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Abstract

This thesis investigates the operational viability of LLM-based agents for automated taxi request
handling across voice and text channels in a real production environment. Four agents were imple-
mented and deployed in live dispatch traffic at Geolink lda.: the WhatsApp Helper Agent (WAH),
a structured multi-model pipeline using locally deployed Qwen3:30B and Gemma-4-31B-Heretic;
the WhatsApp Conversational Agent (WAC), a fully conversational agent based on GPT 4.1-mini;
the Napoleão voice expansion, a keyword-based voice detection layer built on a local Whisper
model; and the Realtime Napoleão Agent (RTN), a low-latency voice agent built on OpenAI’s
Realtime GPT.

The results show that architectural scope, more than raw model capability, determined pro-
duction viability. The WAH agent reached a service completion rate of 65% and an average
user satisfaction score of 4.79 out of 5, with consistent growth over a three-month deployment.
The Napoleão voice expansion accounted for 14% of voice prompt interactions and demonstrably
served an older demographic at low operational cost. The RTN agent achieved a 53% service rate
in live testing. The WAC agent, equipped with thirteen tools across five functional groups, could
not sustain reliable operation due to hallucinated tool calls, incorrect tool parameterisation and
message loops, and its test was ended early.

The central finding is that, with the models available at viable cost and latency, narrowing
agent scope combined with tool-grounded commitments and explicit human-in-the-loop escalation
outperforms full conversational autonomy in a production dispatch setting. The WAC and RTN
architectures remain valid scaffolding for future models with stronger reasoning capability and
lower cost.

Keywords: Large Language Models, Task-Oriented Dialogue, Conversational Agents, Taxi Dis-
patch Automation, Spoken Dialogue Systems, Automatic Speech Recognition, Human-in-the-
Loop, Multi-channel Deployment
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Chapter 1

Introduction

1.1 Context and motivation

Taxi dispatch services are operationally demanding: they require low-latency interaction, high re-

liability, and resilience to heterogeneous user behavior. In real deployments, taxi requests arrive

through multiple channels, notably voice calls and messaging platforms. Voice calls are partic-

ularly challenging due to poor acoustic conditions, interruptions, and overlapping speech, while

text requests can still be informal, incomplete, and ambiguous. Recent advances in LLMs open the

possibility of improving task-oriented conversational automation by combining natural language

understanding, controlled generation, and tool-assisted grounding.

1.2 Problem definition

The central problem is to determine which agent architectures and deployment strategies are op-

erationally viable for LLM-based taxi request automation across voice and text channels. Rather

than pursue isolated accuracy benchmarks, the thesis prioritizes real-world deployment: iden-

tifying which design patterns (structured intent-routing vs. full conversational agents) scale in

production, which failure modes emerge in live traffic, and how effectively escalation mechanisms

mitigate errors without overwhelming human operators. The evaluation focuses on two channels

(Asterisk voice calls and WhatsApp text messages) operating in a live dispatch environment.

1.3 Objectives

The main objective is to implement and evaluate multiple agent architectures for LLM-based taxi

request automation, deployed in live production traffic. Specifically, the thesis will:

• Implement four distinct agents spanning architectural approaches (structured multi-model

routing vs. conversational end-to-end) and channels (voice via Asterisk and real-time SIP,

text via WhatsApp).

1



Introduction 2

• Deploy each agent incrementally in live traffic, measuring automation completion rates,

operator handoff rates, and failure mode distributions in real operational conditions.

• Evaluate latency, cost, and capability trade-offs across deployment options: local model

inference, cloud API services, and real-time streaming services.

• Document failure modes specific to telephony and messaging (ASR errors, ambiguous loca-

tions, user frustration) and assess how escalation policies and fallback mechanisms mitigate

them.

• Quantify operational impact: reduction in routine operator workload, appropriate escalation

coverage, and user acceptance across agent types.

1.4 Research questions

The work is guided by the following research questions (RQs):

1. RQ1 - Architectural viability: Which agent designs (structured vs. conversational, local

vs. cloud) are deployable in production, and what are the failure rate and hallucination

characteristics of each?

2. RQ2 - Failure modes and mitigation: What categories of errors emerge in live traffic (ASR

failures, location ambiguity, model hallucinations), and how effectively do escalation and

fallback mechanisms prevent dispatch errors?

3. RQ3 - Operational trade-offs: What automation rates can be sustained while maintaining

acceptable escalation rates and user satisfaction, and how does this differ between voice and

text channels?

4. RQ4 - Deployment constraints: How do latency budgets, operational costs, and reasoning

capability constraints shape the choice between local models, cloud APIs, and real-time

services?

1.5 Innovative aspects

• Comparative multi-agent deployment: simultaneous implementation of structured (WAH,

Napoleão) and fully conversational (WAC, RTN) agents in the same operational environ-

ment, enabling direct assessment of architectural trade-offs (reliability vs. capability) under

identical production conditions.

• Live-traffic evaluation: rather than offline benchmarks, agents are tested on actual customer

interactions in live dispatch, capturing real-world failure modes, user behavior, and opera-

tional constraints (noise, ambiguity, user impatience) that lab evaluations typically miss.
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• Staged deployment with early-risk milestone: keyword-based voice escalation (Napoleão

expansion) deployed first to demonstrate proof-of-concept operational value, informing de-

sign of more complex agents (RTN) while minimizing production risk.

• Unified operator experience: web-based chat interface and context-transfer protocols ensure

that escalations from any agent channel provide operators with structured state (inferred

slots, confidence scores, reason for transfer), reducing re-elicitation and improving handoff

efficiency.



Chapter 2

Background

2.1 Operational context

A taxi request arrives over one of two channels: voice, via a telephony stack built on Asterisk

where a speech recognition module converts audio to text, or text, via the WhatsApp API. In both

cases the conversational system must extract a pickup location, a destination, and any additional

constraints (time, passenger count, accessibility needs) before a validated request can be handed to

the dispatch backend. Telephony introduces particular challenges — band-limited speech, packet

loss, and background noise — that directly constrain the quality of the speech-to-text step and

must be accounted for throughout the pipeline.

Once a message is transcribed or received as text, LLMs handle the core conversational tasks:

intent inference, structured slot extraction, response generation, and clarification question selec-

tion. Given the safety-critical nature of dispatch decisions, the system combines LLM output with

deterministic validation rules and explicit escalation paths to human operators whenever uncer-

tainty is high. This thesis focuses on these conversational intake stages; the dispatch backend

is treated as a pre-existing operational component. The scientific techniques underpinning each

stage — spoken dialogue, information extraction, grounding, and human-in-the-loop design —

are surveyed in Chapter 3.

2.2 Industry deployments of LLM-based voice agents

While the scientific literature provides the methodological foundations for robust spoken dialogue,

recent years have also seen an acceleration of industry deployments of AI-driven voice agents in

high-volume transactional settings. These applied systems are relevant to taxi request automation

because they operate under similar constraints: noisy audio, tight latency budgets, rapidly chang-

ing business rules (e.g., menus or policies), and low tolerance for semantic errors. Importantly,

industry reports also emphasize the need for safe fallback and measurable operational impact,

which complements academic evaluation protocols.

4



2.2 Industry deployments of LLM-based voice agents 5

2.2.1 Drive-thru ordering as a high-noise, low-latency benchmark

Drive-thru order-taking has become a prominent application area for conversational voice AI. It

combines strong acoustic mismatch (traffic noise, vehicle cabins, outdoor microphones), short but

high-stakes dialogues, and a requirement to map free-form speech into structured actions over a

constrained ontology (menu items, modifiers, quantities). These characteristics are closely anal-

ogous to taxi calls, where location entities and time constraints must be extracted and grounded

reliably.

A salient example of the maturity challenges in real deployments is the reported termination

of an automated drive-thru ordering pilot by McDonald’s with IBM in 2024, illustrating that even

large-scale trials can be constrained by error modes that are unacceptable in production (e.g., mis-

understandings and recovery breakdowns) [1, 2]. In contrast, other chains have reported continued

investment and scaling efforts. Wendy’s has publicly described its “FreshAI” initiative in partner-

ship with Google Cloud, explicitly positioning it as a generative-AI-enabled system designed to

improve order handling in drive-thru settings [3–5].

More recently, Yum! Brands announced an industry-first collaboration with NVIDIA that

includes “voice automated order-taking AI agents” spanning drive-thru and call-center operations,

highlighting the strategic importance of voice automation at scale [6–8]. These industry-reported

announcements, while not academic evaluations, are useful to motivate the feasibility of large-

scale deployment and to identify recurring engineering constraints: integration with existing POS

and operational systems, robust handling of local language and menu-specific terminology, and

mechanisms for safe transfer to humans when uncertainty persists.

2.2.2 Documented case studies and LLM-based conversational voice ordering

Beyond press releases, some vendors publish case studies that document deployment design choices

and measurable outcomes. SoundHound describes a drive-thru deployment at White Castle where

a branded voice agent (“Julia”) takes orders with human fallback, and the associated public case-

study materials emphasize the importance of rapid response, order completion rates, and seamless

staff handoff [9, 10]. Such case studies are valuable as “applied exemplars” of human-in-the-loop

reliability: they foreground operational metrics (containment vs. transfer rates), and they illustrate

how constraint satisfaction (menu ontology) is enforced in a noisy, real-time environment.

A complementary perspective appears in hardware/solution-provider case studies that explic-

itly mention large language models in drive-thru voice ordering. For example, an Intel case study

describes a multilingual conversational voice AI order taker using an LLM to support context-

aware responses and substitutions, underscoring the practical role of LLMs as orchestration and

dialogue components around constrained business logic [11].

2.2.3 Implications for taxi request automation

These industry deployments suggest three practical lessons that transfer directly to taxi request

automation. First, voice interaction quality is dominated by robustness under noise and by the sys-
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tem’s ability to recover from partial or incorrect hypotheses, rather than by average-case transcript

accuracy alone. Second, high-stakes slots (for taxis: pickup/destination and time) require con-

servative confirmation and tool-grounded commitments, akin to the item/modifier confirmations

in drive-thru ordering. Third, operational success depends on explicit human-in-the-loop designs

and on monitoring metrics that balance efficiency (automation rate, time-to-completion) against

safety and error severity.

