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ABSTRACT

The increasing adoption of electric vehicles (EVs) and the evolution of connected vehicle systems have led to a growing need

for intelligent charging management solutions. This article introduces ReChat, a task-based multilingual chatbot designed to

optimize EV charging management through reliable task-oriented intent understanding and safe action dispatch. By leveraging

natural language processing (NLP), ReChat enables seamless user interaction with charging systems across six languages

(Spanish, English, German, French, Italian and Portuguese). A custom dataset was developed to train and evaluate the

chatbot’s intent-classification capabilities, ensuring robust performance in diverse linguistic contexts. A comparative analysis

of multilingual Bidirectional Encoder Representations from Transformers (mBERT)-based intent classifiers shows that a single

pooled multilingual mBERT model achieves macro-F1 values between 68.0% and 78.4% across languages, while language-specific

mBERT models yields 64.7% to 78.9%. This work advances the development of robust conversational AI systems for smart

transportation, outlining a modular architecture and empirical evidence on multilingual adaptability in real-world applications.

1 | Introduction

The mitigation of climate change and the reduction of carbon
emissions have led to the adoption of electric vehicles (EVs)
worldwide [1, 2]. According to the International Energy Agency,
electric vehicle sales are projected to reach 40% by 2030 under
current policies [2]. This growth highlights the commitment
to sustainable mobility, but presents challenges related to the
efficient management of charging these vehicles, including tech-
nical complexity, heterogeneity of standards, interoperability and
variability in charging times [3-5].

This growth creates practical challenges for managing charging
efficiently, especially when user interaction is required. Tradi-
tional interfaces (dedicated screens or mobile apps) can make
charging configuration cumbersome, requiring users to navigate
multi-screen menus for routine operations such as pausing or

resuming a session, checking status or accessing recent charge
history. For users who wish to customize advanced parameters,
vendor applications often present these settings through deeply
nested interfaces that assume familiarity with electrical termi-
nology and charger state models. In connected and automated-
vehicle settings, reducing interaction friction becomes even more
important. Conversational interfaces are a natural candidate
because they can expose both routine charging operations and
optional advanced settings through simple language [6].

Recent advancements in natural language processing (NLP)
and its application to conversational reasoning have enabled
the development of chatbots that support more context-aware
natural-language interaction [7]. These tools have proven effec-
tive in various domains, from customer service to education
and healthcare, and their application in vehicular technology
can improve accessibility to complex services in the Internet of
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Things (IoT) and smart transportation systems [8]. Specifically,
a chatbot designed for EV charging management can simplify
routine charging control for all users (e.g., starting, pausing or
checking session status through natural-language commands),
while providing a more accessible interface for advanced users
who already configure parameters such as current setpoints or
charging schedules in vendor applications [9].

Selecting the appropriate technology to implement a chatbot with
NLP capacity involves multiple considerations, including preci-
sion, flexibility, scalability and the ability to adapt to multilingual
environments. There are several different options available, rang-
ing from conversational platforms with support for advanced
models to highly configurable deep learning models. Evaluating
these technologies in terms of multilingual adaptability is critical
to ensure effective user interaction in diverse linguistic con-
texts. Performing comparative assessments is important to guide
the selection of the most suitable technology for EV charging
management in connected and automated vehicle systems.

This article presents the design and development of ReChat, a
task-based multilingual intelligent chatbot aimed at optimizing
EV charging management. This assistant combines NLP to offer
users natural-language interaction with their charging devices,
while maintaining a modular architecture for the incorporation
of new NLP models. A comparative analysis of chatbot imple-
mentation technologies, including platform-based solutions and
transformer-based intent classifiers (language-specific mBERT
vs. pooled multilingual mBERT), identified the most suitable
solution for this use case, considering factors like intent classi-
fication accuracy, multilingual capability and ease of integration.

This work contributes to the fields of vehicular technology
and human-machine interaction by presenting an intelligent
chatbot and offering a systematic methodology for selecting
appropriate technologies in similar use cases. By addressing
the challenges, this study advances the development of task-
based dialogue systems for real-world applications in smart
transportation. Guidelines are established for future projects that
combine technical complexity and linguistic diversity, aiming to
maximize operational effectiveness and user experience.

The contributions of this work are fourfold: (i) a task-to-action
ontology for EV charging control that maps user intents to
auditable application programming interface (API) calls; (ii)
a multilingual dataset in six European languages, balanced
by intent, together with a validation protocol based on large
language model (LLM)-generated test sets; (iii) a comparative
study of platform-based solutions versus mBERT-based intent
classifiers (language-specific mBERT vs. pooled multilingual
mBERT) for EV charging intents and (iv) an end-to-end Tele-
gram prototype demonstrating the practical feasibility of our
proposal, enabling essential charging operations accessible to
all users (charger state and live consumption, pause/resume,
enable/disable, recent-charge statistics, device listing and lan-
guage management), as well as optional advanced configuration
(current setpoint adjustment, schedule management) for users
who already manage these parameters in vendor applications.

The subsequent sections of the article are structured as fol-
lows. In Section 2, related work on chatbots with NLP is

reviewed. Section 3 describes the proposed solution, detailing
key functionalities and selected technologies. Section 4 outlines
the methodology, datasets created and training processes. In
Section 5, we present the comparative evaluation results. Finally,
Section 6 concludes with the main contributions, limitations and
future research directions.

2 | Related Work

We organize the related literature into three streams: (i) task-
oriented chatbots for domain services and their typical NLP
back-ends (intent classification vs. platform-based solutions),
(ii) recent LLM-based task dialogue and tool-use paradigms
and their trade-offs with deterministic pipelines and (iii) EV
charging management and optimization works that motivate
the operational goals and user-facing control actions exposed
by ReChat.

Task-oriented chatbots have matured into a practical interface
layer for domain services, enabling users to accomplish concrete
goals through natural language while the system executes con-
strained actions. In most deployments, the core design choice is
how to translate free-form utterances into executable operations.
Traditional pipelines rely on intent classification and slot filling
with scripted policies, whereas platform-based solutions provide
graphical flows and embedded natural language understand-
ing modules. These approaches trade off controllability and
auditability against development speed and language coverage.
Deterministic execution facilitates safety and debugging, but
performance depends strongly on labelled diversity and clear
intent boundaries. Conversely, low-code platforms accelerate
prototyping and integration, yet multilingual robustness can
degrade when training data are limited or when the underlying
embeddings are English-centric.

Within this stream, recent works illustrate the breadth of task-
oriented assistants and the recurring architectural pattern of
mapping intents to actions. For instance, task-based chatbots
have been used for institutional information access and service
automation in university environments [10], while agentic dia-
logue management with memory components has been explored
for multi-topic task conversations [11]. Fine-tuned transformer
encoders such as BERT have also been shown to be effective for
intent recognition in domain-specific assistants [12]. In parallel,
low-code conversational platforms can speed up deployment
and multi-channel integration [13], and visual flow design has
demonstrated practical benefits in task-oriented deployments
[14].

The architectural pattern of intent-to-action mapping via super-
vised classifiers extends across multiple vertical domains, each
with distinct operational constraints that shape their design pri-
orities. In healthcare, multilingual symptom-checking and triage
assistants prioritize safety constraints and explicit confirmation
policies to prevent misdiagnosis or inappropriate treatment rec-
ommendations [15]. These systems often combine intent classi-
fication with rule-based validation to ensure that critical medical
advice is never dispatched under uncertainty [16]. In e-commerce
and customer support, multilingual query-understanding bots
emphasize transactional correctness and explicit slot-filling for
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order management, product search and refund processing [17].
In public services and government settings, multilingual virtual
assistants for citizen inquiries prioritize transparency, auditability
and regulatory compliance, requiring logged decision trails and
version-controlled intent models to meet accountability stan-
dards [18]. These domain-specific deployments share a common
emphasis on controllability and deterministic execution, while
differing in their operational context: healthcare bots address
liability and patient safety, e-commerce bots optimize for trans-
action accuracy and fraud prevention and government bots
enforce procedural transparency. ReChat extends this family of
systems to the EV charging domain, where the safety-critical
nature of controlling physical charging equipment and grid
connections motivates a similarly deterministic and auditable
execution regime.

More recently, task-oriented dialogue has been influenced by
LLMs that can plan and interact with external tools. Modular
approaches such as MRKL-style systems (modular reasoning,
knowledge and language) combine specialized modules (e.g.,
classifiers, retrievers and calculators) with a language inter-
face to improve controllability and compositionality in tool-
augmented tasks [19]. ReAct-like prompting (reasoning and
acting) interleaves reasoning and action steps, enabling an LLM
to decide when to call tools or APIs during multi-step tasks [20].
Toolformer-style training further explores how language models
can learn to invoke tools from weak supervision, broadening the
range of tasks that can be executed through tool calls [21].

