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Executive Summary
The FUTURAL project aims to provide a comprehensive suite of digital Smart Solutions (SS)
across five critical domains to address pressing social and environmental issues. Central to
this initiative is a robust Metasearch platform, which will not only serve as the primary access
point to FUTURAL's solutions but also facilitate the search and retrieval of SS developed by
other initiatives.

This document elaborates on the MVP implementation for the MetaSearch platform. It
focuses on a single, open-source data service and harnesses the generative capabilities of
Large Language Models (LLMs) to create a user-friendly natural language interface. The
design of the Minimum Viable Product (MVP), the tools used for adapting LLMs to our
specific application, and our comprehensive set of evaluation techniques are thoroughly
detailed.

The results from our evaluations demonstrate that our approach is highly effective and can
be efficiently implemented in future iterations of the MVP. This groundwork paves the way for
extending the platform to include additional services and diverse data sets from the
FUTURAL project, enhancing its capacity to address a broader array of queries and
datasets.
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1. Introduction
1.1. MVP alignment with the MS platform architecture
In this chapter we briefly review the MS (MetaSearch) platform architecture described in
Deliverable D4.1. - Report on MetaSearch Platform design, data governance structure, and
interoperability components. The architecture is illustrated in Figure 1, and consists of (i) the
input processing module, which analyses user queries, extracts semantic information from
such queries and makes decisions regarding the appropriate Services that should be
queried; (ii) the Metadata Management Module, which is responsible for holding
information specific to each Service Provider that will be available on the MS platform as well
as information specific to the type of data available, and the format in which it is available;
(iii) the Data Service Integration module maps the user search to a set of actual
API-specific queries that will be performed at each appropriate Service Provider and (iv) the
Semantic Data Processing module, which will transform the query results, from each
format specific to each Service Provider, to a coherent, unified, human-readable format
which combines text with images as well as other human-readable artefacts.

The focus in the first MVP implementation for the MS platform will be on modules (i), (iii) and
(iv), with a particular emphasis on the Semantic Data Processing Module. This module
relies on the usage of Large Language Models (LLMs), and requires adaptation of specific
LLMs that have already been developed, as well as LLM-based techniques to the needs of
the MS platform.

Fig. 1 - Overall MetaSearch platform components

Our MVP implementation and its relation to the aforementioned modules is detailed in the
following sections.
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2. MVP implementation
2.1. Overview
The MVP implementation aims to quickly prototype our MS platform design ideas using
LLMs. To achieve this, we focused on leveraging readily accessible third-party data from the
project's outset, avoiding delays associated with waiting for specific data to be available. Our
MVP is a stand-alone application that uses public weather API data in JSON format to create
a human-readable weather forecast. The main use-case is as follows: A user searches by
asking a natural language question about upcoming weather conditions in a specific location
and for a given timeframe (e.g., the next day, the next 7 days, or the next 14 days). The MVP
processes the query to extract the location and timeframe, accesses relevant data from the
API service, which is available in tabular form, and contains precipitation probabilities,
precipitation amounts per hour, wind directions and speeds, etc. This data is retrieved in
JSON format, which we feed to our Large Language Model. Our LLM then generates the
desired human-readable forecast.

We believe the MVP can function as a readily deployable smart service on its own. In many
countries of the EU, especially Romania, specialised weather forecasts are available and
Internet connectivity is becoming the norm rather than the exception for many rural locations.
However, many of the people that are particularly interested in these accurate forecasts for
agricultural work are not fluent users of the underlying technologies. Installing apps and
navigating them, as well as getting acquainted with technical interfaces is not straightforward
for many people in rural communities, especially since these apps have features of
ever-increasing complexity (satellite & radar projections, multi-model forecasts, etc).

Fig. 2 - The first MVP implementation mapped on the MS platform architecture

Thus, being able to distil such complex information into a human-readable yet accurate and
specific text weather forecast is, and will continue to be for a long time, a very useful feature
for such apps.
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Figure 2 illustrates how our MVP implementation and use case maps to the MS platform
architecture from Figure 1. The user query will be classified by the Input Processing
Module. In this first MVP, input processing (point 2.) will be minimal and focus solely on
location and timeline extraction. Our MVP utilises a single service (point 4.), so metadata
considerations are not relevant at this stage. The forecast API, our sole service, will be
accessed with a specified location and timeline (point 5.). The JSON-formatted response,
along with the original user query, is then fed into our Large Language Model (point 6.),
which generates a weather forecast. This forecast text is then presented to the user. (point
7.)

