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Abstract
Conversational agents have the potential to streamline tasks, provide support, and enhance user experience across various 
domains including Virtual Research Environments (VREs). The recent progress in conversational artificial intelligence 
and Large Language Models (LLMs) offers novel strategies for the development of these agents. This paper reports on 
the potential benefits, the challenges and the approaches resulting from concrete experiences in developing and equip-
ping D4Science-based VREs with suitable conversational agents. The paper presents three successive implementation 
approaches and the resulting agent solution, each designed to address the limitations identified in the preceding iteration 
and to leverage the advantages offered by newer implementation and development options. The proposed approaches led 
to the progressive refinement of the agent design and functionality, resulting in DAVE, a conversational agent capable of 
securely interacting with multiple D4Science services and supporting a wide range of user workflows. The iterative pro-
cess highlighted critical requirements—including authentication handling, usability, and extensibility—that can inform the 
design of conversational agents in similar research infrastructures. The study shows that conversational agents can effec-
tively lower the barrier to accessing VRE functionalities and enhance user engagement. The resulting design principles and 
lessons learned provide a foundation for future work aimed at extending DAVE with an enhanced feedback mechanism 
and locally hosted LLM integration, and conducting systematic usability evaluations within active research communities.

Keywords  Virtual Research Environment · Research infrastructure · Conversational agent · AI Agent · Multi-agent 
systems
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Introduction

The recent appearance of Large Language Models (LLMs) 
in the landscape of Artificial Intelligence (AI) fueled an 
unprecedented flourishing of services pertaining to Natural 
Language Processing (NLP). Among these, AI agents have 
emerged as one of the most transformative applications [1–
3]. Powered by the advanced language understanding and 
generation capabilities of LLMs, they can engage in coher-
ent, context-aware dialogues. Their ability to interface with 
a variety of services, invoke external API calls, and collect 
results makes them a versatile tool across a wide range of 
domains, such as customer service, entertainment, health-
care, and scientific research.

In the context of scientific research, Virtual Research 
Environments (VREs) [4] and Science Gateways [5] are 
increasingly being adopted as platforms to support open, 
collaborative, data-intensive, and possibly computation-
ally demanding research work within diverse communities 
across the boundaries of research performing organizations. 
They aim to lower the barrier to performing research, mak-
ing it more reproducible, collaborative, and scalable by 
hiding technical complexity, democratizing access to data 
and computing resources, promoting the sharing of research 
products by the “as early as convenient” approach, and giv-
ing researchers intuitive tools for their domain.

AI agents have a strong potential to improve the usabil-
ity and accessibility of these research-oriented platforms as 
well as their developments [6, 7]. They might bring ben-
efits from many points of view, including real-time sup-
port through chatbots, advanced search capabilities based 
on semantics, virtual assistance in research tasks, gateway 
improvement driven by sentiment analysis, automated gate-
way scanning for accessibility compliance, identification of 
compromised accounts and security threats.

This paper reports on our experiences and lessons 
learned while developing conversational agents within the 
D4Science infrastructure and its VREs [8–10]. Specifically, 
we describe three subsequent efforts in designing and imple-
menting a conversational agent suitable for the D4Science 
settings: namely (a) the early prototype Janet [11], i.e., a 
modular agent based on a pipeline of fine-tuned compo-
nents; (b) our second attempt D4Science AI Agent [12], 
i.e., a multi-tool agent based on the Cheshire Cat [13, 14] 
framework; and (c) the current proposal DAVE (D4Science 
Assistant for Virtual research Environments), i.e., a highly 
modular multi-tool multi-agent system based on the Google 
Agent Development Kit (ADK) framework [15]. For each 
system, we discuss the design rationale, identify the limita-
tions and shortcomings that emerged in practice—our “les-
sons learned”, and explain how these guided the development 

of the subsequent iteration. Through this analysis, we aim 
to elucidate the challenges associated with integrating con-
versational agents into VREs and propose an approach that 
may serve as a reference for similar initiatives.

Throughout this work, we have been guided by a set 
of requirements that we argue are broadly applicable to 
any conversational agent designed for D4Science-based 
VREs—and, more generally, to agents deployed within 
VREs or Science Gateways. These requirements were: 
Assistance	 Assist researchers at least in question 
answering, resource retrieval, paper summarization, and 
integration with the underlying services;
Flexibility	 Enable modular replacement to accom-
modate technological advances;
Security	Guarantee at least the same level of safety and 
security provided by the underlying infrastructure;
Extensibility	 Be extensible to meet the evolution and 
growth of the underlying infrastructure concerning capabili-
ties and capacity;
Feedback	 Evolve in response to user interactions.
The main contributions of this paper are summarized below:

	● We share our first-hand experience in designing and 
deploying a conversational agent integrated in a large-
scale research infrastructure, highlighting both the chal-
lenges encountered and the lessons learned that may 
inform future initiatives;

	● We introduce DAVE, a novel conversational agent tight-
ly integrated in the D4Science VREs, illustrating how its 
design principles can address practical challenges, offer-
ing insights for researchers developing similar systems;

	● We present DAVE’s practical value through represen-
tative use cases, showing how the tight integration of 
DAVE into D4Science VREs can enhance researchers’ 
daily workflows.

The remainder of the paper is organized as follows. Sec-
tion  “Background and Related Works” reviews relevant 
background and related work. Section  “D4Science AI 
Agents” describes the three conversational agents intro-
duced above. Section  “Use Cases” demonstrates how the 
current D4Science agent DAVE performs in representative 
use cases. Finally, Section  “Conclusion and Future Work 
concludes the paper and outlines directions for future work.

Background and Related Works

Developing a conversational agent for a Virtual Research 
Environment (VRE) differs significantly from developing 
one for a traditional environment [16], e.g., the distinctive 

SN Computer Science

  339   Page 2 of 21



SN Computer Science           (2026) 7:339 

characteristics of VREs, in terms of content and capabilities, 
along with their evolving nature, present specific challenges. 
This section provides an overview of the VRE concept and 
its implementation within the D4Science infrastructure, 
examines Large Language Models and conversational 
agents, reviews relevant technologies and frameworks that 
can support agent development, and summarizes prior expe-
riences in developing such agents.

Virtual Research Environments and the D4Science 
Infrastructure

Virtual Research Environments (VREs), also referred to 
as Science Gateways or Virtual Laboratories, are web-
based platforms designed to support the needs of specific 
research communities [4, 5]. They are conceived to provide 
the tools and resources necessary for achieving particular 
research objectives, offer their services in an open and flex-
ible manner, and facilitate controlled, fine-grained sharing 
of research outputs, with an emphasis on ownership, prov-
enance, and attribution.