These LLM-centric paradigms provide flexibility and rapid fea-
ture iteration, but they also motivate clearer engineering trade-
offs for safety-critical domains: (i) deterministic, auditable intent-
to-action mappings reduce the risk of unintended operations, (ii)
on-prem supervised intent classifiers avoid third-party inference
dependencies and (iii) explicit parameter validation and confir-
mation policies are easier to enforce when execution is decoupled
from free-form generation. ReChat follows this classification-
based paradigm for action dispatch, while remaining compatible
with future hybrid extensions (e.g., LLM-assisted disambiguation
that still routes through a fixed action layer).

Complementing the chatbot literature, EV charging manage-
ment optimization has matured around scheduling, coordinated
control and grid-aware constraints. Multi-objective scheduling
at charging stations with on-site renewable generation high-
lights the need to jointly optimize operational performance and
site/grid constraints under energy-availability variability [22].
User-centric charging objectives (e.g., priority rules and service
differentiation at fast-charging stations) are commonly addressed
via coordinated schemes that incorporate demand-based pri-
orities and operational constraints [23]. Grid- and site-centric
objectives (e.g., mitigating phase imbalance and improving power
quality under stochastic EV arrivals) motivate control policies
that explicitly account for load imbalance and network-side
impacts [24]. Tariff- and cost-aware objectives in residential or
depot scenarios are often studied through comparative anal-
yses of real-time coordinated charging schemes, highlighting
practical trade-offs across control strategies [25]. At the power-
system level, the interaction between EV charging demand and
decarbonization objectives has also been studied through optimal
economic dispatch formulations that incorporate the social cost

of emissions, reinforcing the relevance of cost- and policy-aware
charging strategies [26].

Beyond optimization formulations, several systems demonstrate
end-to-end orchestration by integrating smart-charging logic
with charger back-ends and user-facing components. For exam-
ple, fleet-oriented smart-charging extensions coordinate sessions
under grid and operational constraints [27], and laboratory-
validated coordinated charging demonstrations highlight realistic
hardware-in-the-loop integration and control [28]. These sys-
tems underline the practical value of exposing charging control
through well-defined operations over normalized charger APIs,
an integration pattern that motivates our intent-to-action design
on the conversational interface layer.

To consolidate the discussion above, Table 1 provides a systematic
summary of the three streams along explicit design axes (dialogue
paradigm, execution layer and safety/controllability). We then
position ReChat on these axes in the subsequent paragraph.

On these axes, ReChat follows a task-oriented dialogue paradigm
with supervised intent classification, a deterministic intent-to-
API execution layer, and a safe-by-default policy (authentication
and user-device binding, state/bounds checks and clarifica-
tion/confirmation under uncertainty).

EV charging management typically targets three operational
goals. First, user-centric objectives include meeting departure tar-
gets, session monitoring and cost transparency. Second, grid- and
site-centric objectives include peak shaving, demand response
and feeder or breaker constraints. Third, tariff-aware objec-
tives focus on cost minimization under time-of-use or dynamic
pricing. Common control levers include start/pause/resume,
enable/disable, current setpoint (intensity), schedule creation
and device selection. In practice, these actions are orchestrated
through standardized protocols (e.g., open charge point proto-
col [OCPP]) or vendor APIs, and they can be combined with
optimization modules such as smart charging or load balancing.
Our work focuses on the conversational interface and safe action
dispatch, which complements optimization engines.

We did not identify prior work that jointly provides: (i) an end-
to-end task-based conversational interface covering common EV
charging control and monitoring actions (e.g., pause/resume,
enable/disable, intensity setpoint, schedules, device selection
and recent-charge statistics), and (ii) multilingual intent under-
standing evaluated across multiple languages within a single,
auditable execution pipeline. This motivates ReChat as a task-
based, multilingual assistant that maps charging-related intents
to deterministic back-end operations under explicit safety and
controllability constraints [29].

Recent multilingual encoders and sequence-to-sequence models
report strong cross-lingual transfer and are compatible with
our pipeline. For example, XLM-R-based approaches have been
used successfully in multilingual classification settings [30].
Stronger multilingual backbones such as mDeBERTa can further
improve cross-lingual generalization under distribution shift [31].
Sentence-embedding models such as LaBSE have also been
optimized for multilingual semantic tasks and remain relevant
alternatives for intent representations [32]. We prioritize compact
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TABLE 1 | Systematic summary of related work along explicit design axes and positioning of ReChat.
Execution layer and Representative
Stream Dialogue paradigm safety/controllability works
Task-oriented Task-oriented, Deterministic intent-to-action execution; [10-18]
chatbots intent/slot-based dialogue auditable flows; safety depends on data
quality and intent separation
LLM tool-use LLM-driven, agentic Dynamic tool/API calls; flexible but [19-21]
paradigms dialogue with tool use harder to audit; requires guardrails and
confirmations for safe execution
EV charging Optimization-centric Backend schedulers and coordinators over [22-28]
management control (user-, grid-, OCPP/vendor APIs; limited user-facing

tariff-aware)

control; safety via explicit constraints

transformer encoders for controllable supervised intent classi-
fication under tight data/compute budgets, predictable latency
on modest hardware and straightforward on-prem deployment;
swapping the encoder for stronger multilingual backbones
remains straightforward future work within the same code path.

3 | ReChat: An Intelligent Chatbot for EV
Charging Management

In this section, we present ReChat, a task-based chatbot designed
to enhance EV charging management through natural language
interaction. The task-based approach implies that ReChat focuses
on carrying out specific tasks, such as checking the charger’s
status, scheduling charges or adjusting the charging intensity,
through a predefined intent-to-action flow that remains robust
to variation in user requests [33], leveraging recent advances in
transformer-based NLP (fine-tuned BERT encoders) for robust
intent classification and safe action dispatch.

We describe the functionalities offered to users to optimize the
use of their charging points. Additionally, we detail the technical
aspects of the solution, including the system architecture and the
technologies employed in its development. Finally, we explain
how users can access and utilize ReChat to efficiently manage the
charging of their EVs, advancing task-based dialogue systems for
real-world applications in smart transportation.

3.1 | System Architecture

ReChat is built upon a modular and scalable architecture that
integrates various technologies to optimize EV charging man-
agement. The system’s design focuses on ensuring accessibility,
security and ease of use, offering a personalized user experience
through natural language processing. Moreover, we have ensured
that the modules are easily replaceable or expandable to allow
the incorporation of new models and technologies in the future,
supporting adaptability to diverse linguistic contexts.

The architecture of ReChat is based on the instant messaging
platform Telegram, selected for its broad adoption and support
for bot creation. Telegram allows users to interact with ReChat
through a familiar chat interface without the need to install
additional applications.

The system is composed of several key modules, each playing
an important role in enabling seamless and efficient charg-
ing management. The user interface (UI) is provided through
Telegram, where users send queries and receive responses in
natural language, facilitating user interaction with the charging
points.

Figure 1 illustrates the general architecture of the system. Central
to ReChat’s functionality is the NLP module, responsible for
interpreting user inputs and determining relevant intents and
parameters. After evaluating multiple approaches for implement-
ing this module, we opted for a BERT-based intent classifier
as the best overall trade-off for our deployment constraints.
While Voiceflow w/ GPT achieved higher intent-classification
F1 in our evaluation, BERT provides stronger control over
execution, on-prem deployment, predictable latency and an
auditable intent-to-action layer, which are desirable properties for
charging-control operations.

Although Voiceflow w/ GPT achieved higher F1 in our experi-
ments, we selected the BERT-based pipeline because it offers a
more controllable execution regime for charging-control actions.
In particular, it enables on-premise inference, predictable latency,
and a clear separation between intent prediction and determinis-
tic backend execution, reducing reliance on third-party services
while supporting auditing and safety policies.

The backend and services, implemented in Node.js, handle the
business logic and communication with the charging devices
through a dedicated API. This ensures that all operations are
performed securely and efficiently. The Telegraf library facil-
itates interaction with the Telegram API, enabling real-time
communication between the chatbot and users.

