practices of crop production [6]. Crucial to this benefit is the timing and sequencing
of these practices, which must align with the needs of crop types, sowing methods, and
harvesting. Variables like soil conditions, plant age and uncertainties of climate change
should also be considered as constraints. The existing crop management methods can
hardly keep up with all these requirements, which explains the recent push by academia
and industry in finding alternative solutions [7].

The experiments of this paper led to one scientific contribution; the development
of transformer-based DRL agents for crop management practices. These agents were
based on a representation learning formulation that is defined in the methodology. Using
the transformer architecture helped to dynamically weigh the importance of the learning
environments, improving the final rewards.

2 Literature Review

2.1 Related Works

DRL in Resource Allocation: Resource allocation (RA) problems are ubiquitous with
most modern processes. From financial services to agriculture and even home activ-
ities. There is always a need to schedule tasks, as a basic level of RA [8]. Existing
allocation methods use heuristics, where rule-based techniques decide how resources
are distributed. As observed by [8], most resource allocation solutions are largely de-
signed using a two-step process; (1) developing a clever heuristic that defines a simple
model of the problem and (2) diligently testing and fine tuning the heuristics to get
good results. This process is repeated many times more so, when certain aspects of the
problem change, which is extremely inefficient.

To improve these rule-based methods, a number of predictive solutions have been
suggested. Revolving around the use of machine learning, several resource allocation
problems have been studied with a wide range of algorithms developed to solve them.
Specific to the DRL domain, most scholars have attempted to develop solutions that
adapt to changes in specific environments. For example [9] and [10] attempted to solve
allocation problems in business processes using predictive models where the former

1 An MDP is the mathematical formulation that models sequential decision-making. It defines
states, actions and rewards.
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used offline prediction models based on LSTM while the latter used double DRL to
get optimal resource allocation policies. [8] tested DRL on computing resources as they
tried to develop an optimal scheduling algorithm that in the end showed great promise in
its domain, including outperforming existing ad-hoc heuristic methods. [11] presented
another notable contribution, as they improved existing Deep Q-Networks (DQN) to
develop a resource allocation policy for edge applications in the Internet of Things
(IoT).

Although these examples of DRL in resource allocations are not exhaustive, they
showcase the impact of DRL in these spaces. They also paint a bigger picture of why
DRL and other predictive models are becoming common in resource allocation prob-
lems. Mainly, this drive is led by the nature of the problems that are characterized by
constantly changing conditions [12].

DRL in Agriculture: Agriculture and its demands for resource allocation has seen DRL
deployed in different capacities. [13] used DRL in a general capacity to optimize agri-
cultural practices while minimizing environmental impact. Their work used Proximal
Policy Optimization (PPO)to improve fertilizer and irrigation management practices. A
similar process was followed by [14] who applied PPO in crop management to achieve
higher yearly profits (11 percent in a year) as compared to other expert methods. [15]
applied DRL in crop management for the greater objective of Decision Support Sys-
tem for Agrotechnology Transfer (DSSAT) [16]. DSSAT is a widely used crop model
similar to CropGym that is used in this paper [17].

Closer to the experiments of this paper, several studies have used DRL/RL for crop
management. However, the study by [18] stands out because of two reasons; one, they
developed the CropGym environment. Secondly, their study successfully used PPO to
learn fertilization policies that also minimized environmental impacts. Like other stud-
ies in this domain of agriculture, a plan to logically combine crop production practices
was used as the underlying concepts of the CropGym environment. Additionally, the
environment and policies developed served as the backbone of agricultural decision
support systems (DSS), where the crop processes were optimized [19]. These related
works of DRL in agriculture highlight resource management processes where models
describe growth, yields, and environmental conditions. Table 1 lists some notable stud-
ies in this domain and their limitations.
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Table 1: Related works on DRL in agriculture and their limitations
Related Work & Description Limitations
[13] RL in agriculture Limited scalability; lacks field trials
[14] PPO in multiple crops Scalability issues; limited discussion of data

requirements
[15] DRL in crop management Only nitrogen fertilizer optimized
[16] Introduced DSSAT Data challenges; simplified irrigation models
[18] Introduced CropGym Scalability issues
[20] RL environment for irrigation High environment complexity
[21] DQN in irrigation scheduling Risk of overfitting; limited generalization
[22] RL and digital twin in agriculture Limited real-world applications; data

