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Abstract

Agricultural regions in rural areas face damage from climate-
related risks, including droughts, heavy rainfall, and shift-
ing weather patterns. Prior research calls for adaptive risk-
management solutions and decision-making strategies. To
this end, artificial intelligence (AI), particularly agentic Al,
offers a promising path forward. Agentic Al systems con-
sist of autonomous, specialized agents capable of solving
complex, dynamic tasks. While past systems have relied
on single-agent models or have used multi-agent frame-
works only for static functions, there is a growing need for
architectures that support dynamic collaborative reasoning
and context-aware outputs. To bridge this gap, we present
AgroAskAl, a multi-agent reasoning system for climate adap-
tation decision support in agriculture, with a focus on vulner-
able rural communities. AgroAskAl features a modular, role-
specialized architecture that uses a chain-of-responsibility ap-
proach to coordinate autonomous agents, integrating real-
time tools and datasets. The system has built-in governance
mechanisms that mitigate hallucination and enable internal
feedback for coherent, locally relevant strategies. The system
also supports multilingual interactions, making it accessible
to non-English-speaking farmers. Experiments on common
agricultural queries related to climate adaptation show that,
with additional tools and prompt refinement, AgroAskAl de-
livers more actionable, grounded, and inclusive outputs. Our
experimental results highlight the potential of agentic Al for
sustainable and accountable decision support in climate adap-
tation for agriculture.

Code — https://github.com/ncantonjos04/AgroAskAl
Extended version — https://arxiv.org/abs/2512.14910

1 Introduction

As agriculture faces a growing strain from the environmental
and socioeconomic disruptions of climate change, artificial
intelligence (AI) enables new ways of providing dynamic
decision support to farming communities. In these commu-
nities, agriculture is not only a primary livelihood but also a
fundamental component of local economies and daily life.
However, challenges posed by climate-related risks, such
as erratic weather, depleted soil health, and shifted rainfall,
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have negatively affected farmers in vulnerable communi-
ties. For instance, crop production in rural regions of Cen-
tral America has declined over the past two decades due to
more frequent storms and severe flooding (Waddick 2017).
In the arid and semi-arid regions of Kenya, 31% of small-
holder farmers lack access to climate-related information,
leaving them unprepared to adapt to rising temperatures,
prolonged droughts, and increasingly unpredictable rainfall
patterns (Mutunga, Charles, and Patricia 2017).

The severity of these local agricultural challenges is am-
plified by global environmental degradation and economic
instability. Extreme weather-related events caused nearly
$1.5 trillion in economic loss worldwide in the decade
to 2019, a substantial increase from $184 billion in the
1970s (Charlton 2023; Wang et al. 2025). In 2023, droughts
in the Southern and Midwestern regions had caused $14.5
billion loss, impacting the agriculture sector, including dam-
age to field crops from lack of rainfall and heat (Smith 2024;
Silici et al. 2021). These trends underscore the need for im-
proved risk management and decision support to prevent a
vast amount of damage from occurring in the future.

Previous studies have examined climate adaptation deci-
sions among smallholder farmers in specific regions, such
as in the mountainous areas of Vietnam (Hoa Sen, Bond,
and Hoang 2022), far-western Nepal (Lamichhane et al.
2022), and the semi-arid zones of Senegal (Zagre et al.
2024). While these localized insights are valuable, increas-
ing global variability in climate patterns and the rising fre-
quency of extreme weather events underscore the urgent
need for effective, scalable adaptation strategies. In partic-
ular, smallholder farmers across the globe, who are among
the most vulnerable to climate disruptions, require decision
support to navigate these complex and evolving challenges.

Effective adaptation measures often include the develop-
ment of climate-resilient crop varieties, improved cultiva-
tion practices, and timely dissemination of climate informa-
tion (Castellanos, Thomas, and Dunston 2019). However,
the successful scaling of such innovative practices across
diverse agricultural landscapes demands solutions that are
both context-specific and locally adaptable. One-size-fits-all
solutions risk not only ineffectiveness but may also lead to
maladaptation, compounding existing agricultural vulnera-
bilities. Therefore, systems that support climate resilience
must be not only intelligent but also dynamic—capable of



adjusting their recommendations and suggestions based on
real-time data and feedback, in order to advance climate re-
silience among smallholder farmers.