The rest of this chapter is structured as follows. Section 2.2. outlines our actual deployment
platform and highlights the hardware requirements; Section 2.3 explains the operational
workflow of the Input Processing Module, including query classification, entity recognition,
and initial response formulation; Section 2.4. describes in detail all steps necessary to select
and fine-tune a Large Language Model for weather forecast generation; Section 2.5.
discusses evaluation and highlights the accuracy and performance of our model the forecast
generation task; Section 2.6. deals with user experience and Section 2.7. touches on
aspects pertaining to privacy and security.

In our final and third chapter we discuss design and implementation steps to be taken for the
MS platform Alpha implementation.

2.2. MVP deployment
The MS platform MVP is currently deployed as described in Figure 3. We use two machines,
one for frontend and backend servers, and another one for LLM processing. This is
necessary since running LLMs requires dedicated GPU hardware which is usually either
shared between multiple applications, or available as a purchasable resource from third
party GPU providers. For security reasons, the MS platform prototype is not publicly
accessible 24/7 while it is still in development. This deployment is subject to change as we
improve the MVP in the next iteration with better scalability solutions.

Fig. 3 - MS platform Deployment Platform

The two servers are running as Docker containers. The frontend server is responsible for
the MVP user interface, as well as for forwarding of user input to the backend server. The
backend server is responsible for processing user input and sending it to the LLM server,
as well as receiving the LLM response and sending it back to the frontend server. It ensures
that the input is properly formatted and performs input sanitization to prevent security issues.

Because we do not store client messages on the server, even without input sanitization, the
current state of the client-side web interface cannot introduce vulnerabilities such as Cross
Site Scripting, where malicious code is stored on our servers and subsequently reflected
back to other users, nor can it lead to unauthorised modifications of data on the server.
However, this does not inherently protect against all types of client-side issues such as CSS
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Injection. CSS Injection can still occur if user inputs are dynamically used in styles and are
not properly sanitised, which could potentially degrade the user experience by altering the
visual presentation of the application. While these issues do not compromise server security
directly or facilitate the theft of sensitive data via server mechanisms, they can still pose risks
to the integrity of user interactions and data privacy on the client side.

Fig. 4 - Effects of input sanitization in the chat interface

The backend server supports the following two URIs:

- /html → POST requests to this URI are used to generate HTML code for the chat
messages. The request body is a JSON object with the following fields: sender
(string), text (string), and colour (string). The response is a JSON object with the field
message containing the generated HTML code for the user interface. There are two
possible responses: 200 (OK) and 500 (Internal Server Error).

- /meteo-query → POST requests to this URI are used to send user input to the LLM
server. The request body is a JSON object with the field message (string). The
response is a JSON object with the field message containing the LLM response.
There are two possible responses: 200 (OK) and 500 (Internal Server Error).

The second machine, running the LLM server, is equipped with the following GPU setup: 3x
NVIDIA AD102 GeForce RTX 4090 with an availability of 24576 MB VRAM each. The GPUs
are used to accelerate LLM processing, which is computationally intensive. The GPUs are
accessed through the CUDA API, which allows for parallel processing of the LLM.

The LLM server is responsible for receiving queries from the backend server, processing
them using the LLM, and sending the response back to the backend server, while also
logging the queries and responses for debugging purposes. The server always validates and
sanitises the input before processing. The LLM server supports the following URI:

- /meteo → POST requests to this URI are used to send user input to the LLM model.
The request body is a JSON object with the field message (string). The response is a
JSON object containing the LLM response. There are two possible responses: 200
(OK) and 500 (Internal Server Error).

2.3. Input processing module MVP - query processing

In the MVP implementation, the Input processing module will not perform Smart Service
classification, since we only use a single data-source. Instead, this module will detect
information related to user location for generating the forecast. Detection proceeds as
follows. The frontend server receives the user’s query and forwards it to the backend server,
which processes the message and sends it to the LLM server. The LLM server processes
the message and returns the response to the backend server, which then forwards it to the
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frontend server. The frontend server displays the response in the chat window. The user can
continue the conversation by sending additional messages.