integration challenges
[23] DRL in irrigation scheduling Performance variability
[24] RL and LLM in crop production Integration complexity; scalability and

adaptability issues

2.2 Transformer Based DRL

Recent developments in neural networks have seen several scholars try to integrate
Transformers with DRL. Transformers are a group of neural network architectures
that consist of multiple layers, each having multi-head self attention mechanisms [25].
These architectures also have parallel fully-connected networks, residual connections
[26], and layer normalization [27]. When Transformers are given a sequence of input
embeddings n, they produce an n output embeddings, each representing the relationship
between the inputs and the rest of the input sequences. Although the original examples
of this application was in Natural Language Processing (NLP), transformers can also
be applied in other settings with different inputs. For instance, the inputs can be state
spaces from a DRL environment.

In this DRL application, the self attention mechanism of transformers enables input
embeddings (rows of X) to attend to every other embedding in an input sequence. This
ability is facilitated by the computation of attention scores that is done using Query2,
Key3 and Value4 tensors [25]. Fig. 1 summarizes the attention mechanism of Transform-
ers. More information on this process and Transformers can be found in the original pa-
per [25] and other follow-up publications. The paper by [28] describes the self-attention
mechanism and can be supplemented by [26] that describes residual connections.

2 Represents current token looking for meaning in a sequence, given as Q = XW_q.
3 An index tag for every token & matches against query to score relevance, given as K = XW_k.
4 Semantic meaning of a token, given as V = XW_v.
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Fig. 1: Scaled dot product attention and multi-head attention [29]

Several notable publications have combined transformers with RL for resource al-
location.

– [30] achieved good results in generalizable resource allocation in stream process-
ing by using LSTM-based encoder-decoder models. Their work got state-of-the-art
results in most of their test cases.

– [31] introduced Decision Transformer (DT) which redefined RL as a sequence
problem. DT achieved state-of-the-art results in games like Atari, Key-to-Door
tasks and OpenAI Gym environments.

– [32] employed a transformer based RL to dispatch dynamic job shop scheduling.
Their model outperformed traditional dispatching methods, generic algorithms and
even classical RL solutions.

– [33] developed an innovative DRL framework using transformers to schedule tasks
in parallel machine scheduling problem (PMSP).

– [34] combined transformers with neural networks to balance user satisfaction needs
and fairness of Point of Interest (POI) recommendations. Their model outperformed
baseline solutions in both user satisfaction and POI-based evaluation metrics.

Variations of Transformer Based DRL: These studies that combine transformers and
RL/DRL try to leverage the power of the former in stochastic environments. Transform-
ers in RL can provide significant advantages including sequence modeling of states to
help RL agent focus on specific cues of environments [35]. In complex environments,
transformers can help with handling different data modalities [36], and facilitate parallel
processing which leads to efficient run times for training policies [37]. Finally, scala-
bility, a key struggle of complex tasks, can be improved by transformers because they
have smooth improvements [38]. However, the combination of transformers and RL is



6 D. Ruiru et al.

not without its challenges starting with the sensitivity of RL algorithms to deep neural
networks that heavily affects performance [39]. Secondly, there is the complexity of the
resultant models that often have high latency and large memory footprints [40]. These
challenges can be addressed by finding efficient combinations, which can be grouped
into the following categories.

– Representation learning - Meaningful representations determine the decision-making
ability of RL agents [41]. Empirical studies show that training RL agent on high
dimensional data e.g. images causes sample inefficiency. Good data representa-
tion determines the learning done by RL policies [42] as it improves performance,
policy stability and convergence speed [43]. Transformers meet this role of repre-
sentation by providing descriptive feature representation for different data modali-
ties [44].

– Transition function learning - The transition function in RL describes the environ-
ments’ transitions from current state to the next. Transformers can be employed to
the dynamics of a simulator environment by modeling the transition function. This
modeling is achieved by leveraging the collected trajectories of environments [45].
A transformer-based RL model can then train on these trajectories.