This is where agentic Al offers transformative potential.
Unlike conventional Al systems that require frequent hu-
man oversight, agentic Al systems exhibit a higher degree
of autonomy. They can reason through complex, multi-step
objectives, integrate historical and real-time external data,
and independently execute decision processes from end to
end (Mohammed Salah et al. 2025). Applied to agricul-
ture, agentic Al can generate novel, tailored, and context-
aware solutions that respond adaptively to changing envi-
ronmental and socio-economic conditions. Recent work by
Raza et al. (2025) highlights the importance of integrating
Trust, Risk, and Security Management (TRiSM) into agen-
tic Al systems, emphasizing transparent reasoning, policy-
based oversight, and regulatory traceability as key pillars for
ethical and reliable Al deployment. However, as they note,
no unified framework currently operationalizes these princi-
ples within real-world, autonomous Al systems—especially
in high-stakes domains like agriculture.

In this paper, we introduce AgroAskAl, a modular,
agentic, multi-agent AI framework designed to support
smallholder farmers by enhancing agricultural decision-
making under uncertainty. AgroAskAl integrates role-
specialized autonomous agents, real-time external resources
(e.g., weather data, forecast model, geospatial information),
and a critique mechanism into a multi-agent architecture
in order to ensure traceability and context-aware reason-
ing. In addition, AgroAskAl implements explicit reasoning
logs, decision checkpoints, and external validation to pro-
mote auditability. A dedicated critique (reviewer agent) em-
beds correctness and feasibility as first-class objectives to re-
duce hallucination while ensuring locally grounded, action-
able plans. In addition to decision support, AgroAskAl plays
an educational role by making its reasoning process trans-
parent, fostering trust and understanding. By autonomously
generating adaptive, context-specific strategies, AgroAskAl
equips farmers with the tools and knowledge to build lasting
agricultural resilience in the face of climate change.

2 Related Work

Artificial Intelligence (Al) is increasingly being leveraged to
support farmers in managing the complex challenges posed
by climate change in agriculture. Prior work has explored
Al-driven systems for automated sensor monitoring of soil
and crop health (Microsoft 2019), often aimed at optimiz-
ing yield. While such systems are valuable, they fall outside
the scope of this work. In contrast, our focus is on develop-
ing a conversational Al system designed to support farmers
through natural language interactions, rather than through
sensor-based automation.

The Agrifriendly Conversational AI Chatbot (Gujjar and
Kumar 2025) uses a single agent, generative system based
on the Rasa framework (https://rasa.com/) to understand nat-
ural human language and assist farmers with queries related
to crop maintenance. While effective for basic queries, it re-
lies on a single-agent model that limits adaptability and lacks
internal critique or modular reasoning. Farmer.Chat (Singh
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et al. 2024) introduces a generative chatbot deployed via
platforms like WhatsApp and Facebook Messenger, us-
ing Retrieval-Augmented Generation (RAG) to deliver in-
formative, multilingual responses. Its governance relies on
user feedback loops and data shared through local part-
ners. AgriBuddy (Tonmoy et al. 2025) is an agentic chatbot
system, tailored for Bangladeshi smallholder farmers sup-
porting interaction in Bangla, English, and hybrid Bangla-
English. The system is composed of specialized agents,
such as a query handler, memory agent, and expert advisory
agent, and includes a CNN (Convolutional Neural Network)
vision model for rice disease detection.

In contrast to prior research, AgroAskAl provides reliable
climate-adaptive solutions to smallholder farmers across the
globe by adopting a modular, multi-agent architecture with
embedded internal governance mechanisms that proactively
mitigate hallucination and ensure output reliability. Instead
of relying on external approvals, the system accesses reliable
real-time information from trusted historical and forecasted
weather data, while also allowing users to contribute veri-
fied content through a curated external document repository,
enhancing both transparency and adaptability.

3 Design and Methodology

We developed a framework grounded in the agentic Al
paradigm to address farmer queries related to agriculture,
as illustrated in Figure 1. The framework comprises a col-
lection of specialized agents, each designed to perform dis-
tinct tasks within a well-defined logical workflow. In this
section, we provide a detailed description of each agent, its
role within the overall framework, as well as the inter-agent
connectivity and the structured exchange of information be-
tween agent pairs. The pseudocode for the agentic compo-
nents is deferred to Appendix A of the extended version of
the paper.