Accordingly, including these applied systems in the dissertation background helps frame the

research problem as part of a broader class of real-world voice automation challenges. The sub-

sequent Literature Review then focuses on the scientific techniques needed to meet the reliability

requirements observed in practice.



Chapter 3

Literature Review

The literature review covers the main techniques and failure modes relevant to the design de-

cisions made in this work: task-oriented dialogue architectures, spoken dialogue in telephony,

automatic speech recognition, and human-in-the-loop reliability strategies. Geographic grounding

and historical-data contextualization are covered more briefly, as the agents developed here use

location restriction and history-based suggestion strategies rather than full grounding or personal-

ization pipelines.

3.1 Task-oriented dialogue systems and LLMs

Task-oriented dialogue (TOD) systems aim to help users accomplish well-scoped goals (e.g.,

booking, routing, customer support) by mapping natural language to a structured representation

of intent and slots, maintaining dialogue state over multiple turns, and executing back-end actions

(APIs, database queries) to complete the task [12]. In taxi request automation, TOD requirements

are especially strict: the system must reliably identify pickup and destination locations, temporal

constraints, party size, and special instructions, while managing uncertainty, user corrections, and

operational constraints (e.g., service area, vehicle availability).

3.1.1 Classical modular architectures: NLU–DST–Policy–NLG

The traditional TOD architecture decomposes the problem into (i) natural language understand-

ing (NLU), (ii) dialogue state tracking (DST), (iii) dialogue management / policy learning, and

(iv) natural language generation (NLG) [12]. This modularity enables targeted supervision and

debugging, but also introduces error propagation: ASR/NLU errors can corrupt the belief state

and lead to incorrect actions (e.g., dispatching to the wrong pickup). A principled way to model

uncertainty is to frame dialogue management as a partially observable Markov decision process

(POMDP), where the system maintains a belief distribution over latent user goals and optimizes a

policy under uncertainty [13]. This perspective is particularly relevant for taxi calls where noisy

inputs and ambiguous locations are common.

7
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3.1.2 LLM-centric TOD: end-to-end prompting and tool-augmented agents

LLMs have shifted TOD design toward natural-language prompting and end-to-end reasoning,

often reducing hand-crafted rules and explicit intermediate representations. In an LLM-centric

approach, the model may directly produce (a) a structured action (e.g., JSON function call) and (b)

a user-facing utterance, sometimes in a single generation step. The benefit is rapid adaptation and

broad linguistic coverage; the risk is reduced controllability and higher variance across prompts,

temperature settings, or out-of-distribution user behavior.

A common mitigation is to combine LLMs with explicit tool use, where the model decides

when to call external functions (e.g., geocoding, pricing, dispatch creation) and how to incorpo-

rate their outputs. Toolformer demonstrates a self-supervised approach in which language models

learn to insert API calls during generation to improve factual and functional performance [14].

ReAct similarly interleaves reasoning traces and actions, showing that explicit action steps can

reduce error accumulation in multi-step tasks [15]. For operational TOD, these ideas support an

“agentic” architecture: the LLM acts as an orchestration layer, while correctness-critical opera-

tions are delegated to deterministic tools.

However, production TOD typically requires adherence to predefined flows (e.g., confirm

pickup → confirm destination → confirm time → dispatch), especially in safety-critical domains.

FLAP proposes constrained decoding to enforce workflow and API dependency constraints during

generation, improving faithfulness to allowed action sequences without requiring extensive fine-

tuning [16]. For taxi request automation, such constraints can encode domain policies (e.g., do

not dispatch without an unambiguous pickup; require confirmation when geocoding confidence is

low), making LLM behavior more predictable and auditable.

3.1.3 Controllability and safety: hallucinations, inconsistency, and prompt sensi-
tivity

A central concern for deploying LLMs in TOD is hallucination: producing plausible but incorrect

statements or parameters (e.g., fabricating a street name, asserting a booking succeeded without an

API confirmation). Hallucination has been extensively documented and categorized in recent sur-

veys, including taxonomies, detection strategies, and mitigation approaches [17]. In taxi automa-

tion, hallucinations can translate into operational failures with real-world consequences (wrong

pickup, incorrect ETA, or unintended cancellations). Therefore, LLM outputs should be treated as

proposals that must be validated against tools and constraints rather than as authoritative truth.

Practical controllability strategies include:

• Schema-constrained outputs: require the model to emit typed slots (pickup_lat, pickup_lon,

pickup_confidence, etc.) and reject or repair invalid structures before execution.

• Tool-grounded commitments: only confirm actions (e.g., “Your taxi is booked”) after

receiving a successful response from the dispatch API.
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• Flow constraints and guarded transitions: restrict allowable next actions (e.g., via con-

strained decoding [16]) and force explicit confirmation when ambiguity remains.

• Uncertainty-aware dialogue: use confidence thresholds to trigger clarification questions

or escalation, echoing classical belief-based strategies [13].

3.1.4 Evaluation: operational metrics for production deployment

Formal benchmark metrics such as joint goal accuracy (JGA) or slot F1 on annotated corpora are

difficult to apply to a deployment-first study. In practice, the operationally relevant measures are:

automation completion rate, operator handoff rate and reason distribution, user satisfaction, and

failure mode frequency. These are the metrics used throughout this thesis, motivated by surveys

that emphasize corpus-based metrics can fail to predict real interactive performance in live settings

[18, 19].

3.2 Spoken dialogue systems in telephony

Telephone calls remain a high-volume channel for taxi requests and impose constraints that are

materially different from app- or chat-based interactions. Compared to text, telephony introduces

acoustic degradation (band-limited speech, environmental noise), interactional phenomena (barge-

in, disfluencies, overlap), and stringent latency expectations, all of which amplify error propa-

gation from ASR to downstream dialogue decisions. This section reviews the main telephony-

specific challenges and the stabilization techniques typically used to maintain robustness and safe

task completion, with particular emphasis on turn-taking, confirmation, and non-understanding

recovery policies. These considerations motivate the ASR robustness and confidence-estimation

methods discussed in the following section.

3.2.1 Telephony as a constrained acoustic and interaction channel

Despite the rise of mobile applications, telephone calls remain a high-volume entry point for on-

demand mobility in many markets, and they impose distinctive constraints on spoken dialogue sys-

tems (SDS). First, the acoustic channel is often band-limited (classically narrowband telephony),

with additional distortions introduced by handset variability, background noise, packet loss (VoIP),

and conversational overlap. These factors interact with ASR errors and latency, amplifying the risk

of downstream dialogue failures (e.g., incorrect pickup grounding). Telephony therefore favours

designs that explicitly manage uncertainty and minimize the cost of misunderstandings through

rapid repair and confirmation.

Second, the interaction is audio-only and typically time-pressured: callers may be distracted,

multi-tasking, or speaking from noisy environments, and they often expect fast progress rather than

exploratory dialogue. From a grounding perspective, this raises the cost of extended clarification

sub-dialogues and makes efficient confirmation crucial [20, 21].
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3.2.2 Turn-taking, endpointing, and barge-in

Turn-taking is a core determinant of perceived naturalness and efficiency in telephony SDS. Un-

like text chat, voice interaction is sensitive to timing: premature system responses can interrupt

the caller, while delayed responses create awkward gaps that callers may interpret as failure. End-

pointing decisions (when the system decides the user has finished speaking) are therefore not

merely an ASR detail, but an interaction policy choice that affects dialogue flow and task success.

A large line of work treats endpointing and turn transitions as decision problems that trade off

latency against the risk of cutting the user off. Classic approaches optimize endpointing thresholds

using dialogue features [22] and model turn-taking with explicit state machines [23]. More recent

research emphasizes incremental and predictive turn-taking: the system continuously estimates

whether the user will continue, enabling earlier planning of responses and more human-like timing

[24–27]. For taxi request automation, these models matter operationally because callers frequently

produce incremental information (“é na Rua X... não, afinal na Avenida Y”) and may interrupt

prompts once they realize what the system is asking.

An emerging direction is full-duplex spoken interaction, where the agent can listen and speak

simultaneously, enabling backchannels and mid-utterance repairs analogous to human conversa-

tion. Duplex modelling work highlights both the promise (lower interactional latency) and the

engineering challenges (e.g., coherence of chunked generation and synthesis) [28, 29]. While

many production IVR systems remain effectively half-duplex (prompt-then-listen), duplex capa-

bilities are particularly attractive for short, transactional calls such as taxi bookings, where time-

to-dispatch is a primary KPI.

3.2.3 Disfluencies, repairs, and grounding under uncertainty

Telephone speech is rich in disfluencies (filled pauses, repetitions, self-repairs) and often includes

partial or evolving commitments about locations and times. Robust SDS must therefore distinguish

between content-bearing information and repair phenomena, and they must support conversational

mechanisms that restore shared understanding efficiently. Grounding theory motivates explicit

acknowledgement and confirmation acts as a way to establish mutual belief about critical slots

[20]. In practice, this often takes the form of mixed-initiative strategies: the system confirms

uncertain fields while allowing the user to supply missing information in any order.

Recent reviews of conversational breakdowns emphasize that repair is not a single mecha-

nism but a family of strategies deployed by both the system and the user (repetition, rephrasing,

elaboration, specificity escalation), and that poorly chosen clarification requests can increase frus-

tration and prolong calls [30]. For taxi automation, repairs frequently arise from ambiguous to-

ponyms, near-homophones, and landmark-based referring expressions; effective strategies include

(i) proposing short candidate lists, (ii) confirming at the granularity that matches uncertainty (street

vs. number vs. landmark), and (iii) switching from open questions to constrained prompts when

repeated failure signals a need for tighter control.
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3.2.4 Non-understanding detection and recovery policies

A distinguishing feature of telephony SDS is the prevalence of non-understandings (the system

cannot form an interpretation) and misunderstandings (the system forms an incorrect interpreta-

tion). Production systems typically incorporate confidence-based rejection and explicit recovery

policies. Bohus and Rudnicky show that rejection thresholds induce a non-trivial trade-off be-

tween rejecting too often (causing unnecessary clarifications) and accepting low-confidence hy-

potheses (causing costly misunderstandings), and propose principled optimization methods [31].