– Reward learning - Learning the reward function can be improved by transformers.
This component of RL quantifies the desirability of actions in a given state. Recent
studies have shown that learning reward function by integrating human data5 gives
better rewards [27]. This integration can benefit from Transformers as these neural
networks have demonstrated superiority in dealing with human data.

– Policy learning - Learning policies can also be improved using Transformers in
both offline and online settings. For offline RL, a policy is trained using static
datasets from collected experiences. In such scenarios, combinations like those of
Decision Transformers (DT) [31] can predict actions that give the best returns. In
online RL, Transformers can provide a solution to issues of noisy sensor, unknown
agents and problems of partial observability [46].

3 Methodology

3.1 Experiments Setup

The Environment - CropGym: CropGym is a Gymnasium/Gym environment for simu-
lating farm management policies. This environment test farm processes like fertilization
and irrigation by using a process-based crop growth model [19]. CropGym was built on
top of the Python Crop Simulation Environment (PCSE), an open source framework
that has implemented a variety of crop simulation models such as LINTUL-3 (Light
Interception and Utilization) [47] and WOFOST (World Food Studies) [48]. CropGym
is highly configurable with various adjustment available for input parameters, like crop
attributes and driving variable such as weather information. It also has functions to
facilitate observational data such as field measurements.

5 For example real time feedback and expert demonstrations (past examples, plays etc.).
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CropGym follows standard RL design as defined by the gym conventions. The un-
derlying code is modular which enables users to create custom environments [19]. The
standard environment has the following components:

State space (S) - made of current state of crop and weather observations. Farmers
have a natural intervention of a week and this explains the default weekly setting for
observations. Observations by the agent consist of outputs from the LINTUL-3 model.
This model is designed to simulate winter weather [49]. Table 2 shows some of the
observed variables in CropGym.

Table 2: CropGym - Crop growth and weather variable
Environment Variable Meaning

WSO Weight of Storage Organ
TNSOIL Amount of nitrogen in the soil
LAI Leaf area index
NUPTT Total N uptake
DVS Development stage
TRAIN Total rainfall
WC Soil moisture content

Action space (A) - consists of discrete doses of nitrogen fertilizer. Three applica-
tion amounts are specified; 0, 20 and 40 kg/ha. Transitions between states - This is gov-
erned by a deterministic process-based model (LINTUL-3) and weather sequences [47].
Weather sequences are based on data obtained from PowerNASA database and the lo-
cations specified using the PowerNASAWeatherDataSource API for the years 1990 to
2022 [50]. The current experiments used weather data from Ol’Kalou. Reward func-
tion (R) - designed to give higher yields with limited fertilizer usage. This reward tries
to balance the gains in production and environmental costs (constraint). R is formalized
as:

Rt = (WSOπ
t −WSOπ

t−1)− (WSOθ
t −WSOθ

t−1)−βNt (1)

Where:

– t is the timestep
– WSO is the weight of storage grain (g/m2) and
– N is the nitrogen amount (g/m2)

The upper indices notations π and θ represent an agent’s policy and zero nitrogen policy
[19]. An added parameter β defines the trade-off between higher yields and reduced
environmental impact. For example, setting β to 2.0 reflects a reward whose objective
is economic profitability because a kilogram of fertilizer is as twice as expensive as
a kilogram of wheat [19]. This paper used β value of 10.0 (focus on environmental
impact).
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Baseline Agents: Standard DQN and PPO algorithms were used as the baseline agents.
These standard agents applied nitrogen fertilizer on three times within a production sea-
son (i.e. 3rd March, 31st March and 5th May). Both agents are based on the original def-
initions done by [51] for DQN and [52] for PPO. The former model was implemented
using convolutional neural networks trained on a variant of Q-learning which led to a
deep learning model for reinforcement learning. PPO is a policy gradient method for re-
inforcement learning. It is defined to alternate between sampling data from environment
interactions and optimizing a surrogate objective function.

Like the original study by [18], these baseline agents were implemented using the
Stable Baselines3 packages and PyTorch [53]. The DQN agent is defined by a policy
network with two fully connected layers of 256 units each. The PPO agent has both
policy and value function networks, both having two fully connected layers and 256
units. Table 3 gives a summary of the default hyper-parameters.