Prompt Agent. Serves as the primary interface with the
user, initiating conversations with a greeting and collecting
user input. It forwards this input to the Parsing Agent for fur-
ther processing, while also managing follow-up interactions.
This includes handling requests for missing or ambiguous
information from other agents, prompting the user for clari-
fication, or notifying them when a query cannot be resolved.
A key responsibility of the Prompt Agent is to identify the
language used by the user, ensuring all subsequent interac-
tions occur in that same language to maintain a seamless and
personalized experience.

Parsing Agent. Responsible for interpreting the user’s in-
put received from the Prompt Agent. It extracts essential
information, including user intent, geographic location, and
relevant time frame, to build a localized and actionable con-
text. When key details are missing or the intent is unclear,
the Parsing Agent collaborates with the Prompt Agent to re-
quest clarification, ensuring that the system maintains both
accuracy and relevance in its responses. Upon complete in-
formation, the structured (JSON) data and the user query are
then passed to the Agent Manager for further processing.
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Figure 1: AgroAskAI Multi-Agent Architecture

Agent Manager. Acts as the central coordinator within the
system, interpreting the localized context and autonomously
selecting the appropriate specialized agents to activate. By
invoking only the relevant agents, it ensures efficient and fo-
cused task execution. It also plays a critical role in aggre-
gating the information needed by the Solution Agent to craft
a complete and contextually accurate response. Once a sat-
isfactory response is finalized, typically following reviews
from the Reviewer Agent, the Agent Manager terminates the
response generation cycle and signals the Reviewer Agent to
send the final solution.

Weather Forecast Agent. Specializes in handling queries
related to future or predicted weather conditions, utilizing
external services such as OpenCage' and OpenWeather? to
retrieve location-specific forecast data. By integrating these
services, the agent provides timely and relevant climate in-
sights to support user decision-making.

Weather History Agent. Designed to handle inquiries
about past weather patterns, the Weather History Agent re-
trieves historical climate data using tools like OpenCage for
geospatial resolution and the NASA POWER API® for reli-
able weather records. This allows the extraction of historical
climate trends to support decision-making.

Solution Agent. Generates context-aware, actionable re-
sponses for queries that require recommendations on agri-

!OpenCage Geocoding API: https://opencagedata.com
2OpenWeather Forecasting API: https://openweathermap.org
’NASA POWER API: https:/power.larc.nasa.gov
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cultural practices, specifically in climate-sensitive agricul-
tural settings. It draws upon information provided by the
Agent Manager and consults external text documents to sup-
plement domain-specific knowledge.

Reviewer Agent. Plays a critical role in assessing re-
sponses generated by the Solution Agent across multiple
dimensions, including clarity, technical soundness, fairness,
and alignment with user intent. When necessary, it consults
external sources to detect and reduce hallucinations in So-
Iution Agent’s responses. If the output is found to be in-
complete or suboptimal, the Reviewer Agent can trigger a
new cycle of agent selection and response generation via the
Agent Manager. This iterative feedback mechanism ensures
the final output is accurate, contextually appropriate, and so-
cially responsible.

Model Specification

AgroAskALI is built using the Microsoft Semantic Kernel
framework and utilizes OpenAl’s GPT-4 Learning Language
Model (LLM) to understand the natural language of user
queries. The architecture of AgroAskAl is inspired by agen-
tic Al design principles, such as perception stage, goal de-
composition, and safety guardrails. This system consists of
multiple agents whose tasks include interacting with user
using the language of interest, parsing user input for neces-
sary information, conducting agent selection, retrieving nec-
essary external data, generating novel solutions and adapta-
tions for user input. AgroAskAlI also logs the complete con-
versation flow between agents for each user query, enabling
traceability, transparency, and future system improvements.
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Figure 2: A sample decision-support by AgroAskAl

Data is sourced through a Retrieval-Augmented Genera-
tion (RAG) strategy (Singh et al. 2025), which allows the
system to access up-to-date and context-specific data from
external APIs. These sources include, but are not limited to,
NASA’s POWER Project for historical climate data, Open-
Weather for forecasts, and OpenCage for location-based
geocoding. These components are orchestrated through a
centralized control logic (Agent Manager) that activates the
right agents for each task based on user input. This design
enables the system to remain flexible, context-aware, and ef-
ficient in handling diverse climate-related queries.