The LLM server first processes the query to identify if it is related to a weather forecast. If so,
it employs Named Entity Recognition (NER) to extract the city names mentioned in the
query, which are then matched against a local database containing latitude and longitude
coordinates to accurately locate the city. For time references, the model uses NER to identify
time mentions. However, in this first MVP, we assume the time is "today," since the current
data provider, Meteoblue, only offers weather data for the current day.

Once the location and assumed time are determined, the system uses these details to query
the Meteoblue weather API with the geographic coordinates. The API responds with a
weather forecast in the form of a JSON object, which is then fed into the LLM model. The
LLM model processes this data to generate a contextually relevant weather forecast
response. This response is then sent back to the user via the backend server.

If the query is unrelated to weather forecasts, the LLM server generates a response based
on the content of the query itself, without invoking third-party service providers. It is
important to note that in the current stage of development, we do not provide the LLM model
with the context of previous messages. Therefore, responses are generated based solely on
the current message, without taking into account the chat history.

For our weather API, we collect the data from Meteoblue.com, by querying pages with the
URI format https://www.meteoblue.com/en/weather/week/<latitude>N_<longitude>E
where we replace <latitude> and <longitude> with the corresponding values, using a
precision of 3 decimal places. We then parse the HTML content of the page to extract the
JSON data and the weather bulletin text.

2.4. Generating user answers using LLMs
This section outlines our step-by-step design process for creating the Large Language
Model (LLM) that we use to generate forecasts.

Existing Large Language Models like GPT-3.5 perform reasonably well when prompted with
weather forecasts in tabular formats and human queries about the weather. However, this
approach has limitations: (i) it doesn't scale with the vast amount of data expected from the
FUTURAL project, and (ii) it relies on proprietary technology (GPT models) that is not
open-source and cannot be adapted to our needs. For this reason, our approach for the
implementation of our LLM focuses on selecting an appropriate open-source LLM, and
deploying adaptation strategies to increase the performance of the chosen LLM to our
forecast generation task. In what follows we briefly review candidates for a suitable LLM as
well as adaptation strategies that we have considered in implementing our LLM for the MVP.

2.4.1. Available options for selecting an open-source LLM
Mistral [1] models vary in size and computational requirements:

- Mistral 7B - is a dense model for quick experimentation and iteration containing 7
billion parameters. It is known to match 30B parameter models in performance, with
a context size of 32k tokens;

- Mistral 8x7B - is a sparse model utilising roughly 12B out of 45B parameters for
enhanced throughput, featuring a context size of 32k tokens;

- Mixtral 8x22B - is a larger sparse model using about 39B of its 141B parameters,
designed for better throughput and increased vRAM demand, with a context size of
64k tokens.
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The Mistral family of models have function-calling [2] abilities that allow for the execution of
calling functions from within the model, enabling the use of external APIs and services,
however our experiments have found these to be limited in their performance. We opt for
implementing our own function calling system that allows for the execution of external APIs
and services using more accessible and more well documented models such as Llama-2
and Llama-3.

Llama-2 [3] is a family of LLMs that allow a context length of 4096 tokens, which is about
3150 words, with an average of 1.3 tokens per word in English. For the chat interface of the
MVP implementation, we opted for the fine-tuned Llama-2-Chat model, optimised through
Reinforcement Learning from Human Feedback for dialoguing with users. It is a
general-purpose LLM, meaning that it can be used for a wide range of tasks, including chat,
question-answering, and text generation.

We currently utilise the 7 billion (7B) parameters model, the smallest in the Llama-2 series,
for prototyping. This model offers advantages in memory usage and computational
efficiency, facilitating quicker and more cost-effective development of prototypes.
Nonetheless, it does not achieve the accuracy levels of its larger counterparts, the
Llama-2-13B and Llama-2-70B models, which contain 13 billion and 70 billion parameters
respectively and require significantly more memory and computational power. We chose the
7B model for our initial prototype to strike a balance between accuracy and development
efficiency, with the option to upgrade to a more powerful model should the need for greater
accuracy arise in future iterations. For the current prototype, we illustrate adaptation
techniques that increase the performance of this model choice for our forecast generation
task.

The Llama-3 family is a newly launched family of LLMs (as of April 2024), with two variants
available so far: 8B and 70B, both options having instruction tuned versions that can be used
for chat applications. With a context size of 8k tokens, the Llama-3 models are designed to
be more efficient and faster than the previous Llama-2 models. We aim to investigate the
capabilities of the Llama-3 models in future stages of the project.