Table 3: Baseline agents hyper-parameters
Hyper-parameter Value

Batch size 64
No. steps to run/update 2048
Learning rate 0.0003
Clip range 0.3
No. epochs 10
GAE lambda 0.95
Value function coefficient 0.5
Entropy Coefficient 0.0
Max gradient norm 0.5
Exploration fraction 0.1
Exploration initial epsilon 1.0
Exploration final epsilon 0.01
Activation function nn.Tanh

Proposed Models: Transformer-Based DRL Algorithms: Both baseline DQN and
PPO were modified by adding transformer networks to improve representation learning.
As seen in sub-section 2.2, this application is meant to provide an agent with meaningful
representation of an environment for better decision making.

For transformer-based DQN (Tx-DQN), a TransformerFeatureExtractor class was
defined to process observations before they were feed into the Q network. This class
replaced a standard feedforward encoder that is usually the feature extractor. A trans-
former encoder mapped raw input observations into a better latent feature representa-
tion. This new encoder also had a learnable and dynamic positional encoding which
helped with non-fixed input structures as shown in Fig. 2. Each transformer encoder
layer had:

– Multi-head Self-Attention layer - using scaled dot product attention.
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– Add and Norm 6 - to preserve gradients and normalize outputs
– Position-wise feedforward network - two fully connected layers and activations

between them.
– Dropout layers - used after attention and feedforward network.

Fig. 2: Transformer-based DRL algorithms

A similar application of transformer was used with the transformer-based PPO (Tx-
PPO). TransformerFeatureExtractor was added as a custom feature extractor for obser-
vations which aimed to give a richer and contextualized embeddings. This encoder also
had a learnable and dynamic positional encoding. Like the Tx-DQN, Tx-PPO had self
attention and feedforward networks. The embeddings from this custom feature extractor
were fed into PPO’s policy and value function networks separately.

3.2 Training the Models

The training process compared the baseline agents and Transformer Based DQN/PPO
agents. Tables 4 and 5 show the hyperparameters of the transformer based agents. Sub-
sequently, the generalization of these agents was tested using a different testing location,
other than the training location.

6 Includes residual connections plus layer normalization.
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Table 4: Transformer-based DQN agent hyper-parameters
Hyper-parameter Value Description

Feature dimension (F) 256 Size of transformer I/O
No. heads 4 No. of attention heads
No. layers 4 No. of stacked transformer encoder layers
Dropout 0.2 Dropout rate
Positional encoding learnable(size [1, 50, F]) Positional encoding
Activation ReLU The activation function
Learning rate 1e-5 A linear schedule
Buffer size 100000 Size of replay buffer
Learning start 10000 Steps before learning begins
Batch size 64 Minibatch (replay buffer)
Tau 0.005 Target network update coefficient
Gamma 0.99 Discount factor
Exploration fraction 0.2 Fraction for training
Exploration initial epsilon 1.0 Initial exploration rate
Exploration final epsilon 0.01 Final epsilon value
Target update interval 2000 Frequency for target net update
Train frequency 4 Train after every 4 steps
Gradient steps 4 Gradient steps per update

Training the Agents: The training was done on a personal computer (PC) with 11th
generation Intel core i7-11850H x 16 specifications. The PC has a NVIDIA T600 GPU,
32 gigabyte of RAM and 1 terabyte of storage space. Each experiment had an average
training time of 43,200 seconds for the baseline agents and 45,000 seconds for the
transformer-based agents.

Three variables were used to evaluate the agents.

– Cumulative reward - highlighted the total reward an agent achieved over the eval-
uation episodes. The cumulative reward was derived from WSO (Weight Storage
Grain) as illustrated in subsection 3.1

– Weight Storage Grain (WSO) - a key output variable that represents the harvest-
able yield. WSO is calculated during the reproductive phase using the assimilated
partition of the total biomass7. WSO in the experiments evaluated the effectiveness
of the agents’ decisions (in applying fertilizer) to maximize yields.

– Total soil inorganic nitrogen (TNSOIL) - a representation of the total amount
of plant-available nitrogen in the soil, specifically in the form of inorganic nitro-
gen. TNSOIL serves as an observation feature that also affects the reward function
by penalizing excessive nitrogen use. This constraint encourages sustainable crop
management.