Beyond the generic chat pipeline, ReChat includes an EV-specific
orchestration layer. This layer enforces device and safety policies
(e.g., charger state-machine guards and min/max current limits),
and normalizes vendor/OCPP APIs into consistent endpoints.
It also validates parameters and units (A/kW and locale), and
logs operations and outcomes for auditability. These checks
ensure that intents such as intensity, pause or schedules
translate into safe and deterministic back-end requests. Algo-
rithm 1 formalizes the execution pipeline of this orchestration
layer, detailing the sequential validation stages that ensure safe
intent-to-action dispatch.
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FIGURE 1 | ReChatsystem architecture.

As shown in Algorithm 1, the orchestration layer implements a
guarded execution pipeline with five key validation stages. First,
intent classification and slot extraction produce a confidence
score; low-confidence predictions trigger clarification prompts
rather than proceeding with potentially incorrect actions. Second,
authentication ensures that only authorized users can dispatch
backend operations, with requests bound to the user-device
association established by the charging API. Third, state-machine
validation checks whether the requested action is admissible
in the current charger state (e.g., resume requires a paused
session). Fourth, parameter bounds checking validates numeric
inputs (e.g., intensity values) against device-specific min/max
limits. Finally, if all validations pass, the intent+slots are
mapped deterministically to a single idempotent backend call,
with the result logged for auditing. This multi-stage valida-
tion ensures that no backend operation executes under uncer-
tainty, providing practical robustness against equipment faults,
transient connectivity issues, and ambiguous natural-language
requests.

The interaction flow in the system is as follows:

1. The user sends a query through Telegram.

2. The message is received by the ReChat bot and sent to the
NLP module for intent classification.

3. Once the intent is determined, the system executes the
corresponding action by communicating with the charging
device via the API.

4. The result of the action is returned to the user through a
message in Telegram.

According to this, user text is tokenized and encoded by the fine-
tuned BERT encoder, and a linear classification head produces an
intent distribution. Lightweight slot extraction (regex/templates
per intent) retrieves parameters when present (e.g., target current
in intensity). The intent+slots are validated by the orches-
tration layer and executed via a deterministic policy that maps
them to a single back-end call (see Table 2). Finally, the result is

summarized back to the user. This task-to-action mapping is fixed
and auditable, eliminating the need for free-form generation at
execution time.

Depending on the deployment configuration, intent classification
is performed either by language-specific mBERT (one model
per language) or by a single pooled multilingual mBERT model
trained on the union of languages, enabling a direct comparison
between per-language specialization and pooled multilingual
training within the same execution pipeline.

To coordinate intent classification with parameter extraction,
ReChat associates each intent with a minimal slot schema
(required vs. optional parameters, expected type/unit and admis-
sible ranges). After the intent is predicted, the slot extractor
applies intent-specific regex/templates to retrieve parameters
(e.g., a target current for intensity). The orchestration layer
then validates the combined intent+slots by checking (i) the
presence of required parameters, (ii) type and unit consistency
and (iii) domain constraints such as charger state and min/max
allowed setpoints. If a required parameter is missing or is
considered invalid, ReChat does not issue any backend request.
Instead, it asks a clarification question to obtain a valid value (e.g.,
requesting an intensity within the allowed bounds). Likewise,
when intent confidence is low or when multiple intents are
competing, the system asks the user to rephrase or confirm the
intended action before proceeding.

Given that ReChat can trigger control operations on charging
equipment, the system follows a safe-by-default execution policy.
Backend operations are only dispatched for authenticated users
and are bound to the user-device association established by
the charging API. In addition, the orchestration layer enforces
safety guards (e.g., state-machine checks and min/max limits)
and rejects malformed or out-of-range parameters to prevent
misoperations. All executed actions and outcomes are logged
for auditing and troubleshooting, and deployments can be con-
figured to require explicit user confirmation for high-impact
operations (e.g., disabling a charger or changing the current
setpoint).
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ALGORITHM 1 | Orchestration layer: Safe intent-to-action dispatch.

Require: User message m, Intent classifier C, Charging API A

Ensure: Backend response r or clarification prompt p

1. (i,conf,slots) « C(m) 1> Classify intent and extract slots

2: ifconf < 6,,;, then

3: returnp < “Could you rephrase?”

4: endif

5. if =ValidSlots(i, slots) then

6: returnp < “Missing parameter”

7:  endif

8:  (auth,device) < Auth()

9: if ~auth then

10:  returnp < “Auth required”

11: endif

12: state < A.GetState(device)

13: if -~StateMachineOK(i, state) or ~BoundsOK(i, slots)
then

14: returnp < “Not allowed: [reason]”

15: end if

16: action < MapToAPI(i, slots)

17: r « A.Exec(action, device)

18: ifr.isError() then

19: Log(i, action,r)

20:  returnp < “Failed: [recovery]”
21: endif

22: Log(i, action,r)

23: returnr

Because ReChat issues control actions on physical charging
equipment, the backend explicitly handles abnormal and failure
scenarios, thereby avoiding the execution of operations under
uncertainty. At runtime, every request follows a guarded pipeline:
the bot first validates authentication and the user-device binding,
then checks the charger state and parameter bounds, and only
then dispatches a single idempotent backend call. If the charging
API reports a device fault (e.g., unavailable connector, session
error or rejected setpoint), ReChat converts the backend error
code into a user-facing explanation and suggests the safest next
step (e.g., re-checking status, selecting another device or retrying
later), while logging the failure for troubleshooting.

If a network interruption or timeout occurs, the request is not
retried blindly; instead, the system returns an explicit ‘operation
not confirmed’ message and asks the user to query the current
status before attempting the action again, preventing duplicate
or inconsistent state changes. For ambiguous user commands or
underspecified control verbs (e.g., ‘stop charging’ without clarify-
ing whether the target is the session or the charger state), ReChat
does not call any backend endpoint and triggers a clarification
question to disambiguate the intended action; similarly, when
the intent confidence is low, or when the top-2 intents fall into

a known confusion cluster, the system requests confirmation
or rephrasing. This failure-aware, confirmation-first behaviour
is consistent with the deterministic intent-to-action policy of
ReChat, providing practical robustness against equipment faults,
transient connectivity issues, and ambiguous natural-language
requests, while keeping an auditable trace of executed operations
and their outcomes.

This modular and scalable architecture ensures real-time inter-
action and provides a seamless user experience. It also facilitates
the integration of new NLP models or services as technology
evolves, ensuring the system’s continuity and security. Moreover,
this approach allows the system to adapt to emerging user needs
and technological advancements, maintaining its effectiveness as
multilingual task-based dialogue systems evolve.

3.2 | Functionalities of ReChat

ReChat is an intelligent chatbot that enables EV users to manage
and optimize their charging devices intuitively and effectively.
Through NLP, ReChat offers an interface that allows inter-
action with charging systems using natural language, thereby
improving accessibility and user experience. The main function-
alities offered by ReChat, corresponding to the different intents
predicted by the NLP module, are as follows:

* Checking current consumption: ReChat allows users to check
real-time energy consumption, providing critical data for
monitoring the charger’s performance and energy efficiency.

* Checking charger status: Users can ascertain the current
status of the charger, obtaining information on whether
the session is active/paused and whether the charger is
enabled/disabled.

» Disabling or enabling the charger: ReChat offers users the
ability to fully enable or disable the charger.

* Requesting help: Users can ask ReChat for help with handling
the chatbot; ReChat will indicate the different functionalities
available and provide prompt examples for each.

* Adjusting charging intensity: ReChat exposes the charging-
current setpoint as an optional advanced control. This intent
is designed for users who already customize charging current
in the charger vendor application, and who understand the
implications of current-setpoint adjustments (e.g., reducing
current to stay within local breaker limits or to implement
manual load balancing), and who prefer to issue the same
command via natural language. Charging operations such
as starting, pausing, resuming, or monitoring do not require
adjusting this parameter; the default current setpoint config-
ured in the charger backend is used automatically. For most
users, this parameter is not required, and it is therefore not
part of the typical interaction flow. In the current prototype,
if the user provides a numeric value, ReChat forwards it
to the backend action associated with intensity; value
admissibility (e.g., device-specific limits) is enforced by the
charging backend/API.

* Changinglanguage: Recognizing user diversity, ReChat incor-
porates a language change function through natural language
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TABLE 2 | Mapping of user demands to intents and backend actions (examples).

Demand Intent(s) Backend/API action(s)
Monitoring actual_state, GET /status, GET /metrics/current, GET
actual_intake, /charges/recent
statistics
Control pause, resume, enable, POST /charging/pause, POST /charging/resume,
disable PATCH /device/enable, PATCH /device/disable
Configuration intensity, list, PATCH /charging/intensity, GET /devices, GET
schedules /schedules
Support help, token, language GET /help, PATCH /auth/token, PATCH
/session/language

commands, supporting multilingual interaction in diverse
linguistic contexts inspired by LLM capabilities.