They further analyze non-understanding recovery strategies empirically and demonstrate that dif-

ferent recovery moves have different success profiles [32]. Beyond hand-tuned heuristics (e.g.,

“repeat → help → transfer”), online learning can be used to adapt recovery policies over a set of

strategies while respecting operational constraints [33].

For taxi request automation, recovery policies should be aligned with domain risk: a mis-

understanding of pickup location is typically more severe than a misunderstanding of passenger

count. This motivates asymmetric policies where low confidence in geocoding triggers stronger

confirmation, while low confidence in secondary slots may trigger softer, implicit confirmation.

Importantly, recovery should remain task-progressive: each repair step should either reduce uncer-

tainty (e.g., by narrowing candidates) or trigger escalation to a human operator when uncertainty

remains high after a bounded number of attempts.

3.2.5 Evaluation for telephone-based spoken dialogue services

Evaluating telephony SDS requires connecting component-level metrics (ASR accuracy, slot error

rate, latency) with user-perceived service quality and operational outcomes. PARADISE pro-

vides an influential framework that relates task success and dialogue costs to an overall perfor-

mance function, enabling comparisons of dialogue strategies beyond raw recognition metrics [34].

For telephone-based services specifically, quality-of-service taxonomies emphasize that perceived

quality depends not only on correctness but also on interactional factors such as responsiveness,

error recovery, and conversational efficiency [21].

In taxi dispatch settings, evaluation should therefore combine: (i) end-to-end task success

under realistic telephony noise; (ii) time-to-dispatch and turns-to-completion; (iii) repair burden

(frequency and depth of clarification sub-dialogues); and (iv) handoff rates with reason codes (low

confidence, repeated failures, user request). This mixed evaluation view is essential because im-

provements in one dimension (e.g., more confirmations) may increase call duration while reducing

costly errors, and the optimal point depends on operational constraints and safety requirements.

3.3 Speech recognition for noisy environments

Automatic speech recognition (ASR) is a critical enabling component for fully automated taxi re-

quest handling in telephony and voice channels. In practice, taxi calls are affected by strong acous-

tic and channel variability (e.g., background traffic, in-car noise, speakerphone, mobile codecs),
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which makes robustness and uncertainty-aware downstream handling as important as raw word

error rate (WER).

3.3.1 ASR in taxi call automation: challenge profile and model selection

Voice channels introduce strong acoustic variability: background traffic, in-car noise, speaker-

phone, and telephony compression artifacts. Robust ASR requires balancing transcription accu-

racy, latency, and deployment overhead. For the voice agents in this work, OpenAI’s Whisper

was selected: a large-scale weakly supervised model with strong cross-domain robustness that

avoids the need for domain-specific fine-tuning, augmentation pipelines, or custom bias lists [35].

The accepted trade-off is that Whisper operates non-streaming (recording and then transcribing

a fixed-length utterance), which introduces predictable latency but simplifies pipeline integration.

The key limitation observed in practice was transcription accuracy under heavy noise and strong

accents, which motivated the use of confidence-threshold fallback rather than attempting to correct

ASR output downstream.

3.3.2 Confidence estimation and risk-aware downstream decisions

In taxi request automation, an ASR transcript is not an end in itself; it is an input to downstream

dialogue management and dispatch actions. Consequently, the ASR should output not only text

but also calibrated confidence at appropriate granularities (token, word, and utterance), enabling

risk-aware policies: ask clarification questions, confirm critical entities, or escalate to a human

operator.

Confidence estimation in end-to-end ASR has been studied both from an evaluation perspec-

tive and through model-based predictors trained to detect errors. Oneata et al. provide a systematic

evaluation of word-level confidence methods for end-to-end ASR, highlighting practical baselines

and calibration-oriented approaches [36]. Other approaches train dedicated confidence modules,

including multi-task formulations that jointly predict word confidence and deletion events, which

is important because end-to-end outputs may omit critical words that never appear as explicit

hypotheses [37]. Complementary work proposes residual energy-based models that can act as

utterance-level confidence estimators while also improving recognition quality [38].

Operationally, confidence should be used to enforce tool-grounded commitments: for example,

a system should not confirm a pickup location solely based on a low-confidence named-entity

hypothesis. Instead, it should trigger targeted confirmation (e.g., repeating the inferred street and

municipality), or perform constrained re-asking focused on the uncertain span. This design links

ASR uncertainty to dialogue policy in a principled way: uncertainty should drive clarification,

disambiguation, or escalation rather than being treated as an internal diagnostic.
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3.4 Information extraction and geographic grounding

Automating taxi requests requires converting conversational utterances into (i) a structured request

object (pickup, destination, time, passengers, constraints) and (ii) grounded geographic entities

that can be mapped to coordinates and operational regions. In real deployments, the difficulty is

not only extracting the correct slots, but ensuring that each extracted location is actionable: it must

be resolvable to a precise point or polygon with adequate confidence, under noisy ASR transcripts,

partial addresses, colloquial references, and local naming conventions.

3.4.1 Slot extraction as spoken language understanding

Slot extraction in task-oriented systems is commonly framed as sequence labeling (token-level

tagging) paired with utterance-level intent detection, often trained jointly to exploit dependencies

between global intent and local slot spans [39]. Transformer-based encoders have become standard

for this setting: fine-tuning BERT-style representations for joint intent classification and slot fill-

ing yields strong results on canonical SLU benchmarks and improves robustness to rare or domain-

specific lexical items [40]. In practical taxi automation, this matters because pickup/destination

mentions are frequently sparse, abbreviated, or include uncommon named entities (e.g., minor

landmarks).

In addition to fully neural encoders, production SLU stacks often benefit from hybridization

with sparse features and domain dictionaries. DIET (Dual Intent and Entity Transformer) exem-

plifies this pragmatic design: it pairs transformer representations with additional sparse signals in

a multi-task architecture for intent and entity prediction, a combination that can be advantageous

when labeled in-domain data is limited [41]. For taxi requests, domain lexicons (street names,

POIs, hospitals, transit hubs) can be injected at multiple points: as gazetteer features for candidate

generation, as contextual bias in decoding, or as post-hoc validators of extracted spans.

A recurring challenge is that the “correct” slot value is not merely a span of text but an op-

erational variable. For example, “Aeroporto” may be a valid destination mention but must be

resolved to a specific airport terminal or entrance consistent with the service area and dispatch

conventions. Consequently, the extraction module should output not only slot values but also un-

certainty measures (e.g., confidence, alternative hypotheses), which can trigger clarification turns

or tool-based verification.

3.4.2 Structured extraction and schema validation in LLM-centric stacks

Recent deployments increasingly use LLMs to produce structured outputs directly (e.g., typed

JSON objects) and to orchestrate tool calls (geocoding, routing, pricing, dispatch APIs). While

this can reduce feature engineering, it introduces new failure modes: schema violations (missing

fields, wrong types) and confident but incorrect slot values. A practical response is to treat the

model output as a proposal and enforce strict post-validation. For instance, function-calling fine-

tuning and multi-task supervision have been studied explicitly to improve tool-oriented structured
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generation [42]. Complementarily, post-processing layers that transform unconstrained model text

into schema-compliant records (while preserving content) have been proposed to raise reliability

in structured generation settings [43]. In taxi automation, this “extract–validate–ground” pattern

supports auditable pipelines where downstream actions are executed only after schema checks and

tool-grounded confirmation.

3.4.3 Geographic grounding

Full geocoding pipelines (toponym resolution, candidate disambiguation, fuzzy matching against

gazetteers) are beyond the scope of the agents developed in this work. Location ambiguity is in-

stead addressed at the agent level: the RTN agent restricts pickup locations to a pre-defined set

of the caller’s most frequent addresses, while the WAC agent uses service-area coverage checks,

delegating unresolvable cases to human operators rather than attempting autonomous address dis-

ambiguation.

3.4.4 Taxi-Link as a data and deployment case study

In addition to general-purpose geoparsing and geocoding benchmarks, the taxi domain has ben-

efited from real operational datasets and deployment-oriented studies that expose geographically

grounded failure modes under realistic constraints. A notable example is the Porto taxi trajectory

dataset released in the context of the ECML/PKDD 2015 Discovery Challenge and later mirrored

by the UCI Machine Learning Repository [44]. The dataset comprises a full year of trajectories for

hundreds of taxis in Porto and includes variables that reflect dispatch context (e.g., whether a trip

was dispatched by a central, anonymized caller identifiers for centrally dispatched trips, taxi-stand

identifiers, and a polyline with GPS samples), enabling research on origin/destination inference

and operationally constrained prediction.

This dataset has been repeatedly used by the research community as a reference for mobility

prediction tasks. For example, Lan et al. leverage it as one of their real-world evaluation datasets

for travel time estimation, explicitly citing the Porto taxi trajectory dataset and its public avail-

ability [45]. While trajectory prediction is not itself a geocoding problem, it is tightly coupled to

geographic grounding in taxi automation: origin and destination hypotheses must be mapped to ac-

tionable coordinates and validated against service constraints (coverage areas, stand conventions,

plausible routes and travel times).

Complementarily, deployment-oriented work in the Taxi-Link ecosystem shows how geo-

graphic grounding interacts with conversational automation in telephony. Ribeiro’s master’s thesis

describes a real call-center IVR setting where historical caller data is used to predict and propose

pickup locations, which must then be confirmed and grounded to operational addresses before

dispatch [46]. Together, these sources motivate grounding pipelines that (i) separate candidate

generation from disambiguation, (ii) enforce explicit confirmation under uncertainty, and (iii) in-

strument error severity (e.g., wrong street vs. wrong municipality) to reflect dispatch risk.
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3.5 Contextualization using historical user data

Contextualization leverages past interactions to reduce ambiguity and shorten the path to task

completion. In taxi request automation, historical signals are particularly valuable because many

callers exhibit strong regularities: recurring pickup points (e.g., home, workplace), habitual time

windows, and stable service preferences. When the system can condition its hypotheses on caller

identity and context, it can move from “extract everything from scratch” to a predict–confirm

interaction style, where the main role of dialogue is to validate high-probability candidates rather

than to elicit all slots from first principles.