D4Science [8–10, 17] is a distributed infrastructure pow-
ered by the gCube technology  [18] to provide integrated 
VREs as-a-service to research communities. D4Science was 
designed to conceptually play the role of a central-hub offer-
ing seamless access to its own resources (datasets, services, 
computing and storage capacity) as well as to services and 
computing capacity offered by other infrastructures and ser-
vice providers. From the end-user perspective, D4Science-
based VREs are web-based working environments that 
include various services related to four main components: 
a shared workspace, a social networking area, a data analyt-
ics platform, and a publishing platform [8]. Their level of 
maturity and deep integration promote a workflow between 
researchers based on cooperation and sharing. Research-
ers can share their material and access materials shared by 
others in the workspace, where each item is equipped with 
a unique identifier that allows unambiguous reference to 
it from the other components. Social posts can be used to 
communicate and discuss opinions among VRE members. 
The data analytics platform allows defining, publishing, and 
invoking methods and workflows, promoting their reuse as 
well as the reproducibility of results obtained by them [19]. 
Finally, the publishing platform permits announcing and 
being informed about the availability of research artifacts at 
different maturity levels.

At the moment of writing, the D4Science Infrastructure 
serves more than 27,000 users in 90+ countries all over the 
world by 220+ active VREs  [17]. D4Science VREs have 
been adopted by dozens of research communities in about 

20 years  [10]. A list of currently active gateways can be 
found here [20].

Large Language Models and Conversational Agents

LLM [21, 22] is the term generally used to denote a neural 
language model based on the Transformer network archi-
tecture [23], which usually contains billions and even tril-
lions of parameters. LLMs are pre-trained with enormous 
amounts of textual data, from which they learn grammar 
rules and acquire vast world knowledge. They exhibit strong 
language understanding and generation capability, and their 
abilities go even beyond basic natural language processing 
tasks, including: in-context learning, instruction following, 
and multi-step reasoning  [21]. Currently, LLMs are con-
ceived as a fundamental building block for general-purpose 
AI agents, to the point that they are the most promising 
technology towards so-called Artificial General Intelligence 
(AGI) [1].

There are many LLM examples, with the most notable 
ones pertaining to OpenAI’s GPT family, Google’s Gemini 
family, Meta’s Llama family, and Anthropic’s Claude fam-
ily. To name just a few examples, the GPT family includes 
GPT-4 [24] and GPT-5 [25], at the core of ChatGPT [26], 
the famous chatbot released in November 2022 which is 
arguably the first LLM-powered service to achieve wide-
spread adoption among the general public. Google’s Gemini 
family evolved from PaLM  [27] and forms the backbone 
of Google’s homonymous chatbot [28]. The Llama family 
includes Llama-3  [29] and Code Llama  [30], two open-
weight models, with the latter being a code-oriented LLM 
which has been trained with extensive code-specific data-
sets to acquire advanced coding capabilities. Finally, the 
models of the Claude family (e.g., Claude 3 [31]) are trained 
using the so-called Constitutional AI [32], which is based on 
giving principles to guide the learning process. In addition 
to general-purpose LLMs, specialized Scientific Large Lan-
guage Models have been devised to better handle domain-
specific terminology and facilitate the understanding of 
scientific language, e.g., [33].

Conversational agents, or chatbots, [3, 34] are AI models 
designed to engage in meaningful and interactive conversa-
tions with users. For them, the ability to simulate human-like 
dialogue abilities is paramount, as it allows users to interact 
with them in a fluid and natural manner. Before LLMs, they 
were limited mainly to keyword-based and pattern-based 
communications in which user questions were matched with 
a set of answers in a database.

The advent of LLMs completely revolutionized this 
landscape. LLMs allowed conversational agents to evolve 
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Cheshire Cat  [13, 14] is an open-source framework 
for building LLM-powered AI agents. It is designed to be 
highly extensible and language-model agnostic, as it sup-
ports integration with a wide range of LLMs via API keys. 
Its architecture is API-first, enabling seamless interaction 
through HTTP and WebSocket endpoints. It is fully docker-
ized for easy deployment.

The framework supports RAG functionalities to ground 
responses in a persistent knowledge base, implemented by 
the means of a Qdrant vector database called “Rabbit Hole”. 
This stands at the core of an episodic memory, which tracks 
past interactions, and a declarative memory, which stores 
user-provided documents. Cheshire Cat can be customized 
and extended through Python plugins, with a rich ecosys-
tem of over 100 plugins already available. Its persistent 
long-term memory ensures that agents retain context across 
restarts, and its document ingestion capabilities allow for 
advanced, context-aware AI behaviors. The active devel-
oper community and comprehensive documentation further 
support rapid development and deployment of intelligent 
agents.

The framework leverages so-called tools to act as bridges 
between the language model and external functionalities, 
such as APIs, databases, or custom logic, enabling the agent 
to perform actions beyond pure text generation. Each tool is 
developed as a Python library and can be easily registered 
and integrated into the agent’s workflow.

Google Agent Development Kit (ADK) [15] is an open-
source framework for the development of production-ready 
AI agents on top of LLMs. It provides a structured environ-
ment that facilitates the development of both single-agent 
systems and complex multi-agent architectures. The ADK’s 
core strength lies in its modular design, which promotes a 
clear separation of concerns by distinguishing between an 
agent’s core logic, its tools, and its instructional prompts. 
This architectural approach enhances maintainability and 
scalability, allowing developers to build robust systems 
where specialized agents handle discrete tasks. For instance, 
a common pattern involves a root agent acting as a router, 
delegating tasks to sub-agents with specific capabilities, 
such as data retrieval or code execution.

The framework is built on an asynchronous model, 
enabling efficient I/O operations and parallel tool execu-
tion, which is critical for performance in real-world applica-
tions. State management is a central feature that provides 
a mechanism for agents to maintain context and pass data 
throughout a session’s lifecycle. For tasks requiring human 
oversight, the ADK supports Human-in-the-Loop patterns, 

to the point that they are becoming an integral part of an 
ever-increasing amount of services and applications, such as 
virtual assistants (e.g., Siri and Alexa), customer support in 
businesses, personal assistance in healthcare, personal tutor-
ing in education, player guidance in digital gaming [3]. They 
are helping users improve their abilities and companies pro-
vide complex services with limited operational costs, and 
this trend is not going to stop in the foreseeable future.