* Listing devices: ReChat provides a list of the different chargers
associated with the user.

* Operational control over charging: ReChat offers users the
ability to pause and resume charging as needed.

* Checking charging schedules: Users can review the different
charging schedules they have configured.

* Statistics of recent charges: ReChat provides a summary of the
latest charges performed, including details such as duration,
energy consumed and an estimated associated cost.

* Changing the authentication token: ReChat allows users to
change their authentication token, which is necessary for
communication with the charging devices.

These functionalities are designed to offer a comprehensive set of
user-facing operations, making EV charging management acces-
sible and efficient. The core monitoring and control operations
(checking status, consumption, and statistics; pausing, resuming,
enabling and disabling the charger; listing devices; and request-
ing help) are accessible to all users through straightforward
natural-language commands, without requiring technical knowl-
edge of charging parameters. Advanced configuration options
(adjusting charging intensity, managing schedules) are provided
for users who already interact with these settings in vendor
applications and prefer a natural-language alternative.

Beyond the input modality change, ReChat offers several con-
crete advantages over vendor-specific mobile applications. First,
multi-vendor normalization: ReChat provides a unified interface
for chargers from different manufacturers (e.g., Tesla, Wall-
box, ABB), eliminating the need to install and learn separate
applications for each device; this is particularly valuable in
multi-charger households, fleet deployments, or shared parking
facilities where different equipment coexists. Second, integration
with automation ecosystems: ReChat can be embedded in smart-
home or fleet-management workflows, enabling coordinated
control with other IoT devices and energy-management systems
(e.g., pausing charging when solar production drops, or resum-
ing when dynamic tariffs are favourable); vendor applications
typically operate in isolation and do not expose programmable
interfaces for third-party automation. Third, accessibility: natural-

language and voice-compatible interfaces reduce interaction
barriers for users with visual or motor impairments, whereas
vendor touchscreen-centric Uls can be challenging for these user
groups. Fourth, lower interaction friction for routine operations:
common tasks such as checking status or pausing a session
require fewer navigation steps than multi-screen vendor Uls,
which often nest basic controls under configuration menus. Fifth,
consistent multilingual support: vendor applications often provide
incomplete or inconsistent translations, whereas ReChat’s archi-
tecture ensures uniform language coverage across all supported
intents and backend operations. Finally, auditability in shared
or fleet scenarios: ReChat’s logged intent-to-action execution
enables transparent tracking of who issued which command and
when, facilitating accountability and troubleshooting in multi-
user environments where vendor apps may lack fine-grained
access logs.

To make the operational scope explicit, the supported intents
were grouped into four demand categories: Monitoring, control,
configuration and support, and mapped to concrete backend
actions. Table 2 summarizes this mapping and illustrates repre-
sentative user prompts per language. The Telegram frontend was
connected to the backend (Node.js) and the charger API, enabling
end-to-end execution (e.g., reading status/metrics, toggling
enable/disable, adjusting current intensity, pausing/resuming
sessions and retrieving recent-charge statistics). The scenarios
below exemplify typical interactions:

* Control: ‘Pause charging now’ / ‘Pausa la carga ya’: intent
pause — API call POST /charging/pause.

* Configuration: ‘Set intensity to 12A’ / ‘Imposta l'intensita a
12A’: intent intensity — PATCH /charging/intensity.

* Monitoring: ‘What’s the current consumption? / ‘Qual
¢ o consumo atual?: intent actual_intake — GET
/metrics/current.

* Support: ‘Help’ / ‘Ayuda’: intent help — usage hints and
examples.

Importantly, intensity targets a minority of advanced users
who already understand and adjust the charging current through
the vendor application. The majority of users can effectively
manage their charging sessions using only the core monitoring
and control intents (checking status and consumption, pausing
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and resuming sessions, enabling and disabling the charger),
which require no technical knowledge of electrical parameters or
charger configuration. In typical usage cases, most interactions
focus on these essential intents rather than advanced configura-
tion such as intensity or schedules. Therefore, ReChat does not
assume that current-setpoint adjustment is a mainstream user
need; it is included to provide a natural-language alternative for
an existing advanced setting that a subset of users already manage
through vendor Uls.

These capabilities address typical user needs in EV charging
management, including status checks, operational control, con-
figuration and assistance. They demonstrate practical feasibility
by mapping each intent to an executable backend operation.

3.3 | Implementation and Resources

The implementation of the intent classifier module involved
developing and training transformer-based intent classifiers for
multilingual usage. We evaluated two configurations within the
same architecture: (i) Language-specific mBERT (one model per
language, trained only on that language’s utterances) and (ii)
pooled multilingual mBERT (a single model trained on the union
of all languages). This design allows controlling the deployment
trade-off between per-language specialization (higher accuracy
under language-specific distributions) and operational simplicity
(a single model for all languages).

The development of ReChat also incorporated standard tech-
nologies. The system is based on Node.js, a server platform that
allows handling multiple simultaneous connections, essential for
processing user requests in real-time. Interaction with Telegram
is managed through the Telegraf library, which facilitates the
creation of bots and communication with the Telegram API.

For the intent classifier module, a customized model based on
BERT was developed using the deep learning framework PyTorch.
This model enables understanding the full context of user queries,
improving accuracy in interpretation. To expose the model as
a service and to allow communication with ReChat’s backend,
Flask, a Python microframework, was used.

These technologies work together to provide an efficient and
scalable user experience, allowing ReChat to handle complex
natural language interactions and offer advanced functionalities
in electric vehicle charging management.

The datasets used for training and evaluating the NLP models
will be available for research purposes upon request to the
corresponding author. This will allow other researchers to repli-
cate experiments, analyse the implementation in detail, and
contribute to the tool’s development. To access the data, please
contact the main author of the article through the email address
provided in the contact information section.

Users interested in testing ReChat can interact with the
chatbot via Telegram. The bot’s username on Telegram is
@ReChat_evbot. Readers are encouraged to experiment with the
chatbot and provide feedback for future improvements.

4 | Methodology

In this section, we describe the methodology followed to
implement ReChat, covering dataset construction, model con-
figurations, training, and evaluation of the NLP module. We
detail the datasets created, the configuration of each approach,
and the training and selection protocol used to support intent
classification in a task-based dialogue system.

4.1 | Training and Evaluation Datasets

Since there were no existing datasets that met the specific
requirements of the project, we proceeded to create our own
dataset. This dataset includes the intents/functionalities that
users can express when interacting with the chatbot, including
actions such as checking the charger’s status, starting or pausing
the charging process, adjusting the intensity and changing the
language, among others.

For each intent, 20 phrases were generated in six languages:
Spanish, English, German, French, Italian and Portuguese.

4.1.1 | Dataset Construction, Annotation and Quality
Control

The training corpus was built from scratch because we found
no public dataset covering EV charging control intents with
multilingual utterances and an action-oriented ontology. We
followed a reproducible construction protocol: first, we defined
the intent inventory directly from the executable capabilities
exposed by the charging backend (Table 2). Each intent was
associated with a short natural-language description, a canonical
backend action, and a minimal slot schema (required/optional
parameters). This slot schema was also used to write intent-level
labelling rules that reduce ambiguity in semantically adjacent
classes by prioritizing the action target as the main discriminator;
for example, pause/resume refer to the charging session, whereas
disable/enable refer to the charger availability state.

For each intent, we generated 20 short user utterances in each
of the six languages (Spanish, English, German, French, Italian
and Portuguese), resulting in 1560 instances. Utterances were
designed to cover typical linguistic variability while remaining
label-preserving, including imperative and interrogative forms
(e.g., ‘pause charging’ vs. ‘can you pause the charge?’), polite
versus direct requests, synonym substitutions and word-order
variation. To minimize bias and keep the process reproducible,
we adopted a controlled template-and-paraphrase workflow: for
each intent, we drafted a small set of seed templates in English
describing the same action in different registers, and we manually
rewrote them into additional paraphrases until reaching the
target count while avoiding near-duplicates. For non-English
languages, utterances were produced by translating and rewriting
the intent-preserving seeds into the target language, explicitly
introducing language-specific phrasing and morphology (e.g.,
clitics, inflection and compounding) rather than relying on
literal translations.
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Each utterance was assigned exactly one intent label according
to the labeling rules above. Labels were produced during dataset
creation (i.e., utterances were generated to match a target intent)
and then verified in a second pass to ensure that the surface
form still matched the intended action. For utterances containing
numeric values or device references, we additionally checked
that the text was compatible with the intent slot schema (e.g.,
that intensity includes a plausible numeric current value) and
that no intent identifiers or backend keywords leaked into the
utterance text.