3.5.1 Retrieval and ranking of top-k candidate locations

A practical framing of contextualization is to treat the next pickup (and, when applicable, desti-

nation) as a ranking problem: given a caller identifier and the current context, retrieve the most

plausible candidates from that caller’s historical set and/or from a population-level candidate pool.

The output is a top-k list that can be presented for confirmation (e.g., “Is the pickup at Rua X?

Press 1 for yes, 2 for no...”) or used to bias downstream modules (ASR, NLU, and geocoding).

This approach is attractive in telephony because it enables low-latency interactions with minimal

cognitive load and can be aligned with deterministic validation logic.

In a real taxi call-center setting, Ribeiro’s dissertation demonstrates this principle through

pickup-address forecasting conditioned on each customer’s call history [46]. The proposed pipeline

combines (i) an unsupervised clustering stage that groups geographically proximate pickup points

and (ii) a supervised classification stage that predicts the next pickup based on historical patterns

and temporal features [46]. Importantly, the system operationalizes prediction as top-k suggestion:

after predicting a cluster or class, a readable address suggestion is produced (e.g., by selecting the

most frequent address within the predicted cluster), enabling an IVR to confirm the hypothesis

with the caller [46]. The same work reports integration into an operational IVR (“Napoleão”)

where callers validate the suggested pickup using DTMF input, providing an end-to-end template

for “history-conditioned suggestion + explicit confirmation” in telephony [46].

This approach directly informs the RTN agent design in this work, where each caller’s five

most common pickup locations are used as the candidate set, operationalising the predict-then-

confirm pattern from [46] within a voice interaction.

3.6 Human-in-the-loop fallback and operational reliability

In real-world taxi request automation, human-in-the-loop (HITL) mechanisms are not merely a

contingency plan but a core reliability layer: they provide a safety net against recognition errors,

ambiguous grounding, and unanticipated conversational behavior, while preserving user trust and

service continuity. In telephony settings, the cost of unresolved uncertainty can be operationally

high (e.g., dispatching to an incorrect pickup) and socially salient (e.g., customer frustration after

repeated clarifications). Accordingly, robust systems operationalize HITL as an explicit part of the
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dialogue policy, defining when to escalate, what information to transfer, and how to quantify the

trade-offs between automation rate and service quality.

3.6.1 Escalation triggers and transfer policies

A classical and still highly relevant perspective is to treat non-understanding and misunderstand-

ing as distinct failure modes that demand different recovery strategies. Empirical analyses of spo-

ken dialogue breakdowns show that non-understanding events (e.g., ASR failure, out-of-grammar

input) often require targeted repair prompts or explicit confirmation, whereas misunderstandings

can propagate silently and may only surface later as operational errors [47]. In telephony-based

taxi ordering, the latter is especially problematic because the dialogue can remain locally fluent

while gradually drifting toward an incorrect pickup, destination, or time constraint.

From a policy standpoint, escalation triggers can be grouped into three complementary fami-

lies:

(i) Confidence- and uncertainty-driven triggers. Confidence signals can originate at multiple

layers: ASR (word/utterance confidence), NLU (intent/slot confidence), and downstream ground-

ing (e.g., multiple plausible pickups after geocoding). When the system cannot reduce uncertainty

below a domain-specific threshold through clarification (e.g., “Which of these two streets do you

mean?”), escalation is preferred over continued probing. A key insight from prior work is that re-

covery should be adaptive: instead of fixed scripts, systems can learn when to ask a clarification,

when to confirm, and when to transfer [33]. This is particularly relevant for taxi calls, where time

pressure and caller impatience constrain the number of repair turns that remain acceptable.

(ii) Interaction-pattern triggers. Repeated repair loops (e.g., multiple failed confirmations, re-

peated “I didn’t catch that” events) are a strong operational signal that the dialogue is unlikely to

converge within an acceptable number of turns. In practice, escalation policies often use bounded

retry budgets (e.g., after k repair attempts) combined with severity-aware rules (e.g., a single un-

resolved ambiguity in the pickup may justify escalation earlier than an ambiguity in the number

of passengers). This aligns with telephony realities: a short and successful human takeover is

frequently preferable to a prolonged automated interaction with a high risk of error.

(iii) User-driven and affective triggers. Even when the system remains technically capable of

continuing, explicit requests such as “I want to speak to a person” should be treated as authorita-

tive escalation triggers. Additionally, pragmatic cues of frustration (barge-ins, repeated negations,

sighs, prosodic changes) are well-known predictors of deteriorating user experience in spoken

systems. While robust affect modelling is outside the scope of many deployments, lightweight

proxies—such as rapid turn-taking, repeated corrections, or negative lexical markers—can be in-

tegrated as conservative escalation signals.

Taxi-call automation in operational settings provides a concrete illustration of these principles.

In the Taxi-Link context, Ribeiro’s thesis describes an IVR workflow in which an automatic agent
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suggests a predicted pickup address and the caller can either accept via DTMF or transfer to a

human operator, making escalation an explicit and user-controlled branch of the flow [46]. This

design embodies a pragmatic stance: automation is pursued where confidence is high, but human

support remains immediately available to preserve service quality.

3.6.2 Context transfer and operator-facing summarization

Escalation quality depends not only on when the system transfers but also on what it transfers.

Without structured context transfer, handoff can paradoxically increase total workload (operator

time plus caller repetition), undermining the purpose of HITL. Consequently, robust architectures

treat the operator as a downstream “consumer” of the dialogue state, requiring a concise, faithful,

and action-oriented summary of what the system inferred and why it escalated.

A practical operator handoff package typically includes:

• Current hypothesis state: normalized pickup/destination candidates (top-k), time con-

straints, passenger count, and special instructions.

• Confidence and evidence: confidence scores, grounding evidence (e.g., matched land-

mark), and ambiguity sources (e.g., two streets with similar names).

• Dialogue trace (compressed): the minimal subset of turns explaining the state and user

corrections.

• Reason for escalation: which trigger fired (low confidence, repeated repairs, explicit re-

quest), enabling operators to calibrate trust in the inferred state.

Recent work in industry-track dialogue summarization supports the feasibility of incremen-

tal note-taking that reduces agent context-switching costs while retaining human oversight. Wu

et al. describe a production-deployed incremental note generation workflow with quality con-

trol and an “agent-edits” feedback loop, reporting measurable reductions in handling time while

maintaining agent satisfaction [48]. While their setting is text-based customer support, the archi-

tectural implication generalizes to telephony: the automation system can continuously maintain

an operator-readable state summary, updated after each high-information turn (e.g., location men-

tions, corrections), so that if escalation happens the operator receives an immediately actionable

snapshot rather than a raw transcript.

More broadly, hybrid human–AI support paradigms emphasize that the goal is not necessarily

full replacement but collaboration: the AI can act as a “silent assistant” that monitors the inter-

action and prepares structured help for the human agent [49]. In taxi call centers, this framing is

particularly natural because operators are already embedded in workflows where speed and cor-

rectness dominate, and where partial automation (e.g., pre-filling pickup suggestions) can produce

large efficiency gains even when full autonomy is unattainable.
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3.6.3 Measuring operational impact under quality and safety constraints

Finally, HITL strategies must be evaluated as part of an end-to-end operational system rather than

as isolated dialogue behaviors. A useful measurement approach distinguishes between efficiency

metrics and quality/safety metrics, acknowledging that improvements in one can degrade the other.

Efficiency and workload metrics. Common indicators include automation containment rate

(fraction of calls completed without operator involvement), mean time-to-dispatch, number of

turns per successful dispatch, and operator workload reduction. However, these metrics are only

meaningful when controlled for call mix and difficulty (e.g., ambiguous pickups vs routine callers).

Quality and safety metrics. Quality must account for error severity, not just frequency. For taxi

automation, a single wrong pickup can dominate the cost profile relative to many benign clarifi-

cations. Therefore, systems should track: (i) wrong-dispatch rate, (ii) cancellation or re-contact

rates attributable to automation errors, and (iii) escalation appropriateness (how often escalation

prevented an error versus how often it was unnecessary). Recent work on actionable conversational

quality indicators (ACQIs) provides a complementary lens: instead of scoring conversations only

globally, it proposes turn- and conversation-level indicators that can be tied to concrete improve-

ment actions, helping practitioners identify which failure types most harm user experience and

how to address them [50].

Closing the loop via operator feedback. An important advantage of HITL architectures is that

operator interventions can become training signals: operator-corrected slots, final dispatch out-

comes, and escalation reasons form a high-value stream of supervision for improving both recog-

nition components and the escalation policy itself. Systems that explicitly incorporate human ed-

its—either online (immediate correction) or offline (periodic retraining)—can therefore improve

over time without sacrificing safety guarantees [48].

Overall, human-in-the-loop fallback should be viewed as a first-class design objective for

telephony-based taxi automation: it enables conservative error handling under uncertainty, pre-

serves customer trust, and provides a practical mechanism for continuous system improvement

grounded in real operational feedback [33, 46, 47].



Chapter 4

Models and Model Deployment

One of the most pressing issues with the implementation of a user facing agent is the need to keep

the response time low (latency). As one of the biggest concerns in this project it was imperative

that the model and agentic solutions used keep this time low while not compromising other aspects

of the project.

4.1 The balance problem

This was one of the first problems to solve, there exists a need to balance between three different

aspects when selecting for LLM model to use as a base to the agents developed:

Latency The response time of the model, this needs to be kept low in order to keep a proper

conversational flow between agent and user.

Usability/Intelligence The ability of the model to handle the instructions, tools and flexibility

given to it as an agent.

Cost The cost of running the models, this being energy, money or resources.

There is a need to balance between these three, but this balance will look different depending

on the objective at hand. To solve these problems there are only two actionable ways of imple-

mentation, local deployment or use of a service, this is then compounded by the choice of model

that will serve as base to the agents developed.

4.2 Local deployment

Local deployment is defined by an upfront investment cost followed by low cost of operation and

usually limited computing power which limit both the latency and usability. This makes it difficult

19
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to use this setup for the more complex and competent agents. However, that still makes it useful

to run simpler models for less computational expensive tasks.

4.2.1 Hardware Setup

In almost all implementations of a local model, for the purpose of agent building or otherwise,

there is a need for fairly strong hardware. Two computers were used for this project a custom-built

pc equipped with an AMD Ryzen 9, an Nvidia GeForce RTX 5090 and 64 GB of RAM, and a

Dell pro max gb10.