2.4.2. Overview of LLM adaptation techniques for the MS platform
Large Language Models (LLMs) rely on the transformer [4] architecture and usually consist
of parameters in the order-scale of billions. This parameter scale gives them the ability to
recognize language patterns and grasp the meaning of input text. In order to achieve high
performance for any language-related tasks, LLMs gain their language comprehension
abilities by learning semantic relations between words. These relations are learned by
seeing vast amounts of human-like texts, either taken from available sources online or
specially curated for a specific task.

Pretraining a large language model is a task achieved using a massive corpus of text data,
in the order scale comparable to the text available on Wikipedia. The gathered text is split
into words or subwords named tokens which are then converted into a vectorial
representation. The overall objective of pretraining is to obtain a model that, given a
sequence of tokens as input, will predict the most likely next-word in a given sequence, with
respect to the large amount of text that the model has seen. Pretraining a model from
scratch for the MS platform is unfeasible, for two main reasons: (i) the sheer amount of data
required for this task; (ii) the computational effort and hardware requirements for pretraining,
which is prohibitively expensive. Fortunately, we can build LLMs appropriate for the MS
platform by other means.

A useful particularity of transformer-based LLMs is their ability to be customised via
transfer-learning [5]. Transfer learning is a technique that allows a model developed for a
particular task to be reused as the starting point for creating a model for a second task. It is
particularly useful when the second task has limited training data. To achieve this, a model is
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split in two parts: a task-specific head and a general-purpose body. The body learns to
recognize language patterns and the relations between words by training on a large-scale
dataset, as illustrated in the previous section. Then, the model is fine-tuned by making
modifications to the layers that form the head, through training on a task-specific dataset.
The models obtained this way have a high generalisation capacity and can be easily be
repurposed and used in various applications.

This process leverages the model's intrinsic knowledge of language, gained during
pre-training, to perform better on the new task. There are various methods of fine-tuning,
ranging from updating all the model's weights (full fine-tuning) to training only a small
number of additional weights (adapter tuning).

Full fine-tuning involves updating the weights across all layers of the model. Although this
approach is computationally intensive and requires significant storage—since it results in
multiple copies of the model, one for each task—it tends to yield the most effective
outcomes.

Alternatively, adapter tuning involves adding small, task-specific neural networks, or
adapters, to the model. These adapters are trained while the original model's weights remain
frozen. This method is less resource-intensive as it requires less computational power and
storage, maintaining only one copy of the baseline model and small adapters for each task.
The modular nature of adapters also facilitates easy integration of new tasks without
retraining the entire model. This approach offers a practical balance between performance
and resource utilisation, making it a viable option for managing multiple tasks efficiently,
which will be especially useful for the final version of the MS platform, because it allows us to
create multiple adapters (as illustrated in Figure 5) which can be combined in different ways
for different tasks.

Fig. 5 - Using adapters to customise a Large Language Model

Lastly, prompt engineering offers another approach to leveraging a pre-trained model for
specific tasks without the need for fine-tuning. This method involves providing the model with
a few task-specific examples as prompts, allowing it to perform the task by extrapolating
from these examples. While very efficient in terms of computational resources, prompt
engineering does not always achieve the same level of effectiveness as task-specific
fine-tuning, but we are considering it for specific tasks such as query classification, subject to
the implementation of Input Processing Module, for future iterations of the MS platform
implementation.
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2.4.3. Adapter tuning our model

2.4.3.1. Building the training dataset.
In order to fine-tune Llama-2-7B on the weather bulletin generation task, we have built a
dataset of weather data in the format specific to our chosen weather API. The dataset is a
collection of JSON inputs (that contain real and felt temperature, wind speed and direction,
precipitation size and probability, cloud coverage for every 3 hours in a day), as well as
corresponding output, namely the weather bulletin text, which is a description in natural
language of the data provided.
To create this dataset, we employed web scraping techniques on the Meteoblue.com
website to collect data bulletins. We randomly selected latitude and longitude values to
ensure unbiased global coverage, resulting in a diverse distribution of meteorological
conditions. Over several days, we scraped the website and amassed a total of 44,550
input-output data pairs. Figure 6 illustrates the structure of a query answer from the Weather
API in JSON format. Figure 7 depicts the weather bulletin in plain text, available on the
Meteoblue platform.