Before training, we applied a lightweight quality-control pipeline:
duplicates and near-duplicates were screened within each intent-
language subset (manual inspection aided by string similarity),
utterances were reviewed for ambiguity in known confusion
clusters (e.g., generic ‘stop charging’ requests that do not specify
whether the session should be paused or the charger disabled),
and basic normalization checks were applied (punctuation and
formatting consistency). Ambiguous utterances that could rea-
sonably map to multiple intents were rewritten to include an
explicit target (e.g., ‘pause the current session’ vs. ‘disable the
charger’), preserving the deterministic intent-to-action mapping
required by ReChat.

For reproducibility, the dataset is stored in a simple tabular format
with columns language, utterance, intent and (when applica-
ble) slots. In addition, the intent definitions (descriptions and
slot schemas) are maintained in a separate machine-readable
specification that can be used both to regenerate seed templates
and to validate label consistency. The dataset and specifications
will be shared for research purposes upon request, as stated in
Section 3.

This study uses six languages for three pragmatic reasons: (i) to
broaden the potential user base by covering languages spoken by
a substantial share of the global population, (ii) to achieve typo-
logical variety within a fixed annotation budget (Romance and
Germanic families), and (iii) to leverage a single, widely adopted
multilingual transformer checkpoint (mBERT) that supports
all six languages with a unified tokenizer, enabling controlled
comparisons between language-specific mBERT and pooled
multilingual mBERT within the same modelling backbone.

The corpus comprises 1560 utterances, 20 per intent and per
language. Each instance consists of a user phrase paired with its
intent label. This size is sufficient for a transfer learning pilot,
as it preserves per-intent balance, constrains annotation cost
and yields stable validation signals for hyperparameter selection.
Accordingly, we adopted a stratified 80/20 training and validation
split by language and intent.

The creation of the dataset allowed for a complete representation
of user interactions in multiple languages, ensuring that the
chatbot can handle a wide range of expressions. This approach
enhances the model’s ability to generalize across different lin-
guistic contexts and user intents, providing a foundation for
multilingual conversational reasoning in task-based dialogue sys-
tems.

To evaluate the trained models, three evaluation datasets were
generated using different advanced language models: GPT-4o,

Gemini 1.5 Pro and Claude 3.5 Sonnet. Through these models,
various prompts were generated, resulting in a broad set different
from the training set. This use of LLMs for evaluation ensured a
diverse and challenging test of the chatbot’s intent classification
capabilities, aligning with the goal of advancing real-world
applications. This allows for a precise and fair evaluation of the
models’ performance.

4.2 | Configuration and Training Processes

Asseen in Section 2, there are different technologies to implement
the intent classifier module in task-based chatbots. Therefore,
different training processes were carried out according to the
approach used, with the aim of determining the most appropriate
technology for ReChat.

4.2.1 | Voiceflow w/ GPT

The first approach uses Voiceflow w/ GPT. In this case, the user’s
message is sent to the GPT model, which returns the intent as a
specific command. This approach leverages the model’s ability to
understand and process natural language efficiently, facilitating
the creation of fluid and natural dialogues. By using an LLM
like GPT, this method enables ReChat to interpret complex user
inputs in a task-based dialogue system.

Since this is a prompting-based configuration rather than super-
vised training, there is no dataset-driven fine-tuning step. Instead,
we controlled generation to maximize determinism in intent
routing by setting the sampling temperature to 0.0 and limiting
the output budget (maximum length of 512 tokens), yielding
consistent command outputs under our evaluation protocol.

4.2.2 | Voiceflow w/ NLP Module

The second approach involves manually defining intents and
prompts in Voiceflow. The system is trained with a set of repre-
sentative phrases for each intent, covering the different supported
languages. The training was conducted automatically through
Voiceflow, processing the utterances to effectively classify user
inputs. This method involves a detailed process of analysing
and defining intents, ensuring complete coverage of the users’
communicative needs without relying on external models.

423 | mBERT

The third approach involves the development and training of
an mBERT-based model for multilingual intent classification.
Using PyTorch and Flask, a model capable of accurately inter-
preting user queries in multiple languages was fine-tuned. Two
variants were explored: language-specific mBERT (one model
per language) and pooled multilingual mBERT (a single model
trained on the union of all languages). Although mBERT is not
an LLM, its transformer-based architecture shares foundational
principles with LLMs, making it suitable for precise intent
classification in task-based dialogue systems, particularly in
multilingual contexts.
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All mBERT classifiers in this study were initialized
from the same multilingual pre-trained checkpoint,
bert-base-multilingual-cased (mBERT), and fine-tuned
with a linear classification head for intent prediction. Using a
single multilingual checkpoint across experiments ensures that
the comparison between language-specific mBERT and pooled
multilingual mBERT isolates the effect of data partitioning
(per-language vs. union of languages) rather than differences in
pre-training corpora or tokenization.

To keep the comparison focused on the effect of data partitioning,
we kept the encoder architecture, tokenizer, and preprocessing
pipeline fixed across all mBERT experiments. Given the limited
corpus size, this choice provides a controlled and reproducible
baseline for multilingual intent classification.

For mBERT fine-tuning, we used the 1560-utterance corpus with
a stratified 80/20 split for training and validation by language
and intent. Models were optimized for multi-class intent pre-
diction and monitored on the validation split to select the best
configuration while mitigating overfitting under limited data.

Hyperparameters were selected via a grid search on the validation
split. We explored batch sizes of 16, 32 and 64; learning rates
of 1 x 1075, 3 x 1075 and 5 x 107>, training epochs of 20, 30 and
40; and maximum sequence lengths of 10, 15 and 20 tokens.
For each model (language-specific or pooled), we retained the
configuration that maximized validation performance (macro-
F1 in the comparative evaluation), and we then reported test
performance on the LLM-generated evaluation sets using the
selected hyperparameters.

The selection criterion was strictly based on maximizing macro-
F1 score on the validation split; no additional weighting was
applied to loss magnitude or training stability. This single-metric
approach ensures reproducibility and provides a clear bench-
mark for comparing language-specific versus pooled multilingual
configurations under identical evaluation protocols.

5 | Results

This section reports and discusses the results obtained from
evaluating the different approaches implemented for the NLP
module of ReChat. We present (i) the evaluation of the Voiceflow
implementations, (ii) the training behaviour of the mBERT
models, (iii) the evaluation performance of the mBERT models,
(iv) an end-to-end comparison of all approaches and (v) comple-
mentary analyses on computational cost (inference latency) and
error patterns.

5.1 | Evaluation of Voiceflow Implementations
Regarding the implementations in Voiceflow, two different con-
figurations have been evaluated: Voiceflow w/ GPT, and Voiceflow

w/ NLP module.

Table 3 summarizes the per-language F1-score obtained for both
configurations, enabling a direct comparison of multilingual

TABLE 3 | Fl-score performance metrics for Voiceflow implementa-
tions by language.

Voiceflow Voiceflow w/
Language w/ GPT NLP module
English 92.72 81.75
Spanish 94.63 52.28
German 89.45 55.31
French 91.87 53.22
Italian 90.12 50.78
Portuguese 92.34 55.49
All (macro avg) 91.86 58.14

intent-classification performance under the same evaluation pro-
tocol.

As shown in Table 3, Voiceflow w/ GPT attains per-language
F1-scores in the range 89.45%-94.63% (macro average 91.86). In
contrast, Voiceflow w/ NLP Module yields a macro average of
58.14, with English at 81.75 and the remaining languages between
50.78 and 55.49.

This gap is consistent with: (i) the stronger multilingual gener-
alization of LLM-based routing under prompt supervision and
(ii) the more limited cross-lingual robustness of the platform’s
built-in intent classifier when trained with a small set of man-
ually declared examples. In addition, the linguistic variability of
Romance and Germanic languages (inflection, clitics, compound-
ing, and word-order differences) can amplify errors when the
underlying embeddings or intent features are not optimized for
multilingual coverage in this setup.