Figure 2 illustrates a sample conversation on “What
is one way to prevent pests from invading crops in
Guatemala?” (Hart 2017). Upon receiving the query, the
prompt agent extracts key details (e.g., user_intent, loca-
tion) and forwards them, along with the original question,
to the Agent Manager. Recognizing that no weather data is
required, the Agent Manager directs the request to the so-
Iution agent. The solution agent generates an initial answer
using relevant tools, after which the reviewer agent evalu-
ates its strengths and shortcomings—particularly noting that
the user requested a single solution and that local crops and
socio-economic context should be specified. The solution
agent incorporates these recommendations, and the revised
answer is approved. If approval was withheld, the solution
agent would continue iterating until a satisfactory solution
was achieved. Upon approval, the Agent Manager ends the
conversation, and the final response is delivered to the user.
The complete conversation and response details are provided
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in Appendix B of the extended version.

4 Experimental Results

To evaluate AgroAskAl’s effectiveness, reliability, multi-
agent, and multilingual capabilities in supporting climate
adaptation decisions for agriculture, we curated region-
specific farmer queries and asked AgroAskAl to provide
decision-support. Our evaluation focused on queries repre-
sentative of the challenges faced by rural farming commu-
nities, including drought planning, irrigation strategies, crop
selection, and pest control. The key highlights are:

1. Comparison of AgroAskAI with Other Models to
evaluate AgroAskAI’s response against a single-agent
large language model (ChatGPT) and a traditional rule-
based decision tool (CROPWAT).

. Importance of Agent Manager: in selecting and orches-
trating the flow of reasoning among specialized agents.

. Significance of the Reviewer Agent: operating as an in-
ternal governance layer within the system.

. Handling Missing Details: Tackling under-specified
queries and missing information.

. Multi-lingual Capabilities of AgroAskAl enabled by
the underlying large language model.

Comparison with Other Models To assess the quality of
AgroAskAI’s responses to agriculture-related queries, the
responses are compared against (1) ChatGPT and (2) CROP-
WAT (Food and Agriculture Organization 2025). Interac-
tions with ChatGPT were conducted using the OpenAl Chat



GPT web interface during June-August 2025. The model
used for all experiments was GPT-5.1 (the default model
available on the ChatGPT platform at that time). No system
prompt modifications, custom instructions, or fine-tuning
were applied beyond ChatGPT’s default settings. Exper-
iments using CROPWAT were performed with the latest
available version as of July 2025, which was CROPWAT 8.0
(FAO). Agrifriendly could not be included in the compari-
son due to the lack of access to its source code or API. Also,
Farmer.Chat required users to either upload proprietary con-
tent or join an existing registered team, restricting indepen-
dent evaluation of the system.

We summarize the comparison of three models evaluated
across six dimensions: weather information, water conserva-
tion, livestock advice, soil conservation, farm adaptability,
support resources, and multi-lingual capabilities, based on
20 trial inputs*.

For example, when asked about water management strate-
gies in Kitui, Kenya, ChatGPT briefly mentioned zai pits and
mulching without elaboration, while CROPWAT focused
solely on irrigation metrics. In contrast, AgroAskAl detailed
specific water harvesting systems and provided clear instruc-
tions on how to apply them.

Regarding weather information, all three systems pro-
vided average rainfall data, but only AgroAskAI and Chat-
GPT included contextual climate risks like dry spells and
heat. AgroAskAl additionally offered temperature data
(21-27°C), missing in CROPWAT.