Conversational Agents Enabling Technologies

Several technologies and frameworks are emerging to sup-
port the development of conversational agents, e.g., Lang-
Chain  [35], Qdrant  [36, 37], Cheshire Cat  [13, 14], and 
the Google Agent Development Kit (ADK) [15] have sup-
ported our experiences. In addition, to facilitate the integra-
tion of agents in specific contexts, some mediators might be 
needed. Below, we describe the D4Science Python Library, 
i.e., a software component that facilitates the interaction 
between an agent and D4Science services.

LangChain [35] is an open-source framework that sup-
ports the development of applications powered by LLMs 
by providing modular components for prompt management, 
memory handling, and external tool integration. It enables 
the construction of complex, context-aware workflows 
where language models interact with data sources, APIs, 
and computational tools.

Qdrant  [36, 37] is a high-performance vector search 
engine and database, specifically designed to manage and 
query large-scale collections of high-dimensional vector 
embeddings. It is commonly employed as the persistence 
and retrieval backbone in systems requiring semantic search 
capabilities, most notably in Retrieval-Augmented Genera-
tion (RAG) architectures  [38]. In such systems, unstruc-
tured data, such as text documents, is first segmented into 
manageable chunks. Each chunk is then processed by an 
embedding model to produce a dense vector representation, 
which is subsequently indexed in a Qdrant collection along 
with its original content and structured metadata stored as a 
JSON payload.

The core retrieval mechanism involves converting an 
incoming query into a vector and executing an Approximate 
Nearest Neighbor (ANN) search within Qdrant to find the 
indexed vectors with the highest semantic similarity. Imple-
mented in Rust and accessible via gRPC and RESTful APIs, 
Qdrant is designed for low-latency performance and scal-
ability, making it a frequent choice for production-grade AI 
applications [39–41].
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interfaces to facilitate adoption across a wide range of sci-
entific and research applications.

Conversational Agents in Research

AI agents have recently attracted significant attention, result-
ing in a growing body of work that explores their architec-
tures, applications, and design principles. The interest has 
been so pronounced that various surveys have already been 
published on the topic [1, 2, 44, 45].

When focusing on scientific practice, there are also many 
examples in which AI agents have been employed to sup-
port researchers in diverse activities.

For instance, a paper by Yu et al.  [46] systematically 
overviews “Artificial Intelligence for Research” (AI4R) 
applications. The study surveys existing literature, iden-
tifying prominent AI tools that support different stages of 
the research process, ranging from literature review and 
hypothesis generation to experimentation, evaluation, and 
dissemination. It also highlights examples of AI-enabled 
scientific advances as evidence of AI’s increasing integra-
tion in research workflows. Beyond individual tools, the 
authors emphasize the role of AI in shaping research ecosys-
tems and enabling new models of human–AI collaboration.

Beyond this general analysis, the literature also reports 
numerous studies in which particular aspects of AI-aided 
research are addressed.

In  [47] the authors propose a conceptual framework to 
address reliability challenges in AI-driven scientific work-
flows. The work argues that foundation model-powered 
agents are prone to generating misleading or hallucinated 
outputs that can corrupt downstream results. The presented 
approach integrates agent-level safeguards and workflow-
level instrumentation to enhance reliability and reproduc-
ibility in AI-assisted scientific discovery. Their framework 
allows for early detection, containment, and recovery from 
erroneous behavior, thereby improving the rigor and trust-
worthiness of agentic systems.

Google researchers present an AI co-scientist  [48], a 
multi-agent system built on Gemini 2.0 designed to generate 
and refine scientific hypotheses through a “generate–debate–
evolve” approach. The system features asynchronous task 
execution for scalable computation and a tournament pro-
cess for self-improving hypotheses. While general in scope, 
its validation focuses on biomedical domains, including 
drug repurposing, target discovery, and bacterial evolu-
tion. Reported results demonstrate experimentally validated 

allowing for crucial approval steps in sensitive workflows. 
Furthermore, the inclusion of a comprehensive evaluation 
suite allows for the systematic testing of agent performance, 
ensuring reliability and preventing regressions.

A desirable feature of Google ADK is that agents imple-
mented with it are compliant with the Model Protocol for 
Communication (MPC) and the Agent-to-Agent (A2A) 
protocols [42], ensuring interoperability in multi-agent eco-
systems. This compliance further strengthens the ADK’s 
suitability for distributed environments, where heteroge-
neous agents need to exchange information and collaborate 
reliably.

The D4Science Python Library is a comprehensive soft-
ware component designed to facilitate seamless and uni-
fied access to the diverse suite of RESTful APIs offered by 
the D4Science infrastructure. Developed with extensibility 
and usability as primary objectives, the library exposes a 
command-line interface (CLI) that abstracts the complexity 
of interacting with multiple D4Science services, including 
the Workspace, Social, Catalogue, and Cloud Comput-
ing Platform (CCP). By offering a single entry point for 
API consumption, it lowers the barrier for both end-users 
and developers who need to automate, script, or integrate 
D4Science functionalities into their workflows.

The library is organized around modular client classes, 
each corresponding to a specific D4Science service. These 
clients encapsulate HTTP communication, authentication 
(including OAuth2 flows), error handling, and data serial-
ization, thereby providing a robust and consistent interface 
for higher-level operations. The CLI, implemented using 
the Typer framework [43], builds on these clients to offer a 
user-friendly and discoverable command structure. Through 
this interface, users can perform a range of operations—
such as file uploads and downloads, folder management, 
metadata manipulation, and social interactions—via intui-
tive commands.

The design of the D4Science Python Library was driven 
by the primary objectives of extensibility, usability, and pro-
duction readiness, allowing it to abstract the complexity of 
interacting with multiple D4Science services. Its configu-
ration system supports multiple deployment environments 
(e.g., development and production) and provides secure 
credential management. The library implements robust 
error-handling mechanisms that offer clear feedback for 
both expected and exceptional conditions. Furthermore, it is 
designed for seamless integration into automated agents and 
plugins, exposing both command-line and programmatic 
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Again in the biology domain, Harrer et al. [53] argue 
that generative AI agents are reshaping biology by enabling 
high-resolution functional genome annotation and the inte-
gration of multimodal biological data. They outline how 
LLM-based agents can autonomously plan and execute 
workflows, contextualize complex datasets, and design 
experimental pipelines, thereby advancing synthetic and 
systems biology. The paper highlights applications in pro-
tein structure prediction, drug discovery, and the develop-
ment of digital cells, while also stressing the importance 
of high-quality datasets, ethical standards, and responsible 
deployment.