On the other hand, Voiceflow w/ NLP module, which is based on
manual definition of intents, shows notably lower performance
in languages other than English. Despite efforts to train the
model with specific intents for each language, the results indicate
that Voiceflow, under our configuration and evaluation protocol,
exhibits substantially higher robustness in English than in the
remaining languages. This is evidenced by significantly lower
F1-scores in Spanish, German, French, Italian and Portuguese,
reflecting the platform’s limitations in effectively handling non-
English languages across multiple languages.

These results reflect that Voiceflow w/ NLP module presents
inconsistencies and limitations, particularly in a multilingual
environment. Intents that require greater contextual understand-
ing, such as statistics and actual_intake, show significant
deficiencies, suggesting that improvements are needed in the
module’s ability to handle variations and complexities in linguis-
tic contexts.

In summary, Voiceflow w/ GPT positions itself as a more viable
and effective option for intent classification in multiple lan-
guages, leveraging LLM capabilities, while Voiceflow w/ NLP
module requires significant improvements to reach comparable
performance levels.
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TABLE 4 | Hyperparameters used in training the mBERT models.

Model Learning rate Batch size Epochs Sequence length
Pooled multilingual mBERT 3x107° 16 30 20
Language-specific mBERT (EN) 5x107° 16 20 10
Language-specific mBERT (ES) 1x107° 16 30 20
Language-specific mBERT (DE) 1x107° 16 40 20
Language-specific mBERT (FR) 1x107° 16 40 20
Language-specific mBERT (IT) 3x107° 16 30 20
Language-specific mBERT (PT) 1x107° 16 30 20

5.2 | Training Performance of mBERT Models

To evaluate intent-classification capabilities in multilingual envi-
ronments, several mBERT models adapted to ReChat’s needs
were trained. On one hand, a Pooled Multilingual mBERT variant
was trained to cover several languages simultaneously. On the
other hand, language-specific mBERT models were developed
for each of the languages of interest (Spanish, English, French,
Italian, Portuguese, and German).

The selection of these two approaches offers a more compre-
hensive comparative analysis, ranging from performance in each
language separately to versatility in environments where multiple
languages are mixed. Table 4 lists the hyperparameters used by
each model.

All hyperparameters (i.e., learning rate, batch size, epochs and
maximum sequence length) were selected per language via grid
search on the validation split, aiming to balance convergence
speed, stability and overfitting. Languages with longer or more
compositional utterances and higher morphological variability
benefited from longer sequences and, in some cases, additional
epochs (e.g., German and French at 40 epochs and length
20), whereas English reached a stable validation plateau with
fewer epochs and a shorter sequence length (20 and 10, respec-
tively). Learning rates were chosen to reduce validation-loss
volatility and overshooting (smaller rates for slower-converging
languages), and the batch size converged to 16 across languages
because larger values did not improve validation metrics and
increased memory consumption.

Figure 2 illustrates representative training dynamics (loss and
accuracy) for language-specific mBERT (EN), language-specific
mBERT (ES), and pooled multilingual mBERT, which reflect the
overall trends observed across languages.

As can be observed, all models present a similar trend in terms
of loss decrease and accuracy increase over the epochs. This
indicates that, in general, the training process has been successful
in all cases.

However, there are some notable differences between the models.
The language-specific mBERT (EN) model shows faster conver-
gence, reaching high accuracy in fewer epochs than the language-
specific mBERT (ES) and pooled multilingual mBERT models.
This may be partially explained by differences in how quickly the

model adapts to the English subset under limited data, possibly
influenced by the representation of English in pretraining, and
by the linguistic variability of the other languages.

Across runs, we did not observe clear symptoms of severe
overfitting in the learning curves (e.g., a sustained divergence
between training and validation loss), although the small size of
the corpus limits how confidently overfitting can be diagnosed
from curves alone.

It is important to highlight that the convergence of the pooled
multilingual mBERT model is slower compared to the language-
specific mBERT models. This is because the model must learn
to generalize from data in several languages, which represents
a greater challenge. Despite this difficulty, the model man-
ages to achieve competitive training accuracy, demonstrating
its ability to classify intents in a multilingual environment.
In validation, the pooled model tended to be slightly less
stable than the language-specific models, which is consistent
with the harder generalization problem under the same data
budget.

5.3 | Evaluation of mBERT Models

To verify the behaviour of the models in real interaction sit-
uations, the mBERT models have been evaluated using test
datasets generated by different advanced language models: GPT-
40, Gemini 1.5 Pro and Claude 3.5 Sonnet. These evaluation
datasets contain prompts in the six languages, which are different
from those generated for the training set, thereby enabling an
assessment of the effectiveness of the models in handling diverse
and challenging inputs.

Figure 3 reports the macro Fl-score obtained by each mBERT
model on the three LLM-generated evaluation sets, highlighting
the impact of prompt distribution and language on intent-
classification performance.

As shown in Figure 3, F1-scores vary across the GPT-40, Gemini
1.5 Pro, and Claude 3.5 Sonnet evaluation sets due to distribu-
tional shifts in the generated prompts (imperative vs. colloquial
registers, rare synonyms, code-mixing, punctuation and utterance
length), which modify class separability and amplify confusions
among semantically close intents, especially in languages with
richer inflection or productive compounding.
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FIGURE 2 | Loss and accuracy curves during the training of the mBERT models: (a) loss history and (b) accuracy history.
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FIGURE 3 | Macro Fl-score of mBERT intent classifiers on the three LLM-generated evaluation sets.
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TABLE 5 | Comparative performance (Fl1-score) of different NLP implementations by language.

Voiceflow Voiceflow w/ Language-specific Pooled multilingual
Language w/ GPT NLP module mBERT mBERT
English 92.72 81.75 78.861 78.331
Spanish 94.63 52.28 72.853 78.393
German 89.45 55.31 69.175 67.990
French 91.87 53.22 77.086 73.217
Italian 90.12 50.78 74.916 77.259
Portuguese 92.34 55.49 64.652 74.880
All (macro avg) 91.86 58.14 72.92 75.01

Overall, both mBERT configurations achieve competitive intent-
classification performance under the same backbone and prepro-
cessing pipeline. In our evaluation, pooled multilingual mBERT
attains a slightly higher macro-average across the six languages
(Table 5), with clear gains in Spanish, Portuguese and Italian.
Language-specific mBERT remains advantageous for some lan-
guages (notably English and French, and marginally German),
indicating that the relative ordering depends on the target
language and the prompt distribution.

The performance differences between language-specific mBERT
and pooled multilingual mBERT can be partially explained by
cross-lingual transfer effects and linguistic typology. Pooled mul-
tilingual mBERT benefits from implicit regularization across lan-
guages during training: shared linguistic structures (e.g., similar
imperative forms in Romance languages, or common Germanic
compounding patterns) enable the model to learn more robust
intent representations by pooling evidence across typologically
related languages. This is particularly evident for lower-resource
configurations within our dataset (e.g., Portuguese and Italian),
where the pooled model can leverage patterns from Spanish and
French to improve generalization. Conversely, language-specific
mBERT can overfit to language-specific surface patterns (e.g.,
lexical cues or fixed word orders) that do not generalize well to
the distributional shifts introduced by LLM-generated evaluation
prompts. For English and French, where the training data may
contain more consistent phrasing conventions, the language-
specific model can exploit these patterns effectively; however,
for languages with richer morphological variability (e.g., German
declensions, Spanish verb conjugations), the pooled model’s
cross-lingual smoothing appears to prevent overfitting to spurious
correlations in the limited training data.

It is worth noting that the Gemini 1.5 Pro evaluation set yields
the highest macro-F1 for the language-specific mBERT models,
whereas the GPT-40 set favours pooled multilingual mBERT
(Table 7). This confirms that LLM-generated evaluation data
can induce distribution shifts that change the relative ordering
between models.

While pooled multilingual mBERT simplifies deployment and
maintenance (single model for all languages), language-specific
mBERT can be preferable when optimizing for a particular
language, or when language-level distributions differ substan-
tially. Therefore, the choice between pooled and language-

specific training should be driven by deployment constraints and
language-specific performance targets.

In summary, both configurations provide strong intent-
classification performance under limited data. Pooled
multilingual mBERT improves overall macro-average and
simplifies deployment, while language-specific mBERT can
still be advantageous for selected languages. Consequently, the
most appropriate choice depends on whether the deployment
prioritizes single-model maintenance or maximum performance
in a specific target language.

5.4 | Comparison of Different Implementations

In this section, a comparison of the different approaches imple-
mented for the NLP module of ReChat is conducted to select the
most suitable one. The results obtained with Voiceflow (Voiceflow
w/ GPT and Voiceflow w/ NLP module) and with mBERT models
(language-specific mBERT and pooled multilingual mBERT) are
analysed, considering both the precision in intent classification
and other relevant factors such as implementation complex-
ity, scalability and computational cost, with a focus on their
effectiveness in supporting task-based dialogue systems.