Regarding livestock advice, CROPWAT was unable to
address any concerns, while AgroAskAl recommended
drought-resilient breeds and integrated crop-livestock sys-
tems, which were often missing in ChatGPT’s response.
Similarly, for soil conservation, AgroAskAl explained prac-
tices like composting and cover cropping in practical terms,
while ChatGPT listed techniques with minimal detail and
CROPWAT lacked relevant content. Regarding adaptabil-
ity to different farm sizes or types, AgroAskAl tailored ad-
vice to both small and large-scale operations. It offered con-
crete differences in implementation (e.g., tanks vs. barrels),
whereas ChatGPT remained general, and CROPWAT pro-
vided timing metrics but no practical adaptation suggestions.
In terms of institutional support, ChatGPT listed several pro-
grams like the Kenya Climate Smart Agricultural Project
(KCSAP) and the National Drought Management Author-
ity Act (NDMA), while AgroAskAl and CROPWAT did not
reference any specific support systems. This suggests that
integration with external programs remains a gap in the cur-
rent system. Finally, both ChatGPT and AgroAskAlI provide
broader multi-lingual support than CROPWAT, which is re-
stricted to four languages only.

Overall, AgroAskAl consistently produced actionable,
context-aware responses, outperforming both ChatGPT and
CROPWAT across multiple dimensions. Its outputs were
structured as step-by-step recommendations in clear, prac-

*Appendix C of the extended version contains outputs of
CROPWAT, ChatGPT, and AgroAskAl for a particular query. A
comparison of the three models is listed in Table 1 of the extended
version of the paper.
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tical language—unlike ChatGPT’s generic lists or CROP-
WAT’s quantified results, which often lacked guidance for
real-world implementation.

Importance of Agent Manager To empirically evaluate
the impact of the Agent Manager on task relevance and in-
teraction coordination in a multi-agent system, we generated
various queries that may or may not require invoking the
weather forecast or the weather history agent. The Agent
Manager successfully orchestrated the specialized agents
to obtain an appropriate context-relevant response. For in-
stance, in the sample query demonstrated in Figure 2, the
Agent Manager activates only the Solution Agent since the
other agents (weather history and weather forecast) are not
required for the response. We provide a couple of additional
examples. In Example 1, the Agent Manager invokes the
Weather History Agent only, and in Example 2, only the
Weather Forecast Agent is invoked. The Agent Manager suc-
cessfully terminated the conversation once an appropriate
solution has been generated.

Example 1. Agent Manager invokes Weather Forecast

User (Lopez-Ridaura et al. 2019): What is the predicted
rainfall in San Marcos, Guatemala, tomorrow?
AgroAskAl: Hello, I'm here to assist with your query.
I’'m gathering the necessary information and will update
you shortly.

AgroAskAl: The approved forecast indicates that in San
Marcos, Guatemala, on August 12, 2025, there will be
moderate rain with a predicted rainfall of 13.71 mm. The
daytime temperature will be approximately 25.19°C, and
at night, it will drop to around 19.18°C. Additional de-
tails include T4% humidity, wind speeds of 12.7 kph from
the southwest (213°C'), and 64% cloud cover. Sunrise is
at 07:52, and sunset is at 20:32.

Example 2. Agent Manager invokes Weather History

User (Mutunga, Charles, and Patricia 2017): How has
the average temperature in Kitui, Kenya, changed over
the past 20 years?

AgroAskAl: Hello, I'm here to assist with your query.
I’'m gathering the necessary information and will update
you shortly.

AgroAskAlI: From 2005 to 2025 in Kitui, Kenya, the an-
nual average temperature showed a slight increase. The
data indicates a gradual fluctuation within annual aver-
ages, starting at around 23.62°C' in 2003 and reaching
23.83°C' in 2023, with some years experiencing notable
variations. Generally, this period reflects relatively sta-
ble but slightly warming trends in temperature.

Significance of the Reviewer Agent To evaluate the Re-
viewer Agent, we compared AgroAskAl with a modified
version without any Reviewer Agent. AgroAskAl consis-
tently ensures factual accuracy and alignment with user in-
tent in all the queries, which are often missed in the re-
sponses by a similar model without any Reviewer Agent.
For example, while answering the query: “What crops will
survive the upcoming drought in Kitui, Kenya?”’ (Mutunga,



Charles, and Patricia 2017), the model without Reviewer
Agent lists adaptations irrelevant to the user prompt, such
as solutions to temperature changes and tips for water con-
servation. Such hallucinations are not found in the responses
from AgroAskAl

Handling Missing Details We measure the effectiveness
of AgroAskAl in detecting and resolving underspecified or
incomplete queries. We found that the Parse Agent is al-
ways able to detect missing information related to location
and timestamp when those information are relevant for the
query. The Parse Agent also notifies the user when the intent
is out of scope for AgroAskAl to answer. Moreover, Agent
Manager sometimes requires more details and notifies the
Prompt Agent to gather further clarification. Example 3 il-
lustrates the effectiveness of AgroAskAl in identifying miss-
ing details.