In Software Engineering, He et al. [54] analyze how 
multi-agent systems based on LLMs are applied in this 
discipline, surveying recent studies across the software 
development lifecycle. They show, through case studies, 
how multiple specialized agents can collaborate to address 
complex tasks, highlighting both current capabilities and 
limitations. The paper also identifies open research gaps 
and proposes a research agenda aimed at improving agent 
autonomy, synergy, and scalability in real-world software 
projects.

Zhang et al. [55] describe a framework called GeoGPT 
supporting geospatial data collection, processing, and anal-
ysis in an autonomous manner. This framework relies on an 
LLM to understand the demands of users, and then think, 
plan, and execute defined GIS tools sequentially to output 
final effective results. It is conceived as an assistant for GIS 
professionals accepting natural language instructions as 
input and adapting to various geospatial tasks, which can 
serve as an assistant for GIS professionals.

Finally, in the VRE domain, Sperhac et al. [7] highlight 
opportunities for integrating AI into research computing 
infrastructures. Through the NSF SGX3 initiative, they ini-
tiated a Blueprint Factory process to map future technical 
requirements. They identified key themes—such as inter-
active user assistance, usability, computation and training, 
and data handling—emphasizing both opportunities and 
challenges. The study positions AI-driven gateways as a 

findings, suggesting the potential of multi-agent architec-
tures to augment scientific discovery.

There are also works that analyze AI-aided research in 
specific fields.

One of the first examples is Bert [49]. It is a lightweight, 
context-linked event notification and virtual assistant system 
used by a distributed team of astrophysicists. Integrated into 
their chat client, Bert’s primary functions are to announce 
relevant events, like approaching sunrise, and to respond 
to user queries for information from a shared database. It 
was designed to improve team communication, awareness, 
and performance during time-critical operations, reducing 
human error.

Another example is InfoBot [50], a chatbot for a univer-
sity course, that serves as a model for a virtual assistant in 
a research infrastructure. By instantly answering student 
questions on course materials and logistics from a shared 
knowledge base, the system demonstrates how such a tool 
can automate information retrieval for collaborative, data-
rich projects.

A similar purpose is achieved by Yang and Niu [51]. 
They propose a multi-agent framework to create a virtual 
teaching and research intelligence system for lecturers. The 
system’s agents provide personalized student guidance, 
assist with research tasks like literature screening, and man-
age campus resource allocation. The framework is designed 
to enhance productivity and optimize the use of educational 
and scientific resources within a research infrastructure.

Gao et al. [52] discuss the role of AI agents in biomedi-
cal discovery, envisioning compound systems that combine 
LLMs, machine learning models, and experimental plat-
forms. They classify agents by autonomy, from assistants 
handling narrow tasks to systems capable of hypothesis 
generation and experimental design. Applications include 
virtual cell simulation, programmable phenotype control, 
and cellular circuit design. The authors also note open 
challenges concerning reliability, ethics, and responsible 
deployment, framing AI agents as potential contributors to 
future scientific practice.

Fig. 1  Janet general architecture, 
adapted from [11]
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The Language Generator is a fine-tuned T5 LLM  [63], 
chosen over more powerful alternatives (e.g., at the time, 
GPT−3.5  [64] and GPT-4  [24]) due to its availability for 
free. It was trained with a dataset containing examples in the 
form <text, target-text>, with “text” being the query aug-
mented with task-specific prefixes for each task we wanted 
to support. Recommender is implemented by profiling the 
user’s interests, which are extracted from their queries. 
To do this, an entity extractor is used to identify topics or 
resources of interest from user natural language queries. 
Then, these interests are ranked according to their frequency 
and recency.

These tools are augmented with a knowledge base that 
is constructed from the resources available in the VRE. An 
ideal knowledge base would encompass various forms of 
knowledge representations, which may include, but are not 
limited to, a graph database and a vector database. However, 
in Janet, we used a vector index for simplicity, implemented 
using FAISS [65].

Lessons Learned

Although Janet represents a valuable effort to integrate con-
versational agents within D4Science VREs, we encountered 
some limitations on the Assistance, Flexibility, Extensibil-
ity, and Feedback requirements. We could still work on 
Janet to improve it on the Assistance side, but its limitations 
on the Flexibility, Extensibility, and Feedback sides brought 
us to explore different design choices. In particular:

Flexibility—Despite Janet’s modular design, its reliance 
on task-specific trained components (e.g., Intent Classifier, 
Entity Extractor, Language Generator) can limit flexibility 
when adapting or upgrading individual modules. In particu-
lar, integrating newer language models or retrieval strate-
gies may require retraining several components to preserve 
system coherence.

Moreover, Janet’s architecture relies on a rigid, multi-
stage pipeline where user input flows through a sequence 
of dedicated NLP modules (e.g., Intent Classifier, Entity 
Extractor) before a response is generated. This predefined 
execution path is inherently static and limits the agent to a 
few workflows, determined by matching the user’s intent 
over a predetermined set.

Extensibility—Extending Janet’s capabilities requires 
significant engineering effort. The introduction of a new 
function requires a cycle of data collection, manual label-
ing, and the subsequent retraining of multiple fine-tuned 
models. This process may be time-consuming and demands 

promising direction for democratizing access to advanced 
computing resources.

D4Science AI Agents

In this section, we present the three conversational agents 
we developed, i.e., Janet (cf. Section “Janet”, early 2023), 
D4Science AI Agent (cf. Section  “D4Science AI Agent”, 
late 2024), and DAVE (cf. Section “DAVE”, current).

Janet

Janet was an LLM-powered conversational agent that aimed 
to take advantage of the knowledge-rich D4Science VREs 
to help researchers through an interactive conversational 
interface [11].

Janet was designed with a modular approach. Figure 1 
highlights its main modules: 
Text/Voice 
Interface:

allows user interaction using natu-
ral language—either by typing or 
speaking;

NLP Module: understands user queries to decide 
what functionality the user is look-
ing for;

Dialog Manager: decides the right tool based on 
the NLP Module input and the 
dialog history, possibly accessing a 
knowledge source to generate the 
response;

Response 
Generator:

builds a human-like reply based on 
the input from the Dialog Manager.