Fig. 6 - Sample of a query answer from the Weather API

Fig. 7 - Sample of a weather bulletin available in plan text, using in fine-tuning

We have built an evaluation dataset in a similar way, which contains 500 pairs of input JSON
and output weather forecasts, in order to evaluate the performance of our fine-tuned model
on the weather bulletin generation task.
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2.4.3.2. The Hugging Face API for Fine-Tuning LLMs
Hugging Face Transformers [6] is a library that provides state-of-the-art NLP models (such
as BERT, GPT-2, RoBERTa, etc.) and pipelines. It is built on top of PyTorch and TensorFlow.
The library is widely used for a variety of NLP tasks, such as text classification, named entity
recognition, and question answering. We use its APIs for model fine-tuning, inference and
evaluation. We employed Parameter-Efficient Fine-Tuning (PEFT) [7] using the Hugging
Face Transformers library. PEFT enables the fine-tuning of only a small subset of the
model's parameters, keeping the rest fixed, which significantly enhances computational
efficiency and allows for effective training on smaller datasets. Specifically, we utilise
specialised adapters within PEFT, such as Low-Rank Adapter (LoRA) [8] and Quantized
Low-Rank Adapter (QLoRA) [9]. LoRA integrates trainable low-rank matrices into a model's
architecture by inserting them in specific layers (like attention or feed-forward layers) to
apply focused adjustments that modify the output of the model's existing layers. This means
the model gets a bit bigger but is better at handling specific tasks. The fine-tuning process
with LoRA is faster and uses less computation power compared to full model fine-tuning.
Additionally, QLoRA enhances this approach by adding quantization, which reduces the
model's memory use and lowers the computing power needed for fine-tuning. In
quantization, the model's parameter values, which are usually continuous, get simplified into
smaller, discrete numbers. This means going from more detailed 32-bit numbers to simpler
8-bit numbers. We have experimented with several hyperparameter configurations, including
various learning rate values and batch sizes, and have obtained the best results with the
configurations presented in Table 1, which illustrates a technical overview of the
hyperparameters used during the fine-tuning of our model.

Table 1 - Fine-Tuning Parameters

Aspect Hyperparameter Value

LoRA Adapter Alpha 16

R 64

BitsAndBytes/
QLoRA Adapter

Weights Quantization type
(how weights are stored)

nf4

Computation type
(in what type weights are transformed during

matrix multiplication operations)

float16

Training setup Epochs 1

Batch size 1

Learning Rate 0.0001
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Fig. 8 - Training Loss during fine-tuning

Figure 8 illustrates the training loss over the course of the training period for our initial
prototype on the Metaplatform’s LLM. This graph demonstrates a clear downward trend in
loss values, indicating effective model convergence. Remarkably, the graph reveals that just
one epoch of training was sufficient to achieve viable results for this prototype stage.

We store the base model and the fine-tuned adapters separately. This separation allows us
to reuse the base model for different tasks and fine-tune only the adapters for a specific task,
such as weather bulletins, which can then be easily loaded and attached to the base model
when needed, as previously illustrated in Figure 5. This modular approach to model
fine-tuning makes the process more flexible, efficient and scalable, as it requires much less
storage space and computational resources compared to fine-tuning an entire model from
scratch for each specific task. We can also switch adapters depending on each task's
requirements, making the model more adaptable and versatile.

2.5. Model evaluation
2.5.1. BLEURT and ROUGE scores

Evaluating the performance of Large Language Models for various tasks is often
challenging. One source of difficulty stems from the fact that conversational models are
non-deterministic - their output can vary from query to query. Furthermore, there is
no-ground truth response that is uniquely valid. More specifically, in our context, there is no
single weather forecast text that is correct, given a certain data prediction in tabular form.
However, we can deploy approximation metrics such as the BLEURT and ROUGE scores
coupled with human evaluation and AI-powered evaluation. Using this combination of
metrics we can get an accurate assessment of the model's performance.

ROUGE (Recall-Oriented Understudy for Gisting Evaluation) [10] score, is a set of metrics
used to evaluate the quality of text summaries. Using ROUGE, we have compared the
output of our LLM with the set of reference summaries that we have built. The comparison is
achieved using n-grams, i.e. word sequences of length n. There are three variants of
ROUGE:

● ROUGE-1 measures the overlap of unigrams (individual words) between output and
reference text.
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● ROUGE-2 measures the overlap of bigrams (two-word sequences) between output
and reference text.