Running the Experiments: 100 different experiments were conducted using both Op-
tuna and manual hyper parameter adjustments. Table 6 and 7 shows some of the manual

7 Grain for this study because the crop used was wheat.
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Table 5: Transformer-based PPO agent hyper-parameters
Hyper-parameter Value Description

Feature dimension (F) 256 Size of transformer I/O
No. heads 4 No. of attention heads
No. layers 4 No. of stacked Tx encoder layers
Dropout 0.2 Dropout rate
Positional encoding learnable(size [1, 50, F]) Positional encoding
Activation ReLU The activation function
Input dimension np.prod Flattened dimension (dynamic)
Learning rate 1e-5 A linear schedule
No. steps 2048 Environment steps
Buffer size 100000 Size of replay buffer
Learning start 10000 Steps before learning begins
Batch size 64 Minibatch (replay buffer)
No. epochs 10 Optimization epochs per update
Gamma 0.99 Discount factor
Gae lambda 0.95 Generalized advantage estimation
Clip range 0.2 PPO policy update clipping rate
Clip range value function 0.2 Clipping rate for value function
Entropy Coefficient 0.01 Entropy
Value function coefficient 0.5 Coefficient for vf loss in total loss
Max gradient norm 0.5 Gradient clipping threshold

adjustments. The baseline and transformer based agents trained for 420000 steps. The
agents were trained on the same location, Ol’Kalou, a region in central Kenya (Lati-
tude -0.27, Longitude 36.39 and 2,348 - 2,380 meters above sea level). Subsequently,
the testing locations were Ol’Kalou and Ishiara 8 (Latitude -0.53, Longitude 37.49 and
803 - 1,021 meters above sea level). This second test location was used to evaluate the
agents’ generalization capabilities.

Table 6: Summary of DQN combinations
Exp exp_fn exp_eps0 exp_final_eps net_arch act_fn

1 0.1 1.0 0.01 [256, 256] nn.Tanh
2 0.2 1.0 0.01 [256, 256] nn.Tanh
3 0.1 0.8 0.01 [256, 256] nn.Tanh
4 0.1 1.0 0.05 [256, 256] nn.Tanh
5 0.1 1.0 0.01 [512, 512] nn.Tanh
6 0.1 1.0 0.01 [128, 128] nn.ReLU
7 0.2 1.0 0.1 [512, 512] nn.ReLU

8 A region in central-eastern part of Kenya.
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Table 7: Summary of PPO combinations
Exp n_steps l_rate clip_range gae_lambda net_arch act_fn

1 2048 0.0003 0.3 0.95 [256, 256] nn.Tanh
2 2048 0.0001 0.3 0.95 [256, 256] nn.Tanh
3 4096 0.0003 0.2 0.95 [512, 512] nn.ReLU
4 2048 0.0003 0.3 0.98 [128, 128] nn.Tanh
5 2048 0.0003 0.1 0.95 [256, 256] nn.ReLU
6 4096 0.0005 0.2 0.95 [512, 512] nn.Tanh
7 4096 0.0001 0.4 0.92 [128, 128] nn.ReLU

4 Results and Discussion

4.1 WSO and Cumulative Reward

All agents were designed with an objective of finding an optimal policy that would
apply nitrogen fertilizer to get good yields and reduce environmental costs. The baseline
agents performed fairly well, achieving good values for WSO and cumulative reward.
However, as shown in table 8, the transformer based agents outperformed the base agent
in most of the evaluation episodes. By having a higher WSO, Tx-DQN and Tx-PPO
were allocating growth resources (nitrogen) better to facilitate a higher harvest-able
yield. This outcome is validated by Table 9 that subsequently saw Tx-DQN and Tx-
PPO have a higher cumulative reward.

Recall, these higher values of cumulative reward were constrained to facilitate envi-
ronmental sustainability using the β component of the reward. Therefore, the Tx-based
agents achieved higher yields while still limiting the effects of artificial fertilizer in the
environment.