Table 5 compiles the per-language Fl-score of the evalu-
ated approaches, enabling an end-to-end comparison between
rapid-deployment (Voiceflow) and supervised (mBERT) intent-
classification pipelines. We report macro-F1 across intents,
computed separately for each language subset.

As shown in Table 5, Voiceflow w/ GPT attains the highest F1
across all languages (89.45%-94.63%), which is consistent with
the different modelling regimes: a generative, cross-lingual LLM
with dynamic prompting versus supervised classifiers trained on
a 1560-utterance corpus. In addition, LLM-generated evaluation
prompts may partially match the stylistic priors of the same model
family used for intent routing, which can further benefit the
Voiceflow w/ GPT configuration.

In contrast, mBERT performance is constrained by the limited
size of the supervised corpus and by the difficulty of separating
semantically adjacent intents under short, heterogeneous user
utterances; nevertheless, it avoids reliance on external services
and offers greater control and customizability. We consider
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that intent-F1 can be increased in the mBERT pipeline by: (i)
expanding per-intent diversity via paraphrase/back-translation
and code-mix augmentation; (ii) class-balanced sampling and
focal loss to mitigate rare-class confusions; (iii) per-language
threshold calibration and temperature scaling; (iv) modestly
longer sequences and domain-adaptive pretraining on EV text
and (v) evaluating stronger multilingual backbones (e.g., XLM-R
or mDeBERTa) under the same training protocol.

Among the supervised options, pooled multilingual mBERT pro-
vides the best overall trade-off in our experiments: it achieves the
highest macro-average across the six languages while requiring
only a single on-prem model for deployment and maintenance
(see Table 5). Language-specific mBERT remains beneficial for
particular languages (e.g., English and French in our evaluation),
but it increases operational complexity by requiring one model
per language and separate hyperparameter/monitoring work-
flows.

Finally, Voiceflow w/ NLP module shows the lowest performance
among all approaches, especially in languages other than English,
highlighting its limitations in supporting multilingual inputs.

Considering the requirements of auditable intent-to-action exe-
cution and independence from third-party inference services,
we select supervised mBERT-based intent classification as the
most suitable option for ReChat’s NLP module. Within this
supervised family, pooled multilingual mBERT is the best over-
all choice under our data budget and deployment constraints,
while language-specific mBERT remains an alternative when
maximizing performance for a specific target language is the
primary requirement.

Beyond intent-classification accuracy, the choice between LLM-
based routing (Voiceflow w/ GPT) and supervised mBERT-
based classification involves additional engineering trade-offs.
First, uncertainty handling: mBERT produces calibrated softmax
distributions over intents, enabling straightforward confidence
thresholding and explicit clarification prompts when the top-
1 prediction is ambiguous; in contrast, LLM-based routing can
hallucinate plausible-sounding intent labels that do not map
to executable backend operations, requiring additional out-
put validation. Second, out-of-domain robustness: when users
issue commands outside the supported intent set (e.g., general
conversational queries or requests unrelated to EV charging),
mBERT’s closed-set formulation allows deploying a reject-class
threshold or an explicit out-of-scope detector, whereas LLM-
based routing may attempt to force-fit the input into an exist-
ing intent, increasing the risk of unintended actions. Third,
interactive clarification: ReChat’s orchestration layer implements
state-aware disambiguation (e.g., distinguishing pause from
disable based on current charger state), which is easier to
integrate with a deterministic intent classifier than with a
generative LLM where prompt engineering and output parsing
introduce additional failure modes. Finally, auditability and
version control: mBERT-based intent classification allows freezing
model checkpoints, versioning training data, and reproducing
evaluation results deterministically, whereas LLM API end-
points can change behaviour across releases, complicating long-
term maintenance and regulatory compliance in safety-critical
deployments.

5.5 | Computational Cost: Inference Latency

To complement the accuracy-based comparison with quantitative
evidence of computational cost, we benchmarked inference
latency for the mBERT intent classifiers using a fixed batch
size and the same preprocessing pipeline as in evaluation.
Table 6 reports average latency per batch and per sample for a
representative language-specific mBERT model (Spanish) and for
pooled multilingual mBERT. Measurements were obtained on a
MacBook Pro with Apple M2 Pro (CPU-only inference) and 32
GB RAM.

Overall, the measured per-sample inference time remains within
a few milliseconds in our benchmark, which is compatible with
interactive chatbot usage. This quantifies the computational cost
of the mBERT-based approach and enables a more concrete com-
parison against rapid-deployment solutions. While the latency is
acceptable for a Telegram chatbot, it remains a relevant engineer-
ing consideration for resource-constrained deployments (e.g.,
embedded gateways), motivating future optimization via model
distillation, quantization or compact transformer backbones.

5.6 | Error Analysis and Statistical Significance

To better understand the limitations of the intent classifiers, we
performed a paired error analysis on the three LLM-generated
evaluation sets (GPT-40, Gemini 1.5 Pro and Claude 3.5 Sonnet).
In addition to macro-F1, we applied paired statistical tests
to assess whether the observed differences between language-
specific mBERT and pooled multilingual mBERT are reliable.
Specifically, we used: (i) an exact McNemar test on paired
correctness outcomes and (ii) a non-parametric bootstrap (2000
resamples) to estimate the distribution of the macro-F1 difference
(language-specific mBERT minus pooled multilingual mBERT)
and its 95% confidence interval (CI). For McNemar, we report
ny (language-specific mBERT incorrect, pooled multilingual
mBERT correct) and n,, (language-specific mBERT correct,
pooled multilingual mBERT incorrect).

Overall, the bootstrap analysis indicates no statistically reliable
difference between language-specific mBERT and pooled mul-
tilingual mBERT on the Claude and Gemini evaluation sets,
as the 95% confidence intervals include zero. However, on the
GPT-40 set, the bootstrap difference is significantly negative
(lang.-spec. minus pooled multi), with a 95% CI entirely below
zero (p = 0.012), indicating a measurable macro-F1 advantage for
pooled multilingual mBERT under this evaluation distribution.
In contrast, McNemar’s test does not reject the null hypothesis in
any source, which is expected because it tests paired correctness
outcomes rather than macro-F1 and can be less sensitive to
class-balanced performance shifts.

5.6.1 | Most Frequent Confusions and Error Drivers

We further analysed systematic model errors by extracting the
most frequent misclassification pairs.

For consistency with the evaluation artefacts, we report intent
identifiers exactly as they appear in the prediction logs (e.g.,
actual_state and statistics).
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TABLE 6 | Inference latency for mBERT intent classification (representative benchmark).
Model Batch size Avg time/batch (s) Avg time/sample (ms)
Language-specific mBERT (ES) 32 0.1405 4.39
Pooled multilingual mBERT 32 0.1494 4.67

language - token
list = enable
statistics —» schedules
list » schedules
resume - pause
enable - resume
disable » enable

list » actual_state

6 8 10 12
Count

(a) Language-specific nBERT

resume - pause
disable —» pause
intensity - actual_intake
resume - enable
statistics —» actual_state
pause — disable
actual_state - resume

schedules — actual_state

6 8 10 12 14
Count

(b) Pooled Multilingual mBERT

FIGURE 4 | Most frequent confusion pairs for language-specific mBERT and pooled multilingual mBERT (counts aggregated over the evaluation

sets).

Figure 4 visualizes the dominant confusion patterns for both
mBERT settings, highlighting that most errors concentrate on
semantically adjacent intents and underspecified user com-
mands.

To make these confusion patterns more concrete beyond counts,
we provide illustrative English-only short utterances typical of
chat-based EV charging control. For the pause versus disable
cluster, underspecified commands such as ‘Stop it’, “Turn it off’ or
simply ‘Pause’ may be interpreted either as stopping the current
session or making the charger unavailable; a safe mitigation is
to ask a clarification like ‘Do you want to pause the session or
disable the charger? before dispatching any backend action. For
the resume versus enable cluster, brief prompts such as ‘Start
again,” ‘Turn it back on,” or ‘Continue’ can refer to resuming a
paused session or enabling a disabled charger; again, a practical
mitigation is to combine a clarification question with state-aware
wording (e.g., ‘Is the session paused or is the charger disabled?’).
For monitoring intents, statistics versus actual_state can
be confused when users omit temporal markers: ‘Status? or ‘Is
it charging now? should map to actual_state, while ‘How did
it go? or ‘What happened last time?’ are more consistent with
statistics;in addition to clarification prompts, adding targeted
negative examples and emphasizing time cues (‘last, ‘previ-

ous,” ‘today’) helps reduce overlap between these semantically
adjacent classes.