The NLP Module includes an Intent Classifier based on a 
distilled version of BERT [56], which was trained with 275 
manually-labeled sentences; an Entity Extractor based on 
RoBERTa [57], trained on 97 tuples, each containing a sen-
tence and its entities; and an Offensive Language Classifier 
trained to flag potentially offensive queries.

The Response Generator includes a Neural Retriever, 
a Language Generator, and a Recommender. The Neural 
Retriever is an MPNet-base [58] sentence transformer that 
maps paragraphs into dense 768-dimensional vectors. It was 
trained with 313,156 examples in the form of <query, con-
text> pairs extracted from the user manual of D4Science, the 
MS-Marco v2.1 dataset [59], the PubMed QA dataset [60], 
the QAsper dataset  [61], and the ScienceQA dataset  [62]. 
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Instead of relying on a finely-tuned one, we leveraged the 
features of Cheshire Cat to enable LLM selection via API 
key, thus supporting both external LLMs and self-hosted 
ones. This flexibility paves the way for the elimination of 
a significant external dependency altogether, thereby ensur-
ing that user data remain within the data-center and allow-
ing for their handling with greater confidentiality.

Since LLM selection was deliberately left as a degree of 
freedom in our design, a mechanism was required to provide 
the appropriate operational context, to guide the behavior of 
the D4Science AI Agent and ensure consistency in its inter-
actions. We designed a structured “prompt prefix” inspired 
by best practices in prompt engineering [66]. This preamble 
serves as a persistent instruction set that is injected at the 
beginning of every interaction session with the underlying 
language model. It characterizes the agent’s role, capabili-
ties, and boundaries, and embeds a lightweight personality 
aligned with the D4Science mission. Specifically, the prefix 
defines the agent as a helpful, knowledgeable, and efficient 
assistant capable of executing tool-based actions and pro-
viding high-level summaries of complex resources.

The main user interface, implemented as a web page 
that provides access to the chatbot, is hosted by the VRE 
Gateway, which acts as the web-based entry point to the 
D4Science VREs. All communication with the D4Science 
services (i.e., Workspace, Social, and Catalogue in Fig. 2) 

specialized expertise in model training. This approach, 
while state-of-the-art at the time of its conception, presents 
a considerable barrier to rapid development and iteration.

Feedback—Although it could answer queries, generate 
recommendations, and extract entities, it lacked mecha-
nisms to dynamically incorporate user feedback into its 
models or knowledge representations. The vector-based 
knowledge index provided a static view of resources, and 
the Recommender relied on simple frequency and recency 
metrics rather than adaptive learning.

D4Science AI Agent

In the months following the completion of Janet, an ever-
growing interest in AI agents created a fertile ground for 
the emergence of novel tools aimed at agent development. 
We found Cheshire Cat  [14], described in  Conversational 
Agents Enabling Technologies, particularly interesting due 
to its plugin-based design, active community, and user-
friendliness. Consequently, we restructured our prototype 
into a more modern and efficient architecture by adopting 
Cheshire Cat as the primary development framework [12].

The architecture of the resulting prototype—the 
D4Science AI Agent—is shown in Fig. 2.

The first major discontinuity with respect to Janet was 
the inclusion of an LLM in the most flexible way possible. 

Fig. 2  D4Science AI Agent general 
architecture, adapted from [12]. It 
is organized as a multi-tool single-
agent with a flexible LLM binding 
and two knowledge bases, which 
are managed as a short-term and a 
long-term memory, respectively
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Lessons Learned

D4Science AI Agent represented a step forward with respect 
to Janet, addressing mainly its flexibility and extensibility 
shortcomings. However, it still presented some issues. We 
did not include a feedback mechanism, but we could obtain 
it with a reasonable effort by leveraging the functionalities 
provided by Cheshire Cat. For instance, by intercepting 
user interactions with the agent and processing them to feed 
episodic and/or declarative memories. Also on the security 
side, Cheshire Cat does not include native multi-user sup-
port, which is necessary in the context of D4Science VREs. 
Also in this case, we could obtain it with a reasonable effort.

What convinced us to look for a novel solution and thus 
restructure the whole architecture was again on the flexibil-
ity and extensibility sides. In particular:

Flexibility, Extensibility—The adoption of Cheshire Cat 
as the foundation for the D4Science AI Agent provided sig-
nificant advantages in terms of modularity. However, it also 
limited the architecture to a single-agent, multi-tool model. 
While effective for simple deployments, this approach 
proved less suitable in the context of VREs, where multiple 
specialized agents might naturally co-exist—possibly being 
developed by different researchers. Furthermore, since agent 

is provided by the D4Science Plugin, which implements the 
tools based on the D4Science Python Library (presented 
in  Conversational Agents Enabling Technologies). These 
tools are implemented as Python self-describing functions, 
each documented at their entry point. Upon receiving a user 
request, the framework leverages the LLM to interpret the 
user’s intent and determine whether the requested action can 
be fulfilled by any of the available tools. If so, the LLM 
is responsible for extracting and mapping the necessary 
parameters from the user’s input according to the tool’s 
specification, ensuring that the tool can be correctly invoked 
by the framework. The selected tool is then executed, and 
the resulting output is processed and presented to the user as 
part of the agent’s response.

During user-agent interaction, Cheshire Cat’s RAG func-
tionalities may be triggered. These include four possible 
actions: indexing/retrieving user-agent interactions into/
from episodic memory, or indexing/retrieving documents 
into/from declarative memory. Both episodic and declara-
tive memory are Qdrant-based vector databases that store 
embeddings, obtained from original information through 
chunking and applying an embedding mode. Both memo-
ries expose an interface to interact with them programmati-
cally, for instance, in the implementation of a tool.