● ROUGE-L measures the longest common subsequence between output and
reference text.

While small changes in temperature or weather conditions can lead to different predictions,
making ROUGE not always the best metric for evaluating our weather forecast model, it has
proven effective in predicting similarities between output and reference predictions. Table 2
shows the ROUGE scores for our model on the evaluation dataset. The presented scores
indicate that the generated outputs have a good degree of similarity to the reference weather
forecasts.

Table 2 - ROUGE scores for our weather LLM

Metric F-score Precision Recall Observations

ROUGE-1 0.6912 0.7352 0.6579 relatively high overlap of individual words

ROUGE-2 0.5350 0.5751 0.5070 moderate overlap of consecutive word pairs

ROUGE-L 0.6849 0.7286 0.6519 good match based on the longest shared sequences

In Table 2, the F-score is the harmonic mean of the precision and recall values, where
precision is the proportion of unigrams in the generated summary that appear in the
reference summary, and recall is the proportion of unigrams in the reference summary that
appear in the generated summary. The F-score is a good indicator of the model's
performance, with higher values indicating better overlap between the model's output and
the reference text.

Another metric that we have deployed is BLEURT [11], which evaluates the quality of
Natural Language Generation. It is based on BERT, a transformer-based model that is
pre-trained on a large corpus of text. BLEURT is a fine-tuned version of BERT that is trained
to evaluate the quality of generated text, in terms of how well it captures language nuances
and context. BLEURT analyses two sentences—a reference and a candidate—and scores
how well the candidate sentence maintains the meaning of the reference and its fluency. We
have employed BLEURT to assess the quality of our forecasts. Table 3 illustrates the
arithmetic mean of all BLEURT scores for our evaluation dataset. Each individual score
takes values between 0 and 1, with values closer to 1 indicating a better similarity.
Experimentally, values in the range of 0.7 indicate strong similarity, however, we have found
that even minor numerical changes in the forecast can result in significantly different
predictions, which BLEURT might not take into account in its evaluation.

Table 3 - BLEURT scores for our weather LLM

Metric Score Observations

BLEURT 0.6445 moderate to good level of text quality; text is reasonably aligned with
the expected human-like quality and coherence

To conclude, automated metrics such as BLEURT and ROUGE are fast and inexpensive to
deploy, and are a good indicator on the LLMs ability to generate coherent text, thus ruling
out bugs or other faulty aspects that may compromise the fine-tuning process. However,
they cannot, by themselves, capture all aspects of the model's performance, particularly with
respect to the weather forecast generation task.
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2.5.2. Human evaluation
To get a good grasp on our model’s performance, we turned to human evaluation, to get a
deep understanding of our model performance. We asked human evaluators to annotate our
models' outputs in terms of how accurate the weather forecast is based on the input JSON.
Each pair of input-output entries is assigned a score between 0 and 1, where 0 indicates that
the output is not at all accurate, 0.5 indicates partial accuracy: the overall weather trend is
well captured, however there are small differences between the JSON and the generated
text, and 1 indicates full accuracy - the output is almost or completely correct and can be
completely trusted. We average the human scores to get a final human evaluation score for
our LLM. Figure 9 illustrates a few annotated samples from our evaluation dataset.

Fig. 9 - Evaluation dataset samples with scores given by humans

We have obtained a mean score of 0.82 (Figure 10), using human evaluation which
illustrates good forecasting performance. This metric is consistent with BLEURT, but also
much higher, since many forecasts may be phrased differently, e.g. enumerating weather
traits such as wind, precipitation in different orders. Human evaluation was only possible for
a representative sample of approx 500 dataset entries, due to it being time-consuming and
expensive to conduct. However, we can approximate it on a larger scale, by employing a
much larger language model (LLM), such as GPT-4 [12], prompted to compare the output
and reference text and provide a score of 0, 0.5 or 1, just as the human evaluators did. We
use the following prompt for the GPT-4 model:

For the following AI-generated weather bulletin, provide a ranking of how plausible
it is given the weather data in the provided weather API JSON. A rank of 0 means
completely not plausible, 1/2 means it is ok but has some mistakes, 1 means
perfectly plausible. Your answer should be a single number.
<INPUT_JSON>
<METEO_BULLETIN_TEXT>