The dominant confusions concentrate on semantically adjacent
intents and on user utterances that can be underspecified at
the surface level. First, session control versus device control is
frequently conflated (pause vs. disable, resume vs. enable),
because many user expressions correspond to a generic goal of
‘stopping’ or ‘starting’ charging without explicitly stating whether
the target is the charging session or the charger state. Second,
monitoring intents can overlap when phrased briefly or in
an imperative style (statistics vs. actual_state), especially
when the prompt does not explicitly mention a time span (‘last
session,” ‘today,” ‘previous charge’) versus instantaneous status
(‘now,’ ‘current status’). Third, support/configuration intents can
be confused when users request assistance in changing a setting
(help misread as token or language) due to shared lexical cues
such as ‘change,” ‘update,” ‘how do I’ and ‘configure.’

These findings motivate two practical mitigations already com-
patible with ReChat’s deterministic execution policy: (i) adding
lightweight disambiguation prompts for ambiguous control verbs
(e.g., ‘Do you want to pause the current session or disable the
charger?’) and (ii) refining intent-specific templates and negative
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TABLE 7 | Macro-F1(%) by evaluation source and paired significance tests (language-specific mBERT vs. pooled multilingual mBERT).

Bootstrap diff

Macro-F1 Macro-F1 (Lang.-spec.—Pooled
Source (Lang.-spec.) (Pooled multi) ny, Ny McNemar p multi) [95% CI], p
Claude (3.5 73.9 73.9 23 25 0.885 —0.24 [ — 8.95, 8.47],
Sonnet) 0.938
Gemini (1.5 78.0 74.6 18 20 0.871 +3.32 [ — 4.31,10.99],
Pro) 0.421
GPT-40 67.1 76.1 27 16 0.126 —9.11 [ — 16.01, —2.64],

0.012

examples for semantically close classes (e.g., statistics vs.
actual_state, pause vs. disable). In addition, deploying a
confidence-based clarification policy (already supported in the
orchestration layer) can prevent execution when the predicted
intent distribution is flat or when the top-2 intents belong to a
known confusion cluster.

5.6.2 | Language-Level Variability

Although Figures 3 and 7 aggregate results by evaluation source,
language-level inspection shows that the relative behaviour of
language-specific mBERT versus pooled multilingual mBERT
can differ substantially by language and prompt distribution. For
example, in the Claude evaluation set, Spanish shows a higher
accuracy for pooled multilingual mBERT than for language-
specific mBERT, whereas English on Gemini shows the opposite
trend. This reinforces the conclusion drawn from the paired
tests: performance differences are sensitive to distributional shifts
introduced by the evaluation source and to cross-lingual transfer
effects, and therefore should be interpreted with caution under
the current corpus size.

6 | Conclusions and Future Work

In this work, we present ReChat, an intelligent multilingual
chatbot for electric vehicle charging management. The system
architecture, the functionalities it offers, and the technologies
used in its development have been described. Additionally, a
comparative evaluation of different approaches for implement-
ing the NLP module was conducted, including conversational
platforms like Voiceflow and transformer-based intent classifiers,
covering Voiceflow w/ GPT, Voiceflow w/ NLP module, language-
specific mBERT, and pooled multilingual mBERT, with a focus on
their effectiveness in supporting conversational reasoning within
task-based dialogue systems.

Our experiments show that LLM-based routing (Voiceflow w/
GPT) achieves the highest intent-classification F1 across lan-
guages in our evaluation. However, for charging-control oper-
ations that must be auditable, predictable, and deployable on-
prem, supervised intent classifiers provide a more controllable
intent-to-action layer and reduce dependencies on third-party
inference services.

The evaluation results demonstrate that supervised mBERT-
based intent classification offers a favourable balance between

accuracy and controllability for ReChat, enabling on-prem
deployment and an auditable intent-to-action layer. In our exper-
iments, pooled multilingual mBERT achieves the highest overall
macro-average across the six languages, while language-specific
mBERT remains beneficial for particular target languages (e.g.,
English and French). Therefore, pooled multilingual mBERT is
the preferred default under our data budget and maintenance
constraints, with language-specific mBERT as an alternative
when optimizing a specific language is the primary goal.

ReChat’s development contributes to the field of vehicular
technology by providing an intelligent solution for managing
electric vehicle charging. Using a chatbot with advanced NLP
capabilities simplifies interactions with charging devices, making
essential charging operations (monitoring, pause/resume and
enable/disable) accessible to all users through natural language,
while optionally exposing advanced configuration parameters
for users who already manage these settings, improving the
overall user experience and operational efficiency in real-world
applications of smart transportation systems.

A key limitation of the current study is the modest size of the
training dataset (1560 utterances), which, despite being balanced
by intent and language, may not capture long-tail phrasing, typos,
code-mixing or regional variants that appear in real deploy-
ments. The constraint of 20 utterances per intent per language
limits the statistical diversity available for training, potentially
reducing the model’s ability to generalize to unseen linguistic
constructions, dialectal variants, and spontaneous user errors
(e.g., typos, autocorrect artifacts, or incomplete commands).
This data-size constraint particularly affects the performance
on semantically adjacent intent pairs (e.g., pause vs. disable)
where additional training examples with explicit disambiguating
cues would strengthen class boundaries. Quantitatively, we esti-
mate that expanding to 50-100 utterances per intent, combined
with targeted data augmentation (back-translation, synonym
substitution and controlled paraphrasing), could yield macro-
F1 improvements in the range of 3-8 percentage points, based
on preliminary ablation experiments on a held-out subset. In
addition, our evaluation relies on test sets generated by large
language models, which provide diversity but may not fully reflect
the distribution of real user interactions. Finally, we acknowledge
that many public charging stations follow a minimal-interaction
paradigm (plug-and-charge); therefore, ReChat is especially rel-
evant in scenarios where conversational control is beneficial,
such as home/workplace chargers under local power constraints,
fleet/depots and tariff- or schedule-aware charging management.
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Beyond these limitations, ReChat can have a positive impact
on the EV charging ecosystem by offering a natural-language,
multilingual interface that makes charging monitoring and con-
trol more accessible and auditable. By mapping user intents
to deterministic backend operations, the system can increase
transparency and user trust, facilitate integration with charging-
management backends (including optimization modules such
as smart charging or load balancing), and reduce interaction
friction for operators and end users (particularly in multilingual
environments and IoT settings).

As future work, we propose integrating ReChat with other instant
messaging platforms and enhancing its compatibility with energy
management systems and smart grids. Additionally, we will
explore incorporating new functionalities, such as modifying
existing charging schedules or optimizing charging based on
dynamic electricity tariffs, further enhancing user interaction.

To improve robustness and generalization, we plan to expand
the training corpus and apply label-preserving data augmentation
techniques (e.g., controlled paraphrasing and back-translation,
noise injection and targeted hard negatives for semantically close
intents). We also plan to complement LLM-generated evaluation
with real-user testing and log-based error analysis, in order to
better approximate practical usage and capture natural variability
in user expressions.

From a multilingual modelling perspective, future work will
also explore: (i) stronger multilingual pretraining backbones for
pooled multilingual mBERT-style training, which could further
exploit the positive cross-lingual transfer effects observed in our
pooled configuration; models, such as XLM-R or mDeBERTa offer
larger multilingual pretraining corpora and improved tokeniza-
tion, potentially reducing the impact of limited per-language
training data and enhancing generalization to dialectal variants
and code-mixing, (ii) lightweight calibration strategies (per-
language thresholds and confidence-based abstention) to reduce
unsafe dispatch under ambiguity and (iii) compact/distilled
variants to further reduce latency and memory footprint for
edge deployments.

Given ReChat’s modular architecture, future work will focus on
strengthening the NLP module under realistic usage conditions.
In particular, we will evaluate stronger multilingual encoders and
compact transformer variants within the same intent-to-action
pipeline, and incorporate confidence-aware clarification strate-
gies to avoid unsafe dispatch under ambiguous user commands.
We also plan to extend the action layer with additional schedule-
management operations (e.g., create/modify/delete schedules)
and tariff-aware charging policies, while preserving deterministic
execution and auditability. These extensions aim to improve
robustness, broaden functional coverage, and further reduce
interaction friction for multilingual EV users.
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