Table 8: WSO results over training steps
Step Base DQN Base PPO Tx-DQN Tx-PPO

20000 37.48 35.48 46.78 48.31
61500 55.09 56.09 50.11 42.11

103500 64.74 65.75 75.14 69.31
145500 44.92 40.79 67.63 66.12
187500 25.69 28.11 39.36 26.99
229500 25.70 27.23 39.19 27.70
271500 41.57 40.99 60.60 49.22
313500 20.43 22.79 105.47 90.68
355500 31.54 33.23 60.36 54.58
397500 30.89 31.89 123.88 101.04
*Values shown are based on down-sampled data (averaged across 100 experiments)
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Table 9: Cumulative reward over training steps
Step Base DQN Base PPO Tx-DQN Tx-PPO

15000 -23.53 -23.65 -21.75 -22.118
52500 5.78 5.77 -1.16 11.81
92500 5.77 6.65 12.48 9.31

132500 8.54 7.23 13.90 13.30
172500 5.73 7.98 12.93 15.01
212500 8.96 7.65 13.35 5.47
252500 12.03 13.45 15.73 -19.84
292500 8.12 8.12 11.83 12.85
332500 12.00 12.45 14.35 15.22
372500 12.16 12.12 14.80 15.45
*Values shown are based on down-sampled data (averaged across 100 experiments)

4.2 Ol’Kalou and Ishiara Reward

To test for generalization beyond the objective of increasing crop yields, tests were done
in a region not included in the training location. The training of all the agents was done
in Ol’Kalou. Testing on the same region gave high results for the cumulative reward
(table 10) just as observed in table 9 through the general evaluations.

For the new test region (not in the training location), negative cumulative rewards
were observed. Even the Tx-based agents failed to get any promising results, only
outperforming the baseline agents by getting zero cumulative reward. These Tx-based
agents also showed promise in this generalization test by having a cumulative reward
that rose steadily from negative values to zero as shown in table 11.

Table 10: Ol’Kalou reward over training steps
Step Base DQN Base PPO Tx-DQN Tx-PPO

20000 43.15 41.79 76.92 55.86
61500 22.46 24.49 71.83 117.77

103500 65.90 61.16 126.49 147.53
145500 128.10 129.90 137.31 144.26
187500 25.47 24.75 134.19 116.46
229500 70.89 71.04 117.83 71.95
271500 16.59 17.46 131.36 54.20
313500 53.60 52.09 138.08 28.13
355500 58.26 59.83 120.23 33.63
397500 47.28 45.89 115.03 69.42
*Values shown are based on down-sampled data (averaged across 100 experiments)
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Table 11: Ishiara reward over training steps
Step Base DQN Base PPO Tx-DQN Tx-PPO

20000 -16.34 -16.01 -15.85 -23.17
61500 0.00 0.00 -3.33 0.00

103500 -4.46 -5.71 -1.90 0.00
145500 -2.86 -3.46 -20.95 0.00
187500 -0.95 -0.56 -30.95 0.00
229500 0.00 0.00 -9.05 -14.29
271500 -4.76 -3.97 -2.86 0.00
313500 0.00 0.00 0.00 0.00
355500 -3.96 -4.76 0.00 0.00
397500 -19.05 -18.33 0.00 0.00
*Values shown are based on down-sampled data (averaged across 100 experiments)

Fig. 3: Smoothed training reward over time
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4.3 Training Reward, Training Loss and Policy Gradient Loss

The better performance by the Tx-based agents was also supported by the training met-
rics. Fig. 3 shows the training reward and it rose steadily, to a higher values for Tx-based
agents. The training loss and policy gradient also reduced faster in Tx-based agents
compared to the baseline agents.

5 Conclusion and Future Work

The transformer based agent were envisioned as better alternatives in allocating re-
sources in crop production. Their main advantage came from a better state represen-
tation that gave the RL agents richer environments to train on. This edge extended to
the training processes, where the agents had better training metric results. The only
drawback to their performance was their generalization to unknown regions. Although,
objectively, they did better than the baseline agents. Better results could be observed
with more adjustments to the transformer networks and the collaboration done with the
RL agents (e.g. policy learning and not just representation). Future work could consider
these experiments including the addition of human experiences to the training environ-
ment.
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