The GPT-4 score of 0.81 is also high, indicating strong performance and a good alignment
with human judgement, meaning this approach can be employed to approximate human
evaluation in future evaluations for the LLMs involved in the MS platform.
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Fig. 10 - Model evaluation scores

To conclude, we have deployed four different strategies to assess the performance of our
LLM: ROUGE, BLEURT, coupled with human evaluation, as well as GPT-driven,
prompt-based evaluation. The distilled results are illustrated in Figure 10. All scores indicate
a strong performance of our LLM. They also validate the fact that our AI-based approach is
feasible as an architecture design and can be extended for the complete implementation of
the MS platform.

2.6. User experience

Fig. 11 - MS Platform MVP Chat window

During the design phase of the MS platform, we focused on three key characteristics:

➔ Users with no IT experience should be able to efficiently use the platform.
➔ All information should be accessible with a minimal number of clicks.
➔ Information should remain readable regardless of how the data is formatted, stored,

or provided by Service Providers.

We quickly realised that Large Language Models (LLMs) could effectively meet these
criteria. Consequently, we designed this MVP as a conversational interface, as illustrated in
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Figure 11. Incorporating natural language interaction significantly enhances the user
experience by making the MS platform more intuitive and accessible for non-technical users.
This approach allows users to interact with the system using everyday language, eliminating
the need for specialised technical knowledge. As a result, users can easily find the
information they need and perform tasks more efficiently, leading to a smoother and more
enjoyable experience on the platform.

We incorporated several small details to enhance user experience, including reactive
buttons that change colour when hovered over and show a pushing animation when clicked,
a chat input text box that scrolls down as the user types to always display the most recent
three lines of the query, a character limit of 1500 for input with a real-time character count to
prevent overly long inputs, restrictions on sending empty messages with a brief red border
signal, local caching of chat history until the page is closed or cleared, scrollable chat history,
and a loading animation while waiting for responses with the “Send” button disabled during
processing.

2.7. Privacy and security
Our MVP implementation safeguards against cross site scripting (XSS), SQL injection, and
other common security vulnerabilities to ensure that the interface is secure and that user
data is protected. We also follow best practices for data encryption to safeguard user
information, aiming to use secure connections (HTTPS) and encrypt sensitive data at rest
and in transit. Furthermore, we offer complete transparency regarding data collection: we do
not store any user data beyond what is necessary to provide the search service, namely the
user's input and the model's response.

3. Future work
3.1. Extending to multiple Smart Services
Currently, the MVP for the MS platform retrieves and presents data from a single service (the
weather forecast API). We plan to expand this by integrating data from multiple Smart
Services and adding capabilities to identify and selectively query such relevant services. We
outline three different strategies for data integration that can be supported by the MS
platform:

➔ Model fine-tuning involves creating tailored adapters for each Smart Service
Provider in the FUTURAL project. This approach builds on the core principle behind
the MVP implementation. Based on data characteristics from Smart Services, we will
build a dataset that can be used to modularly create LLMs for each SS, as illustrated
in Figure 2. Each fine-tuned adapter will be combined with the base LLM per need,
and interrogated per need depending on the user query. It is also possible to build a
single FUTURAL LLM, with the advantage that MS platform implementation would be
much simpler, however scaling to arbitrary datasets from different providers is more
challenging and may pose text generation performance challenges. Model finetuning,
either via adapters per Smart Service or as a single iteration, has the downside that it
requires human intervention, including data curation, in order to integrate data from a
new service;

➔ RAG (Retrieval-Augmented Generation) [13] is an alternative technique that can
be used to more seamlessly integrate new Smart Service data. RAG
(Retrieval-Augmented Generation) is a highly effective technique for providing users
with specific information without requiring complex processing. It combines
conventional databases or APIs with the generative capabilities of large language
models (LLMs). In this approach, a user query is first used to generate specific
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database queries. The most relevant results from these queries are then integrated
into the text generation process.
For example, consider a user query about suitable crop hybrids available in a certain
area, known for their productivity. If a Smart Service has a database of such hybrid
species, it will query the database and combine the top five results with the user
query as input for the LLM. The LLM will then generate a text response listing the
suitable candidates. In this case, the LLM does not require special interpretation
capabilities for the queried data, unlike our weather MVP implementation.
We estimate that many Smart Services will produce data that can be directly
accessed using RAG, without needing specific model fine-tuning techniques.