Fig. 3  DAVE general architecture. 
It is designed as a system of spe-
cialized agents with a VRE Assis-
tant acting as a central orchestrator. 
Some agents interface towards 
D4Science services through the 
D4Science Python Library. Each 
agent in the system has its own 
LLM binding which is independent 
of the others
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VRE Assistant:	 The central and autonomous orchestrator 
agent. It is responsible for receiving user requests, deter-
mining the correct course of action, and delegating tasks to 
its specialized sub-agents. It is also responsible for synthe-
sizing the information and preparing the final response to be 
sent back to the user.
Knowledge Retriever Agent:	 A specialized sub-
agent that serves the VRE Assistant. It manages the entire 
Retrieval-Augmented Generation (RAG) system. Its role is 
to retrieve relevant information from the Knowledge Base 
(which is part of the RAG system) and to process user-pro-
vided content for inclusion. This information is then used to 
enrich prompts for other agents.
Service Dispatcher Agent:	 A specialized sub-agent 
that acts as a routing point. It translates user requests into 
specific D4Science service operations and forwards them to 
the correct service agent. It may be called by the VRE Assis-
tant to retrieve contextual information or execute a specific 
service request.
Document Analyzer Agent:	 A specialized sub-agent 
for processing various types of textual documents, including 
academic papers. Its primary role is to perform a specialized 
analysis based on the document type, extracting and defin-
ing metadata (e.g., title, authors, geographical references, 
and document type), identifying relevant tags, and produc-
ing concise summaries. The agent processes the document 
to make its content available for other agents to use.
Social Agent:	 Manages interactions with the Social ser-
vice, processing and summarizing user activities like posts 
and comments;
Workspace Agent:	 Handles tasks related to the 
Workspace service, such as searching and organizing 
documents;
Catalogue Agent:	 Facilitates the querying of the 
Catalogue for searching and retrieving resources.
CCP Agent:	 Manages interactions with the Com-
mon Collaboration Platform (CCP) for user and workspace 
management.
A typical user interaction begins when the VRE Assistant 
receives a request, which interprets the input and plans the 
sequence of actions required to fulfill it. These actions may 
involve delegating specific tasks to specialized sub-agents, 
processing their outputs, and possibly forwarding interme-
diate results to other agents for further refinement. Through-
out this process, the underlying LLM serves as the central 
reasoning component, dynamically evaluating the context 
and adapting the plan as needed. Each agent is further 
equipped with a set of tools, implemented in Python, that 
provide concrete functionalities to support task execution.

behavior customization relied heavily on prompt engineer-
ing, concentrating all functionalities within a single agent 
required maintaining a very large and complex prompt, 
increasing operational costs and diluted the relevance of 
contextual information during interactions. The rapid evo-
lution of the D4Science VRE ecosystem accentuated these 
issues, convincing us to migrate to a novel solution.

DAVE

D4Science Assistant for Virtual research Environments, or 
simply DAVE, is our final proposal of a conversational agent 
in the D4Science environment. It is designed to be as flex-
ible as possible, to limit the need for re-design and re-engi-
neering while facilitating the seamless integration of future 
advancements with minimal or no required modifications.

Figure 3 shows its architecture.
Similarly to the D4Science AI Agent, users gain access 

to DAVE through the VRE Gateway, the web-based entry 
point to the D4Science ecosystem. Rather than being lim-
ited to a generic chat with the assistant, the Gateway pres-
ents specific web interfaces depending on the context in 
which it is accessed, allowing DAVE to be seamlessly inte-
grated into service-specific pages within the VREs. In its 
simplest form, DAVE is available through a chatbot-like 
interface, enabling direct conversational interactions. This 
flexible system for delivering dynamic content is possible 
because the Gateway is served by the Liferay Portal, a mod-
ular Java-based web platform that delivers dynamic content 
and applications while handling client-side HTTP requests.

The Gateway is expected to give seamless access to 
services and resources hosted on D4Science premises or 
federated to it. Among the services, there are core ones 
encompassing all the Virtual Research Environments and 
communities: 
Workspace:	 The service providing users with data 
hosting, sharing, and retrieval à-la remote file system;
Social:	 The service providing users with social-networking 
functionalities such as content posting and user interaction;
Catalogue:	 The service allowing users to publish and 
retrieve research artifacts;
CCP:	 The service providing users with data analytics 
facilities where users can define, publish, and run algo-
rithms using D4Science computational resources.

Agents

DAVE is composed of a central, autonomous orchestrator 
agent and a set of specialized sub-agents. The key agents 
are: 
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users and agents. Each interaction—including user que-
ries, agent responses, and tool invocations—is logged in 
an anonymized manner to ensure no personally identifiable 
information is retained. Metadata such as interaction type, 
response latency, and success/failure indicators are pre-
served to enable systematic analysis. We currently aggre-
gate key quantitative metrics, such as the number of tool 
calls, retrieval success rates, and average response length. 
For future work, we plan to implement a mechanism for 
qualitative evaluation, such as analyzing user-provided rat-
ings or inferred satisfaction signals.

Lessons Learned

DAVE’s architecture, compared to our previous prototype, 
better embodies the requirements expressed in the Introduc-
tion. In particular:

	● Assistance—DAVE empowers researchers by offering 
capabilities for question answering, resource retrieval, 
and document summarization. It is seamlessly inte-
grated with the main D4Science services—Workspace, 
Social, Catalogue, and CCP—through dedicated APIs, 
allowing for direct interaction and utilization of the plat-
form’s core functionalities.

	● Flexibility—DAVE is architected as a modular multi-
agent system, featuring a central orchestrator agent and 
specialized sub-agents. These sub-agents are defined by 
their instruction prompts and a specific set of tools. The 
architecture ensures a loose coupling between agents 
and their LLMs, as it supports the integration of diverse 
LLMs from various providers or self-hosted models. 
Each sub-agent can be configured to use the most suit-
able LLM for its specific tasks, allowing for the easy 
substitution of models without requiring significant ar-
chitectural modifications.

	● Security—Users interact with DAVE within the 
D4Science VRE, thereby leveraging its robust authen-
tication mechanisms. All information exchanged with 
DAVE and stored in the Knowledge Base is categorized 
into general, VRE-specific, and user-specific data. This 
design guarantees data privacy and prevents cross-user 
data access by ensuring that user-specific information is 
isolated and accessible only to the respective user.

	● Extensibility—The DAVE architecture is designed for 
extensibility. Novel micro-functionalities can be inte-
grated by implementing specific tools within existing 
sub-agents. For broader, macro-level functionalities, 
new, ad-hoc sub-agents can be seamlessly added to 
the system. The infrastructure is inherently ready for 

LLM selection in DAVE follows the approach introduced 
in our previous prototype, where models can be configured 
via API key, supporting both external and, in the future, 
locally hosted instances. In addition, DAVE’s multi-agent 
architecture allows each agent to maintain its own LLM 
binding independently of the others. This enables the use of 
different models according to task requirements, employing 
larger and more advanced models for complex tasks while 
relying on lighter ones for simpler tasks. For instance, in 
the current configuration, VRE Assistant and Document 
Analyzer Agent use Gemini 2.5 Pro, while the agents inter-
facing towards the services leverage Gemini 2.5 Flash-Lite.