Two different machines were used due to the different strengths that they processed. The

custom-built pc presented a strong deployment environment with its GPU, but remained limited in

the size of model that it could handle due to the present VRAM limit. A GPU’s integrated RAM

memory enables it to fasten the inference speeds of a model, this memory serves as a size limit

to the models that can be deployed and a sharp drop in performance occurs when it is passed and

there is a need to use the non GPU memory. This made this pc the best option for smaller models

that must have low latency.

The Dell pro max gb10, while also possessing a strong GPU, has a 128 GB unified ram pool.

This coherent pool is shared between the GPU and the CPU which allows for the full use of the

machine’s RAM without any sharp drops in performance. This serves as a trade-off to the fact that

this type of architecture makes the GPU memory access inherently slower as it is less integrated

with the GPU. This machine is purpose built for the deployment of larger scale local models and

was the best option of the two for stronger models at the cost of higher latency.

4.3 OpenAI as a service

Local deployment isn’t suitable for all applications, for the bigger and more complex models

needed for more capable agents the only feasible option is the use of remote model services. These

services are provided by many companies with each having pros and cons depending on what is

needed. Of all the biggest and more reliable providers, at the time of development, OpenAI was

the only service that could provide a model needed to make a real time voice agent.

4.4 Models

As stated previously, the balance of the three main attributes is an essential part of development

and served as a guide for the model choice. Each different facet of the project called for different

priorities depending on function and intent.

In a text based agent the need to respond quickly, while important, isn’t the biggest concern as

the nature of text messaging leaves a generous margin to respond, this lets the model selected be

cheaper to use and more intelligent.

The Voice model, on the other hand, has to have a low latency to be useful for a user facing

agent, the agent needs to be able to speak in quick succession and in a way that mimics natural
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language as to support a conversation. This emphasis on low latency forces the cost to be higher

than preferable and the Intelligence of the model to be lower than ideal.

4.4.1 Text Models

For the text agents two models were selected as a base, these were selected in order to fulfill a

specific composition of needs depending on its function.

4.4.1.1 Qwen3:30B

For the first text agent there was a need for a model capable of handling simpler and faster tasks

while maintaining low operational cost. For this purpose the Qwen3:30B model was selected and

deployed locally through Ollama.

The model was hosted through an Ollama instance, allowing the agent to access the model

through local API calls instead of relying on external services. This reduced operational costs

significantly and removed dependency on external providers for simpler interactions.

Qwen3:30B is a general purpose language model designed for conversational interaction, in-

struction following and text generation tasks. Within the agent the model was mainly responsible

for simpler requests, shorter conversations and tasks that required fast response times.

One of the main advantages of this model was inference speed when compared to larger and

more capable models. Since many user interactions did not require advanced reasoning, using a

lighter local model allowed the system to respond more quickly while reserving larger models for

more demanding tasks.

In order to make local deployment possible both Qwen3:30B and Gemma-4-31B-Heretic had

to be quantized. Quantization reduces the numerical precision of the model weights, lowering

memory usage and computational requirements while allowing the models to run on more limited

hardware. This made it possible to deploy both models locally without the need for enterprise

level GPU infrastructure.

The local deployment also allowed greater control over the system configuration and reduced

token based operational costs associated with remote APIs. However, this approach introduced

hardware limitations as running a 30B parameter model locally requires considerable computa-

tional resources, particularly GPU memory.

Compared to larger language models, Qwen3:30B also demonstrated weaker reasoning ca-

pabilities in longer or more complex interactions. This made it less suitable for tasks requiring

deeper contextual understanding or more advanced conversational behavior.

Despite these limitations, the model provided an effective balance between speed, cost and

capability for lightweight interactions and simpler processing tasks within the agent.
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Figure 4.1: Qwen3:30B model statistics

4.4.1.2 Gemma-4-31B-Heretic

For more complex interactions a second model was integrated into the same text agent, the Gemma-

4-31B-Heretic model. While Qwen3:30B was responsible for faster and simpler tasks, Gemma-4-

31B-Heretic was used in situations that required stronger reasoning capabilities and more detailed

responses.

The use of two different models inside the same agent was intended to balance latency and

intelligence more effectively. Simpler requests could be processed quickly using the lighter model,

while more demanding tasks could be routed to the larger model even if this resulted in increased

response time.

Gemma-4-31B-Heretic demonstrated stronger contextual understanding and better performance

in longer conversations and multi step reasoning tasks. This made it more suitable for handling

complex prompts, detailed explanations and interactions requiring more consistent conversation

continuity.

Like Qwen3:30B, the Gemma-4-31B-Heretic model also had to be quantized in order to be

used locally. Without quantization the memory and computational requirements of the model

would exceed the capabilities of the available hardware. Although quantization can slightly re-

duce model accuracy, the reduction in resource usage made local deployment practical while still
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maintaining acceptable performance.

The larger size of the model however introduced higher computational requirements and slower

inference speeds. Compared to Qwen3:30B, response generation was noticeably slower, making

it less appropriate for lightweight interactions where quick responses were more important than

advanced reasoning.

Like the Qwen model, Gemma-4-31B-Heretic was deployed locally. This avoided recurring

API costs and provided greater control over deployment and configuration, but also increased

hardware requirements considerably due to the size of the model.

Using both models together allowed the agent to dynamically balance performance and capa-

bility depending on the complexity of the request. Faster interactions could be handled efficiently

by Qwen3:30B while more demanding tasks were delegated to Gemma-4-31B-Heretic. This archi-

tecture improved the overall responsiveness of the system without sacrificing the ability to handle

more advanced interactions when necessary.

Figure 4.2: Gemma-4-31B-Heretic model statistics

4.4.1.3 GPT 4.1-mini

For the second agent there was a need for a model capable of natural language conversation, this

required a more capable LLM model. For this selection the GPT 4.1-mini model was chosen. This
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model provided a balance between response time, cost and reasoning capability, making it suitable

for a conversational text agent while still remaining viable for continuous use.

GPT 4.1-mini is part of OpenAI’s GPT 4.1 family of models and is designed for general

purpose conversation and instruction following. Compared to smaller and faster models it is capa-

ble of handling more complex prompts and maintaining more coherent conversations over longer

interactions. This was important for the text agent as it needed to maintain context while also

following system instructions and using external tools.

One of the more important features for this project was the support for large context windows.

This allows the model to process longer conversations and larger prompts without immediately

losing previous information. In practice this made it possible to maintain conversation history

while also using detailed system prompts to guide the behavior of the agent.

Another important feature was support for structured outputs and tool calling. Through the

OpenAI API the model can generate outputs that follow predefined formats such as JSON struc-

tures and tool calling. This made communication between the model and backend systems more

reliable and allowed the agent to interact with APIs and memory systems with fewer formatting

errors.

The model also supports multimodal inputs through the OpenAI platform, allowing both text

and image information to be processed in the same request. While these features were not used

directly in the implementation of the project, they provide useful possibilities for future develop-

ment, especially for WhatsApp based applications involving image analysis or document process-

ing.

The model is accessed remotely through OpenAI API services instead of being deployed lo-

cally. This removes most of the computational load from the local machine and avoids the need for

dedicated GPU hardware. Requests are processed on OpenAI infrastructure and returned through

HTTPS API calls. This simplified deployment considerably and made it easier to support multiple

simultaneous users.

One of the main disadvantages of this approach is operational cost. The API pricing model is

based on token usage, meaning that larger prompts and longer conversations increase the cost of

operation. Because of this there was a need to carefully manage prompts and conversation history

in order to reduce unnecessary token usage while still maintaining conversation quality.

Latency was also an important factor in the model selection. Although GPT 4.1-mini is opti-

mized for faster inference than larger models, it is still slower than lightweight models specifically

designed for very low latency tasks. For a text based application this tradeoff was acceptable as

the improved conversation quality and reasoning capability justified the increase in response time.

Prompt engineering also played an important role in the implementation of the agent. Sys-

tem prompts were used to define the behavior, restrictions and personality of the model. Careful

prompt structure helped improve consistency and reduced undesirable responses such as format-

ting issues or hallucinated information.

The choice of GPT 4.1-mini represented a balance between capability and deployment limi-

tations. Larger models provided better reasoning capabilities but increased both cost and latency,
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while smaller models were faster and cheaper but less reliable in longer interactions. GPT 4.1-

mini provided the most balanced solution for the requirements of the project and allowed the

development of a responsive and reliable conversational agent.

Figure 4.3: GPT 4.1-mini model statistics

4.4.2 Audio Models

For the voice agents there was a need for a different set of models than the ones used for the text

agents. Unlike text based interactions, voice conversation requires extremely low latency in order

to maintain a natural conversational flow. The processing pipeline also becomes more complex

as the system needs to process audio input, convert speech into text, generate a response and

converting the response back into audio.

4.4.2.1 Whisper

For speech recognition the Whisper model was selected. This model is an Automatic Speech

Recognition (ASR) model designed to convert spoken language into text. In the context of the

voice agent this was one of the most latency sensitive parts of the system, as delays in speech

transcription directly affect the responsiveness of the conversation.
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The main reason for selecting Whisper was its balance between transcription speed and recog-

nition accuracy. While larger speech recognition models may provide better accuracy, they also

introduce additional latency which negatively impacts real time interaction. Whisper was capable

of maintaining sufficiently accurate transcription while still operating fast enough for conversa-

tional usage.

Another important factor was the ability of the model to handle natural speech patterns. In

voice conversations users frequently interrupt themselves, change speaking speed or pause unex-

pectedly. The speech recognition model therefore needed to remain robust to incomplete sentences

and inconsistent pacing while still producing usable transcriptions.

The model was deployed locally which reduced the dependency on external services and

avoided additional network latency during transcription. Since speech recognition is performed

continuously during voice interaction, local deployment also helped reduce operational costs com-

pared to constantly sending audio streams to external APIs.

Despite these advantages, local deployment introduced hardware requirements. Speech recog-

nition models require continuous processing of audio streams and therefore benefit significantly

from GPU acceleration. This created additional computational overhead on the host machine and

limited scalability compared to fully remote solutions.