Example 3. Missing location information

User: What are the predicted weather conditions and
what can I do to manage my crops?

Prompt Agent to User: Hello! I'm here to assist with
your query. I'm gathering the necessary information and
will update you shortly.

Parse Agent:

{ "user_itent": "get_solution",
"location": "null",
"start_year": "",
llend_year": A ",

nn

"forecast_date":

}

Prompt Agent to User: Please enter a location (e.g., city,
state, or country):

User: Kitui, Kenya

Prompt Agent to Parse Agent: Updated location to Ki-
tui, Kenya.

<response generation continues>

Multi-lingual Capabilities AgroAskAl supports queries
in multiple languages, utilizing the capabilities of the large
language models. AgroAskAI’s Prompt Agent identifies the
language in which the user asks a query and ensures that
subsequent interactions with the user are in the same lan-
guage. For example, for the query, “hali ya hewa ikoje leo
katika kitui kenya” (“What is the predicted weather in Ki-
tui, Kenya?”), AgroAskAl correctly identifies the language
as Swahili and responds:

e Muhtasari: Anga lina mawingu kidogo na vipindi
vya uwazi.

Joto: Mchana ni 28.57°C, na usiku ni 21.69°C.
Mvua: Hakuna mvua inayotarajiwa.

Unyevu: 28%.

Upepo: Kasi ya upepo ni 21.6 km/h, ukielekea 138°.
Kiwango cha UV: 11.62 (Juu sana).

Jua: Linachomoza saa 5:30 asubuhi na kuzama saa
5:34 jioni.
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Overall, AgroAskAl demonstrated superior perfor-
mance by delivering localized, adaptable, and step-by-
step guidance, bridging the gap between quantitative tools
like CROPWAT-8.0 and generic generative models like
ChatGPT-5.1.

5 Conclusion and Discussion

In the face of providing climate-adaptive decision support to
farmers—ranging from prolonged droughts to unpredictable
rainfall—AgroAskAl provides detailed step-by step guid-
ance combining precision of domain-specific tools with the
power of generative Al, and leveraging a multi-agent, role-
specialized architecture with built-in governance mecha-
nisms. Experimental results affirm AgroAskAl’s superior
performance in delivering actionable and localized recom-
mendations compared to both static modeling tools and
generic single-agent Al models. As agriculture faces an in-
creasingly uncertain climate future, AgroAskAl exemplifies
how agentic Al can drive sustainable, scalable, and account-
able adaptation strategies, empowering farmers to thrive in a
changing world.

Limitations. While AgroAskAl shows promising results
in our empirical evaluation, we note that the system’s per-
formance is bounded by the quality and scope of exter-
nal data sources it integrates, including weather databases
and local document repositories. Moreover, its multilingual
capabilities, while strong, rely on the underlying language
model (OpenAl) and may require further fine-tuning for
under-resourced dialects. Finally, real-world deployment in
low-connectivity environments remains an operational chal-
lenge, requiring lightweight interfaces and offline capabili-
ties. One potential solution is the establishment of central-
ized computing hubs, such as community centers, where a
technically proficient individual can operate AgroAskAl on
behalf of multiple farmers. This shared-access model can
bridge digital gaps while ensuring that even farmers with-
out personal devices or internet connectivity benefit from the
system’s capabilities.

Future Work. Going ahead, we will focus on exten-
sive user testing with smallholder farmers to evaluate
the usability, accessibility, and cultural appropriateness of
AgroAskAIl. This includes participatory design sessions,
where farmers interact and critique system outputs; field tri-
als to assess the clarity, trustworthiness, and impact of rec-
ommendations; and iterative refinement based on real-world
feedback. Special attention will be given to testing across
regions with varying literacy levels, dialects, and techno-
logical familiarity, ensuring that the interface, language,
and decision-support outputs are truly aligned with farmers’
needs.
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