Knowledge Base

The Knowledge Base is implemented as a vector database 
using Qdrant. It stores embeddings from various resources 
and supports efficient similarity search, enabling the 
retrieval of semantically relevant information to ground the 
responses. Information is organized into three main catego-
ries. General information includes factual knowledge about 
D4Science, its open science mission, the concept of Virtual 
Research Environments, and other background elements 
useful to define the context. VRE-specific information cap-
tures knowledge related to the particular VRE in which the 
agent is deployed, such as domain-specific content in marine 
biology, geology, sociology, etc. Finally, user-specific infor-
mation is collected during user interactions or derived from 
the analysis of user-provided documents, thereby personal-
izing the agent’s responses to individual research needs.

The embeddings stored in the vector database are tagged 
to indicate their information category. This tagging plays a 
crucial role in ensuring that retrieval is both relevant and 
context-aware. General information is available system-
wide and is retrieved whenever it is semantically relevant 
to the user’s request. VRE-specific information, by contrast, 
is retrieved only within the scope of the VRE in which the 
agent is deployed, thus preventing cross-domain interfer-
ence (e.g., marine biology content surfacing in a geology 
environment). Finally, user-specific information is acces-
sible solely in the context of the user who produced it, either 
through interactions or document analysis, thus ensur-
ing personalized responses without compromising data 
separation.

Feedback

To continuously improve system performance and reli-
ability, DAVE incorporates a feedback mechanism that 
collects and processes anonymized interactions between 
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Document Retrieval and Analysis

A common use case involves retrieving documents from the 
D4Science Workspace and conducting an analysis on them. 
For instance, a user may request a list of files stored in a spe-
cific folder and then select one of them for further inspec-
tion. Figures 4 and 5 illustrate this interaction: the system 
first returns the available documents and subsequently pro-
duces an analysis of the chosen one. In this case, it is a sci-
entific paper.

In this workflow, the VRE Assistant interprets the user’s 
request to access an underlying service and delegates it 
to the Service Dispatcher Agent. The Service Dispatcher 
determines that the request requires interaction with the 
Workspace and forwards it to the Workspace Agent, which 
performs the appropriate tool call. In the first request, the 
list of files is returned to the VRE Assistant, which presents 
it to the user. In the second case, once the user selects a doc-
ument, the VRE Assistant updates the context and delegates 

Multi-Party Computation (MPC) and Agent-to-Agent 
(A2A) communication, facilitating the future integra-
tion of external MPC resources and interactions with 
external agents.

	● Feedback—User-agent interactions are anonymized, 
stored in a database, aggregated, and analyzed to evalu-
ate possible corrective actions.

Use Cases

In this section, we describe common scenarios in which 
DAVE can be effectively employed. A live demonstration 
of the DAVE agent is openly available in the ColLab Virtual 
Research Environment ​h​t​t​p​​s​:​/​​/​s​e​r​​v​i​​c​e​s​​.​d​4​s​​c​i​e​​n​c​e​​.​o​r​g​/​w​e​b​/​c​
o​l​l​a​b​/. This demo environment allows users to explore the 
main functionalities described in this paper, including inter-
action with selected D4Science services through a natural 
language interface.

Fig. 4  Example user—DAVE 
interaction: document retrieval and 
analysis. The complete transcript is 
in Appendix A

 

SN Computer Science

  339   Page 12 of 21

https://services.d4science.org/web/collab/
https://services.d4science.org/web/collab/


SN Computer Science           (2026) 7:339 

specific timeframe, such as the last seven days or a specific 
month, to quickly get an overview of recent discussions 
and shared resources. Figure 6 illustrates such an interac-
tion, where the user’s request is translated into a concise 
summary of the relevant posts. Then, the user keeps asking 
questions to get more precise contextual information.

In this workflow, the VRE Assistant receives the user’s 
request and delegates it to the Social Agent. The Social 
Agent, in turn, requests relevant posts and comments from 
the Knowledge Retriever Agent. These posts are retrieved 
from the RAG, which is periodically populated and updated 
by a dedicated pre-fetcher job that fetches and processes 

the task to the Document Analyzer Agent, which retrieves 
metadata and produces a summary of the document.

The last interaction (Fig. 5) involves the user asking for 
further information about D4Science, which is provided 
by the VRE Assistant with the assistance of the Knowledge 
Retriever Agent.

Social Posts Overview

Another common use case for DAVE is to provide an over-
view of recent activity in the VRE’s social space. A user 
can ask the system to summarize posts published during a 

Fig. 5  Example user—DAVE 
interaction: document retrieval 
and analysis (cont.). The complete 
transcript is in Appendix A
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Catalogue Navigation

Another key use case for DAVE is navigating and summa-
rizing the research items available in the VRE’s Catalogue. 
Researchers often need to quickly assess the relevance of 
a dataset—as well as any other research objects published 
by it—without examining each metadata field manually. 
By leveraging DAVE, users can request summaries of spe-
cific catalogue items, ask for overviews of entire thematic 

social content. Once the posts are provided by the Knowl-
edge Retriever Agent, the Social Agent directly summarizes 
this information to produce a coherent and concise over-
view of recent activity, allowing the user to stay informed 
with no need of reading each individual post. When asked 
about specific aspects of the posts, the flows retrieves this 
information through the Knowledge Retriever Agent and 
returns it to the user.

Fig. 6  Example user—DAVE interaction: social posts summarization
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In this workflow, the VRE Assistant delegates the user’s 
request to the Service Dispatcher Agent, which forwards it 
to the Catalogue Agent, which acts as the interface to the 
D4Science Catalogue. The Catalogue Agent acts differ-
ently in the two cases proposed: in case of a single dataset, 
it retrieves it directly through the D4Science Python Library 
and extracts key information from it. In case of a general 
overview, it asks the Knowledge Retriever Agent to retrieve 

clusters, or compare multiple datasets based on selected cri-
teria such as size, license, or scope of use.

For instance, a user may ask the system to summarize a 
dataset of interest. In response, the system provides a coher-
ent overview derived from the dataset’s metadata, including 
its scope, contents, access conditions, and licensing terms. 
Alternatively, the user may request an overview of the entire 
Catalogue content.