Another limitation was transcription accuracy in noisy environments. Background noise, mi-

crophone quality and unstable speech patterns could reduce transcription quality and occasionally

introduce incorrect outputs. Because the language model depends directly on these transcriptions,

recognition errors could propagate into the conversational response generated by the agent.

Even with these limitations, Whisper provided an effective balance between speed, resource

usage and transcription quality, making it suitable for the requirements of the real time voice agent.

4.4.2.2 Realtime-GPT v1

For the second voice agent the Realtime-GPT v1 model was selected. Unlike the text based agents,

this system required direct real time voice interaction with the user, making low latency the highest

priority in the model selection process. In voice conversation even small delays become noticeable

and negatively affect the natural flow of interaction.

Realtime-GPT v1 is optimized for real time conversational applications and continuous audio

interaction. Compared to larger language models it prioritizes fast response generation and con-

versational fluidity over advanced reasoning capability. This made it suitable for a voice based

assistant where maintaining a natural speaking rhythm was more important than handling highly

complex reasoning tasks.

The model was operated through OpenAI realtime API services using a SIP connection. The

Session Initiation Protocol (SIP) was used to establish and manage the audio communication ses-

sion between the voice agent and the external telephony system. This allowed the agent to partic-

ipate in real time audio calls while maintaining a continuous bidirectional audio stream with the

OpenAI realtime infrastructure.
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Figure 4.4: Whisper model statistics

One of the main advantages of this architecture was the ability to process speech and generate

responses incrementally. Instead of waiting for complete message generation, the system was ca-

pable of streaming responses continuously, allowing audio playback to begin while the remainder

of the response was still being generated. This reduced the perceived latency considerably and

helped maintain a more natural conversational flow.

Another important characteristic was the model’s ability to maintain short term conversational

context during continuous interaction. This allowed the voice agent to preserve conversational

continuity across multiple exchanges while still responding quickly enough for real time commu-

nication.

Using the realtime API through SIP also simplified the deployment of the voice agent. Instead

of hosting a large conversational model locally, most of the conversational processing was handled

remotely through OpenAI infrastructure while the local system focused on orchestration and call

handling.

One of the disadvantages of this approach was dependency on network quality and API avail-

ability. Since both audio streaming and response generation depended on remote services, unstable

network conditions could directly affect call quality and response latency.

Another limitation was operational cost. Continuous real time audio streaming and response

generation through API services creates a higher operational cost than text only interactions. This
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made efficient session management and prompt control important parts of the implementation.

Compared to larger text focused models, Realtime-GPT v1 also has lower reasoning capability

in more complex tasks. This was however considered an acceptable tradeoff since the primary

objective of the system was maintaining responsive and natural voice conversation rather than

advanced reasoning performance.

The selection of Realtime-GPT v1 represented a compromise between conversational qual-

ity, latency and operational cost. Larger and more capable models could provide better reason-

ing performance but introduced response times that were unsuitable for natural voice interaction.

Realtime-GPT v1 provided the best balance for the needs of the project and allowed the imple-

mentation of a responsive real time voice agent.

Figure 4.5: Realtime-GPT v1 model statistics
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WhatsApp Helper Agent

While the first things that comes to mind when talking about AI agents are the full conversational

agents (Agents that use natural language and speak directly with the user) these aren’t the only

agentic approach, and in some cases aren’t even the correct approach. Depending on the problem

at hand there is space for highly structured agents that use the natural language interpretation

capabilities of LLMs to coordinate data flows and scripts in a reliable and consistent way, while

maintaining the intelligence of the agent.

5.1 Auxiliary tools and structures

This agent’s architecture was devised in a way to make the change from the previous system to the

agentic approach as seamless as possible for the user, this lead the agent to be developed over the

existing architecture in a way that preserves the functionalities and tools already implemented.

The WAH Agent retains the tools of the old system:

1. Taxi request handling

2. Live service notification

3. Cancellation handling

While adding new functionalities:

1. Natural language handling for both taxi and cancellation requests

2. User language detection

3. Auto translation to PT-PT for the operator interface

4. Gives the ability for the operator to translate messages to the client’s language

29
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In regard to the operator interaction, the previous system was overly obtuse. Operators had to

reach out using an individual WhatsApp number to each and every client that needed human inter-

action this made the process of receiving and sending operator messages tedious and introduced a

need to handle multiple message avenues and numbers.

To solve this problem and to centralize all the message avenues a chat web interface was

created. This centralized dashboard displays incoming messages and conversations in a unified in-

terface, enabling operators to monitor multiple clients simultaneously and intervene in escalations

without context switching across individual WhatsApp numbers.

Figure 5.1: Web chat interface used by operators to monitor and intervene in WhatsApp conversa-
tions

5.2 Multi-model agent design

The WhatsApp Helper Agent (WAH Agent) was developed to bring more flexibility to the previ-

ously implemented flow, this was achieved by implementing a two-step intent classification that

leverages the language understanding of LLMs to steer the flow of the WhatsApp interaction. The

Agent also works in the background in a way that helps both the user and the possible operator

by using tools mid-conversation to bridge language barriers. This serves as an expansion of the

previous system instead of a total overhaul making it more flexible and responsive while not giving

the agent a high level of independence.
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5.2.1 Internal structure

Figure 5.2: WAH Agent Flow

The WAH Agent is structured by three interconnected parts, two models that work in parallel,

Qwen3:30B and Gemma-4-31B-Heretic, and the pre-existing processes of the service. The WAH

agent works by deciding which part of the pre-existing code should be executed depending on the

interpretation of the intent of the message received made by one or both of the internal models.

The Qwen3 model is an extremely low latency model that is deployed locally and is able to do

low complexity classification and decisions while the Gemma-4 model is used for more complex

tasks and more ambiguous or uncertain message intentions.

The agent flow can be divided into 4 distinct sections.

5.2.1.1 Message/Conversation Initiation

This section contains all the logic that is used to receive WhatsApp messages from the Meta API,

the message is received in a webhook, if that client doesn’t have any active trips, and it was the

first message in some time, a new Conversation is created this is an entry in a database that is used

to track groups of messages and interactions in a way that makes it easier to catalog, analyze and

utilize for all the separate functionalities of the services.

Each message received is saved, attributed to a conversation, and analyzed as to quickly infer

the language used by the client, this is saved and used by the rest of the agent to configure the
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correct forms to be used. After saving and categorizing the message received the model sends it

to intent detection. Parallel to this process the message is sent to operator message handling.

5.2.1.2 Message Intent Detection

The main function of the agent is the detection of the intent of the received message, that is done

in this section. The message is classified into one of four different categories, Show/No-Show,

Cancellation Intent, Taxi Request and Location Message.

Show/No-Show corresponds to the logic of when a taxi request was made and the taxi already

arrived at the location, but the client wasn’t at the location, this could be by any reason, was

waiting in the wrong place, is inside the building, already found an alternative to the taxi, doesn’t

want to take the taxi anymore, etc. and the taxi driver cancels the trip. When this happens there is

a time window when the client can justify the reason of the No-Show and state that they still want

the trip, when that happens the agent makes a new request with the same taxi that was assigned to

the cancelled trip.

Cancellation Intent corresponds to the type of messages that show that the client wants to

cancel the requested trip, this can only be done to clients that have an active trip in progress that,

was scheduled to a later date or a trip that doesn’t have an assigned taxi yet.

Taxi Request corresponds to when the message is seen as a greeting or an explicit taxi request,

as this classification is simpler than the two before and doesn’t present any prerequisites it is done

with the faster model as to be as responsive as possible.

Location Message is a legacy system that was preserved as to not interfere with old users,

this system uses WhatsApp’s location message as a way to initialize the taxi request flow with an

already defined location.

5.2.1.3 Agent Output

The Agent is unable to make custom responses or responding in natural language, this means that

it has to rely on hand made WhatsApp flows that collect the data needed for all the intermediate

steps and communicates information to the client.

WhatsApp flows consist in templated messages with defined structures, these can be forms that

receive data in text boxes, pre-made cancellation messages, requests for location, etc. These are

the main ways conventional automated systems communicate using the WhatsApp API. Many of

these flows were ported from the previous implemented system and serve as a base where agentic

decision-making can be introduced.

5.2.1.4 Operator Message Handling

The call center operators consist in the extremely important human fall back element of any auto-

mated system, they consist in the best way to resolve problems or give information that the system

is unable to resolve. The WAH agent in conjunction with the chat interface also function to make

it easier for the operator to jump into unexpected problems and communicate with clients that
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previously they wouldn’t be able to respond to. The agent serves as an intermediate step between

the client and the operator that translates the interactions as to promote a better system.

At any point in any interaction between a client and the agent if the operator so chooses they

are able to override the agent and communicate directly with the client at which point the agent

stops functioning as a decision maker and starts working as an intermediate between both parties.

5.3 Integration with existing systems

While a detailed explanation of the internal systems of Geolink lda. is outside the scope of this

dissertation, the environment in which the agent is integrated must be briefly described. Geolink

lda. operates a large-scale taxi dispatch service comprising roughly 4000 taxis organised into 30

distinct fleets, covering the main cities of mainland Portugal as well as the Autonomous Regions

of the Azores and Madeira. Each fleet corresponds to an operationally independent unit with its

own coverage area and dispatch logic, while sharing the common backend infrastructure that han-

dles request intake, taxi attribution and service tracking. The WAH agent was integrated on top

of this existing infrastructure rather than replacing it. Incoming WhatsApp messages are routed

through the agent, which then interacts with the same dispatch backend, booking and cancella-

tion mechanisms, and client records already in use across the service. This fleet-aware integration

allows the agent to operate transparently over a heterogeneous, multi-fleet environment while pre-

serving full compatibility with the operational systems, and it is what enables the agentic decision

layer described in the previous sections to be deployed without disrupting the established dispatch

workflow.
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WhatsApp Conversational Agent

The main alternative to the highly structured architecture of the WAH agent is a fully conver-

sational agent, where all the decisions and output are done directly by LLM. The WhatsApp

Conversational Agent (WAC agent) was the agent developed with this approach. By utilizing

commercially available services, custom-made tools and structures it was possible to create an

agent that is flexible, intelligent and able to speak in natural language.