➔ API-call integration [14] allows creating models that can invoke third-party APIs
during the text generation process, without the need to deterministically process and
classify the input query. This technique stems from the observation that LLMs are
unable to process location-based queries (to achieve this, a user location should be
somehow integrated manually in the query), time-based queries, or simple tasks
such as arithmetic computations. For instance, in user queries such as: “search for
farm properties that support space at least 70 tomato specimens and 50 cucumber
specimens, with 1 square metre space for the former and 0.7 square metres for the
latter”, most LLMs will not correctly compute the minimal required surface of the land.
API-call integration allows models to learn from examples and invoke external
API-calls during text generation, in order to supply accurate information that is not
part of the model itself. In our example, a properly-trained LLM will generate the
expression 70*1 + 50*0.7, but instead of using word-probabilities to generate the
response, will invoke a calculator API in order to obtain the response.
API-call integration can be used in support of the MS platform to increase the query
accuracy for users and at the same time, it can be used to train models how, and
when to call or query external Smart Services, as well as what Services should be
called. Thus, API-call integration can be leveraged as an alternative to our
deterministic Input Processing Module, in order to automatically make decisions
regarding which Smart Service should be invoked.

3.2. Supporting different data formats
It is expected that Smart Services from the project will produce data of different types, not
necessarily in textual form. The most likely scenario is that data can take the form of graphs,
plots, maps and other specific visuals. We will accommodate such data in the search
process, by leveraging existing LLM capabilities to read and process images, together with
metadata which will be available from Service Providers, in order to capture the
characteristic of each image. We plan to extend search support for any kind of visual data
artefact, as part of the MS implementation process.

3.3. Scalability
In order to give users a seamless experience, the interface should be able to handle a large
number of users simultaneously, this way we can ensure that users can interact with the
model without any delays or interruptions. For that, a robust server is required that can
handle multiple requests concurrently. We aim to use a cloud-based server (such as
Openstack) to host the interface, which will allow us to scale up the resources as needed.
This aspect will be crucial when the interface is deployed and used by a large number of
users. but the exact details of the scalable deployment will be determined in the future
stages of the project, after the initial prototype is developed and the number of smart
services and users can be estimated.

We aim to replicate our LLM server on multiple instances, and use a load balancer to
distribute the incoming requests among the instances. This way, we can ensure that the
server can handle a large number of requests without any delays. We will also use a caching
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mechanism to store the responses to frequently asked questions, which will reduce the
response time and improve the overall performance of the system.

Furthermore, we wish to replicate both backend and frontend on multiple instances in
different regions to ensure that the interface is available to users worldwide, with minimal
latency. This will also help in reducing the load on a single server and improve the overall
performance of the system.

By replication of our servers, we can ensure that the interface is highly available and can
handle a large number of users simultaneously, at any time of the day. We will also monitor
the performance of the servers and scale up the resources as needed, to ensure that the
interface is responsive and efficient.

3.4. Support for other third-party data
The MS platform is designed to accommodate new data sources that may appear during or
after the project duration. It is possible that certain data sources cannot, either for technical
reasons or other reasons, be processed via the LLM approach described previously. Also, it
may be possible that certain datasets will be useful in their raw shape, for domain experts or
application developers, as a resource for research or for application development. For this
reason, we will also maintain a metadata repository that will index all available data and data
sources that are available in the FUTURAL project, via the MS platform, and will allow direct
access to such data. This repository will be subject to future MVP developments.

4. Conclusion
Our MVP implementation for the MS platform is a standalone, fully functional Smart Service
designed to interpret weather data and provide natural language responses to weather
forecast queries. This MVP serves as a single-service search platform with the primary goal
of pilot-testing the concept of generative AI for user searches over heterogeneous data
within the FUTURAL project. Additionally, it aims to experiment with various Large Language
Models and adaptation techniques to enhance their generative performance.

The implementation and evaluation results demonstrate the feasibility of our approach.
Moving forward, the next phase involves expanding the platform to include additional
services and specific data sets from the FUTURAL project, thereby increasing the diversity
of available data. This expansion will enable more comprehensive testing and refinement of
the system, ultimately enhancing its robustness and versatility in handling diverse queries
and datasets.
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