Fig. 7  Example interaction for CCP algorithm integration
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of generalizable requirements for conversational agents 
in VREs. Our analysis highlights the unique challenges 
of integrating conversational agents into Virtual Research 
Environments and Science Gateways, including: the need to 
support diverse workflows and tasks ranging from generic 
ones to context-specific ones; the ability to evolve along-
side rapidly changing underlying infrastructure capabilities 
and user expectations; the capability to seamlessly evolve 
to leverage the development of AI-related technologies, 
including the exploitation of context-specific LLMs and 
generalist LLMs.

The resulting DAVE agent shows that conversational 
interfaces can provide an effective, user-friendly entry point 
to VRE functionalities, supporting both technical and non-
technical users. Our experience suggests that such agents 
can lower the adoption barrier, streamline workflows, and 
foster greater engagement within research communities. 
They can act as adaptive collaborators, helping users navi-
gate complex environments, automating routine tasks, and 
providing contextual guidance tailored to individual needs.

The future development of DAVE will follow a co-
creation-oriented approach, actively involving represen-
tative users in the refinement process. An extensive user 
evaluation campaign is planned to systematically assess the 
agent’s usability, effectiveness, and overall user satisfaction. 
This campaign will build on preliminary feedback collected 
in selected scenarios and combine quantitative metrics such 
as task completion time, interaction success rate, and error 
frequency, and qualitative insights into user experience and 
perceived usefulness.

Future work will also focus on extending the feedback 
mechanism implemented in DAVE with qualitative met-
rics. We plan to incorporate user-provided ratings and/or 
inferred satisfaction signals to guide further developments 
and refinements on the various functionalities.

In addition, we will work on integrating in DAVE a 
locally hosted LLM. Running the model within the same 
infrastructure will allow all processing to remain on-site, 
thereby strengthening data protection and confidentiality. 
This approach is expected not only to mitigate risks asso-
ciated with transmitting sensitive information to external 
providers but also to reduce operational costs by limiting 
reliance on commercial LLM services.

Appendix A. Full Transcript of Example in 
Section Document Retrieval and Analysis

the relevant information from the RAG, which is populated 
by a pre-fetcher job similar to social data.

This functionality allows researchers to interact with 
the Catalogue conversationally, making resource discovery 
more intuitive and less time-consuming. Instead of navigat-
ing user interfaces or reading extensive metadata descrip-
tions, users can obtain contextualized responses tailored to 
their needs, enabling faster and more informed decisions 
about dataset relevance and reuse.

Algorithm Integration with CCP

A significant use case for DAVE is to assist researchers in 
integrating their own algorithms as CCP methods within a 
VRE, particularly for users with limited programming expe-
rience or no prior knowledge of CCP method definition. 
This process involves guiding the user through the complex 
steps of preparing and deploying their code to execute on 
the D4Science infrastructure. A sample interaction is pre-
sented in Fig. 7.

The interaction begins on a dedicated web interface 
within the CCP section of the D4Science portal. This inter-
face leverages DAVE to collect the necessary data to define 
the CCP method. DAVE guides the user in identifying criti-
cal input and output parameters, including details such as 
their mandatory status, data type, and default values. It 
further assists in selecting an appropriate Docker container 
for execution and in drafting the deployment and execution 
scripts for the method within that container.

To achieve this, DAVE actively interacts with the user, 
collecting provided data and analyzing the source code of 
the algorithm to be imported, or examples of its invocation. 
Concurrently, DAVE answers any user questions by access-
ing relevant information about CCP, Docker containers, and 
the system in general from its Knowledge Base, providing 
immediate, context-aware support throughout the integra-
tion process.

Conclusion and Future Work

This paper presents our experience in the development and 
deployment of conversational agents within the D4Science 
infrastructure, culminating in the design and implementa-
tion of DAVE, the current VRE-oriented agent that powers 
D4Science. We reported three successive implementation 
approaches, each building on the limitations and lessons 
learned from the preceding iteration, and guided by a set 
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User: Can you list the content of my papers folder?

DAVE: Here are the contents stored in your folder:

• Enacting open science.pdf
• Open Science Survey.pdf

User: Please analyze Enacting open science.pdf.

DAVE: Here is a summary of the document Enacting open science.pdf:
Summary: This paper describes the D4Science platform, a technological infrastruc-
ture designed to support and enact the principles of Open Science. The authors
argue that for the Open Science movement to succeed, it needs not only cultural
shifts but also enabling technologies that make open practices easier for researchers.
D4Science provides a suite of integrated services to create ''Virtual Research Envi-
ronments'' (VREs) that facilitate collaboration, transparency, and reproducibility
throughout the research lifecycle.
The core components of the D4Science offering include:

1. A shared workspace for storing, organizing, and versioning research artefacts.
2. A social networking platform for communication, discussion, and collaboration

among researchers.
3. A data analytics platform for executing experiments and processing data,

which captures provenance to ensure reproducibility.

4. A publishing platform (catalogue) that enables researchers to effectively find ,
access, cite, and reuse all types of research artefacts, not just traditional papers.

By integrating these tools, D4Science aims to create a seamless environment where
research activities are transparently captured, making the entire process more fair,
solid, and democratic.
Authors:

• M. Assante
• L. Candela
• D. Castelli
• R. Cirillo
• G. Coro
• L. Frosini
• L. Lelii
• F. Mangiacrapa
• P. Pagano
• G. Panichi
• F. Sinibaldi

Keywords:

• Open Science
• gCube
• D4Science
• Social Networking
• Analytics
• Publishing

USER: tell me more about the platform

DAVE: Of course. Here is some more information about the D4Science platform
D4Science (Data Infrastructure for Science) is a comprehensive, service-oriented,
and hybrid data e-infrastructure [GK]. It is a digital infrastructure designed to offer
diverse communities of practice a comprehensive suite of services through tailored
and co-created virtual research environments (VREs), promoting collaboration and
innovation [KB]. Its primary purpose is to provide these VREs to scientific commu-
nities, enabling them to conduct collaborative, data-intensive research [GK]. It is
operated as a not-for-profit service and managed by the Italian National Research
Council (CNR) [KB].
Key Concepts and Features

• Virtual Research Environments (VREs): The central concept of D4Science is
the VRE, a web-based workspace tailored to the needs of a specific research
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use, you will need to obtain permission directly from the copyright 
holder. To view a copy of this licence, visit ​h​t​t​p​​:​/​/​​c​r​e​a​​t​i​​v​e​c​​o​m​m​o​​n​s​.​​o​
r​g​​/​l​i​c​e​n​s​e​s​/​b​y​/​4​.​0​/.
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