6.1 LLM-based agent design

As a conversational agent, the WAC agent uses a LLM model as the core orchestration element.

The model chosen to serve as the core of the agent was OpenAI’s GPT4.1-mini for its high speed,

high reasoning, and low cost, this was necessary for the agent’s ability to communicate, use the

necessary tools, retain pertinent knowledge and maintain a low response time in the user/agent

interactions.

6.1.1 Tools and functionalities

For the WAC agent to be able to interact with all the functionalities of the Geolink lda. internal

systems, get pertinent information and handle the user requests it had to be equipped with a mul-

titude of tools and functionalities. These were divided into five groups, Booking Tools, Coverage

and FAQ, Communication/Handoff, Conversation Control and Status and History.

6.1.1.1 Booking Tools

These are the tools that are used for the main function of the WAC agent, they bridge the agent

and the internal booking mechanisms of the Geolink system, and they consist in:

• Agent Dispatcher: The Agent Dispatcher tool is the main flow tool, it is called after all the

trip information is collected by the agent. It receives, the dispatch date, a sting containing

the time in ISO 8601 when the trip is scheduled for a later date or a None for immediate

dispatch, the pickup address, a JSON string with all the information needed to set the pickup

34
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Figure 6.1: WAC Agent Flow

location, it includes latitude and longitude, address name, door number and some other

internal information needed to set the location, destination address, same JSON structure as

the pickup location with it being optional and taxi/service preferences that are sent to the

service server as tags to filter the assigned taxis. It returns a string to inform the agent of the

success status of the dispatch.

• Cancel Trip: The agent tool responsible for the cancellation of the latest trip of the user, not

every trip can be cancelled, as there are restriction in place to stop users from cancelling

when the service already has an assigned taxi. This tool differentiates from the other can-

cellation tool in the aspect that it is faster to prevent erroneous trips from being finalized. It

takes a cancellation reason as input and returns a string to inform the agent of the success

status of the cancellation.

• Cancel Booking: Tool used to cancel bookings, trips planned for a later date, as this is a less

time sensitive function, and it needs a higher granularity to cancel between more than one

booking, this agent function needed a separate tool to handle. It receives as input a booking

ID and fleet ID, information acquired by another tool call and returns a string to inform the

agent of the success status of the cancellation.

• Update Service: Tool used to update trip requests that haven’t yet been finalized, without

an attributed taxi, these can be both normal trips and bookings. As input the tool takes the
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request number, the fleet and the information to be updated. Returns a string to inform the

agent of the success status of the update.

6.1.1.2 Coverage and FAQ

When dealing with other services or flow both the user and the agent can have questions that need

answering, many of these can be kept in the initial prompt for quick access, but in questions that

need dynamic answers tools need to be used:

• Check Covered Area: This tool checks if a given latitude and longitude is covered by the

Geolink services, for that as input it receives the latitude and longitude of a point to check

and returns a JSON string with covered boolean value and if true with fleet id and region.

• Check Covered by Name: Does the same as Check Covered Area with the difference of

accepting a location by name instead of coordinates, and with that tries to check if the

location is covered by the service, it isn’t always possible to be one hundred percent certain

of what the location is as the name can indicate multiple locations, might be unclear or

unrecognizable by the service, to mitigate this the tool tends to lean on the side of caution

and unless certain it won’t return true.

• Get Current Time: A model that doesn’t have any tools is unable to know the time and

date, this information is useful for the purposes of setting reservations that use time relative

language, this function allows the model to know the current date and time. It returns the

current date and time.

• Get Price Info: Consist of a placeholder tool that would call an estimation service that the

Geolink services are planning to introduce. At the moment returns an explanation string that

says the agent still can’t make estimations on the price

6.1.1.3 Communication/Handoff

The WAC agent isn’t always able to resolve all the possible problems that might occur, and it also

isn’t able to control the behavior of the taxi drivers and services, to mitigate that these tools are

used as an intermediate between the user and the pertinent parties:

• Pass Message to Taxi: This tool lets the agent function as a message way between the user

and the taxi driver using the Geolink services to display a message to the motorist app.

Receives as input the message and returns a string with the status of the process.

• Pass to Human Agent: Stops the internal flow of the agent, stopping the agent from respond-

ing and alerts an operator of the problem at hand. Receives a reason for the alert and returns

a string with the status of the process.
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6.1.1.4 Conversation Control

The WAC agent has to be able to manage the end of the conversation flow, to do that it has to be

able to end a conversation and understand when it’s not speaking with a human. To do that the

following tools were implemented into the agent:

• Mark Auto Reply: If the agent thinks it isn’t speaking with a human it will use this tool

to end the conversation. When called the tool will close the conversation and stop future

conversation with the user.

• Acknowledge Thanks: It is the way the model is able to finish the conversation with a user.

When called ends the conversation and sends a goodbye message.

6.1.1.5 Status and History

The agent needs to be able to inform itself and the user of previous trips as well as keep track of

statuses of active requests:

• Get Active Request Status: This tool is used to get the status and information of an active

request of the user. The agent needs to input a request id and a specific fleet as to stop any

possible ambiguity problems. This tool then returns to the agent a JSON string containing

internal information about the specific trip.

• Get Last Service: This tool returns the request id and the fleet of the last service that is

associated with the user, as seen in previous tools this information is needed for many other

agent functionalities.

• List Client Bookings: Same as the Last service tools with the caveat that it returns all the

bookings of the user as a list.

6.1.1.6 Text and Location Messages

The agent also needs to be able to communicate with the user, this functionality is so intrinsic to

the agent that it isn’t incorporated as an agent tool. All the agent’s model output is considered

and expected to be a message that has to be delivered to the user whilst being able to make use

of the agent tools in parallel, to be able to achieve this the model output is structured to be a

JSON string with two fields, message type and message body, the message type can be "text" or

"location" depending on the WhatsApp message type the model intends to send, "text" if it is a

simple message that only contains text and "location" if the message should include a WhatsApp

location request and the message body contains the actual message text that the agent intends to

send to the user.

This structure helps the agent with the problem of over-reliance on agent tools, as the presence

of a tool interaction in every turn of conversation, if sending the messages was a tool, lead to

higher incorrect tool use chances.
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6.1.2 Prompting

Other than the tools an agent has access to and the model it is based on the third main aspect

that contributes to the agent’s behavior is its initial Prompting. Initial Prompting consists of a

comprehensive set of rules and guidelines that are used in the initialization of an agent to control

its behavior, output, tool usage and interactions. Its structure is essential to the good functioning

of the agent and its integrity is one of the biggest contributors of behavior/flow problems in any

agent.

While the exact composition of the prompt used for the WAC agent is outside the scope of

this paper the overall structure of the prompt is an important element to explain and explore. The

prompt can be divided into seven groups of instructions, Identity, Guardrails, Booking Workflow,

Tools and Escalation, Communication, Ground Facts and Examples.

• Identity: The Identity portion of the prompt controls how the agent sees itself, it’s a single

paragraph of mission critical information that shapes all the agent’s interaction, it contains

what the model is, WhatsApp Conversation Agent working for Geolink lda. , what its

functions are, book taxi trips, answer questions, handle trip statuses, etc. and set the scope

of the agents function.

• Guardrails: The Guardrails are an extremely important portion of the prompt as it introduces

the behavior/procedure the agent must take and maintain in order to protect itself from

intentional attacks that target is logic and how it should behave with the data it has access to

in order to prevent data breach issues.

• Booking Workflow: As the main function of the agent the booking flow is the most elaborate

and comprehensive containing step-by-step instructions that dictate the workflow the agent

should take. The agents start by greeting the user, then it determines the intent of the user,

if the user intends to book a trip the agent should start the data collection flow by asking

the time and date when the user needs the taxi, then the agent is supposed to get the pickup

location using a "location" message followed by asking if the user wants a destination and if

it is needed asking for it, finally it asks if the user wants has any preferences on the taxi and

makes the booking with the data it collected. This portion also contains notes that clarify

behavior in edge cases and in special circumstances.

• Tools and Escalation: This portion explains to the agent all the tools it has access to and their

functionalities as well as listing all the different scenarios that would require escalation to a

human operator.

• Communication: Communication governs how the agent should communicate with the user,

it governs the messages tone and length as well as introducing the language logic the agent

should take, the agent should use the user’s language. This portion also contains some

warning to the agent about internal language problem that should be cautioned against when
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dealing with possible data that is received in different languages than the one the user is

using.

• Ground Facts: These consist in a fixed list of important information that is given to the

agent, so that it is able to answer common questions that the user might have or that it can

use for its functionalities.

• Examples: Small list of interaction examples that increase the understanding of the model

in how it should behave.

6.2 Integration with existing systems

In contrast with the WAH agent the WAC agent isn’t made to overlay the existing system, it

instead replaces it entirely. The flow is redirected to the WAC agent flow whenever a message

from a client assigned to this agent is received letting it handle all the internal steps. The agent is

still interconnected with the internal infrastructure of the Geolink lda. services to be able to make,

check and overall interact with taxi trips as well as check internal client information that is stored

in the system. It also is integrated with the WhatsApp and web chat interfaces used by the WAH

agent in order to be able to interact with users and to be able to be monitored by human agents

while in use. The WAC agent then represents a parallel flow to the WAH agent that is used in a

user by user basis as an alternative to the simpler agent.
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Napoleão Voice Systems: IVR and RTN
Agent

The Napoleão call manager system consists in a call auto-answering system that is activated for

users that have a predictable pickup location, be that because they are extremely consistent or

because they represent a specific place such as when a hotel calls a taxi for a guest. This service

makes it so that a taxi can be called to a specific place with a press of a button on the phone and

without any human interaction needed.

The auto-answering system uses a dynamic voice synthesization program to answer calls and

give the option of fast-tracking the process of calling a taxi or calling an operator by choosing to

press one of two buttons.

7.1 Integration of Voice Detection

One of the most intuitive ways to improve this kind of service is the ability of a user to use their

voice to select the options instead of using buttons, this feature would be helpful for many types

of situations where a person is unable to currently click a number on the phone.

This was implemented using OpenAI’s local model Whisper and integrated into the existing

Asterisk system.

7.1.1 Asterisk

Asterisk is an open-source telephony platform used to manage and automate telephone commu-

nications. It functions as a Private Branch Exchange (PBX), allowing the creation of call flows,

Interactive Voice Response (IVR) menus, call routing logic and integrations with external services.

Within the Geolink infrastructure, Asterisk is responsible for handling incoming calls and con-

trolling the different automated call processes. Its flexibility and support for external integrations

make it suitable for the implementation of services such as the Napoleão call manager, where call

handling logic can be customized to meet specific operational requirements.
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7.1.2 Internal Structure

The expansion of the Napoleão system consisted in the introduction of a new voice detection

system. To accommodate this change the dynamic voice synthesization text was modified to reflect

the new voice detection possibilities, to call a taxi say "taxi" or say "operador" to call an operator

after a sound is played. The response is then recorded for a fixed time and this recording is then

processed. This specific process was used instead of a direct streaming solution because of the

inability of the model to transcribe in real-time interactions.

After receiving the recording the audio is inputted into the model with the specific language

setting of Portuguese and the output is post processed and a confidence value of the transcription

is made for the two different options. If the confidence value surpasses a specific threshold is

returned to the Asterisk system to be used in the rest of the flow, in the case of a transcription

not surpassing any of the thresholds a fallback option is reached, and the user is redirected to an

operator.

Due to the local nature of the model and its small size the transcription process is extremely

fast, averaging processing times of less than half a second.

7.2 Realtime Napoleão Agent

As an alternative for the Napoleão system of auto answering the Realtime Napoleão Agent (RTN

Agent) was developed. This agent represents a more powerful and flexible approach than the

Napoleão system as well as constituting a call based alternative to the WAC agent. The RTN agent

functions as a low latency and fully conversational agent capable of booking taxi trips in a voice

to voice environment.

7.2.1 Low latency voice agent design

Figure 7.1: Three Layer Conversation Agent

For most of the existence of conversational agents the only option was to chain together three

different systems, an audio transcription model, a text-to-text reasoning model and an audio syn-

thesization layer that would translate the text into an audio output. This solution while practical

were slow and lacked the back and forth quality that real conversations have. Realtime GPT is

one of the first commercially available audio-to-audio models, that being a model that can directly

process an audio input, reason and present an audio output. This approach has the advantages of

keeping the latency extremely low and reducing the information lost that normally would occur in

both the audio-to-text translation process and the text-to-audio process with the main disadvantage

of having lower reasoning capabilities for a model of similar size.
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Another characteristic of the model is its ability to process the audio input in a continuous way

instead of chunks, this paired with the low latency made it the ideal choice to use as the base of

the RTN agent, as the objective of the agent is its capability to have a realistic conversation with

the user where there is a need for fluidity and fast responses and the lack of reasoning power of

the model doesn’t affect the performance of the agent.

7.2.2 Agent Structure

Figure 7.2: RTN Agent Flow

The RTN agent was developed over the Asterisk SIP architecture and used it as a bridge be-

tween the internal Geolink services, the RTN agent Asterisk system and OpenAI’s Realtime GPT

SIP connection. The Agent is composed of two different components that work with each other,

the Asterisk system that controls the SIP connections and the call and the server where the model

is housed.
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7.2.2.1 Asterisk System

The agent Asterisk system works by receiving an open SIP connection from the Geolink lda.

services that forward the user’s call into the agent. When the Asterisk system receives the SIP

connection it then sends an API request to the model server, that request initiates the agent call

instance and saves the important information for the call. If the initialization process is successful

and no connection error occurs the model server responds with a "go ahead" signal that gives the

green light to the agent Asterisk system to pass the SIP connection to the OpenAI SIP services and

send a request to the server with the connection information.

The model server after the connection to the OpenAI SIP services is made, makes API calls

to the OpenAI services and receives information in specific webhooks to functions as a control

center of the call, initializing the model instance, answering the call that is received through the

SIP connection and executing the tool calls that come from the model.

After the model portion of the agent ends its interactions with the user the SIP connection

with the OpenAI services is closed, and the endpoint is returned to the Asterisk controller where,

depending on the outcome of the interaction with the user, the Asterisk system performs post call

cleanups and ends the call or sends the SIP connection back to Geolink lda. internal Asterisk

system to be redirected to a human operator.

7.2.2.2 Tools and functionalities

As an agent based around a less powerful model, built with continuous conversation and ultra

low latency in mind, this agent had to be streamlined into a single main function, that being the

booking of taxi trips. The agent can use three tools with one being its main function of booking a

taxi trip and the other two being call controlling tools.

• Book Taxi Trip: This is the main tool that enables the agent’s functionality, this tool is

called when the agent has collected the pickup location, the time and date of the trip and

preferences for the taxi. To overcome the ambiguity problem when a location is specified the

agent had to be restricted in its scope, it will be made aware of the five most common pickup

locations of the user, the possible pickup locations will be limited to only these locations

and the in the case of the user requiring a different location than the ones in that list the

agent would then redirect the call to a human operator that would sort out that specific trip

instance. The tool receives the pickup location information as a pointer to a location saved

in the Geolink lda. servers that is then used to book the trip, the time and date of pickup

is received in ISO 8601 format with the possibility of being a null value when the trip is to

be immediate and the preferences are received as boolean value that are then translated to

flags for the service. The tool then returns a confirmation message to the agent containing

the status of the tool execution.

• Hang Up Call: This is the one of the call control tools that the agent has access to, it gives

the agent the ability to end its own call at the end of an interaction. It functions by making a
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hang-up call to the OpenAI’s Realtime API services containing the call id and identification

tokens that tell the service to close its SIP connection, at the same time the status of the

registry of the call is changed to reflect the reason the call was ended, this same status is

then used in the agents Asterisk system to perform the specific routing to end the call. This

tool is called by the agent when there hasn’t been any errors or problems in the call and

when is main purpose, booking a taxi trip, has been fulfilled to end the call.

• Redirect Call: As the second call control tool and much like the Hang Up Call tool, it also

functions by sending an API request to OpenAI’s Realtime API services to end the SIP

connection, but it differs in the aspect that it will change the status of the call registry to

specify that the call need to be redirected, this makes it so that when the SIP connection

endpoint returns to the agent’s Asterisk controller the call isn’t ended but redirect back to

the Geolink lda. internal Asterisk system to be redirected to a human operator. This tool

is called whenever there is a problem that has to be resolved by a human agent or when

specifically requested by the user.

7.2.2.3 Prompting

As with the WAC agent, the tools and model are only part of what defines the final behavior of

the RTN agent. In a voice based environment the initial prompt becomes even more important,

as it has to control not only the logical flow of the interaction but also the rhythm, brevity and

safety of the spoken responses. Because the agent operates in real time, the prompt was designed

to minimize hesitation, reduce unnecessary turns and enforce an operational scope that fits taxi

booking.

The RTN agent prompt was written as a procedural instruction set that constrains the model

to a narrow and highly predictable behavior. Instead of encouraging open ended conversation, the

prompt focuses on short spoken turns, explicit confirmation steps and clear transfer conditions.

This structure was necessary due to the lower reasoning reliability of realtime audio models when

compared with text based models, and also due to the higher operational risk of errors in a live

phone call. In practice the prompt can be divided into seven major groups of instructions:

• Identity and Interaction Rules: section controls how the model sees itself, its behavior and

the language instructions it should follow. The model is a Geolink lda. agent with the

purpose of booking trips for the user. It prompts the model to act with a friendly and profes-

sional tone, using short phrases, natural pauses and making it not interrupt the user. As for

language it should speak in European Portuguese in all interactions and always remain in

that language. This portion of the initial prompt also governs some minor interaction rules

the agent must follow, like limiting the agent to one idea per phrase as to keep the interac-

tions easier to understand and follow, only responding to the main user, remain silent when

waiting for tool result and time out behavior.
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• Address, Time and Date Handling: This section governs how the model handles and verifies

both the address and the time provided. The model can only accept as a pickup location one

of the five locations it was given and must be sure that the pickup location provided by the

user corresponds to one of them or is phonetically close to it, if unsure or if the user asks

for a place that isn’t in the list it should inform the user and then redirect the call to a human

operator. As for the time it should recognize turns of phrase specific to the Portuguese

language and be able to interpret them correctly, this section also provides some examples

and meanings of such turns of phrase.

• Conversation Flow: This give the model a flow script that it should follow with a specific

question order to collect the taxi trip booking. It should start by greeting the user then ask,

for the time and day of the trip, the pickup location, taxi preferences and then a confirmation

of the information. After collecting and confirming the information it then should call the

Book Taxi Trip tool to make the booking and depending on the response of the tool it then

should end the call.

• Tool Usage Rules: This contains an explanation on how the model should use the Tools it has

access to, the names of the tools, what information to send as input and their functionalities.

• Error and Transfer Logic: This portion Contains a list of rules for error handling mid-flow,

as a way to re-collect information as well as possible logic and tool errors that would require

the model to redirect a call to a human operator.

• Success and Closing Responses: This section prompts the model in how it should handle

end of call interactions such as goodbyes and end of flow interactions and the Hang Up Call

usage cases.

• Reference Table and Examples: Finally this last section contains some ground truth refer-

ences and some examples of possible interactions that might occur.

7.2.3 Integration with existing systems

The RTN agent interacts with the existing Geolink lda. systems in two different ways. In the

first the agent’s Asterisk controller is able to receive and redirect SIP connections with the overall

Asterisk system, this permits calls to be directly directed to the RTN agent’s flow with a simple

conditional clause for the test case users and also permits call to be redirected back to the overall

system for different handling. The second way is through Geolink lda. internal service API that

permits the tools allocated to the agent to be used to book taxi trips.
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Results

In the same way that each of the four developed agents have different approaches, specifications

and objectives the testing of each of the agents was different as to best detect its real world value.

These Tests were performed in accordance with the availability of Geolink lda’s services and

internal decision, this shaped the test format of all the agents and was done in a way to minimize

the impact on normal services of the company. The real world impact of these tests also shaped

their duration and format.

8.1 Text Agents

Both of the text agents were tested in a WhatsApp environment interacting with a subgroup of the

total WhatsApp traffic with the objective of analyzing results, sentiment and adoption.

8.1.1 WhatsApp Helper Agent

Figure 8.1: Daily evolution of conversations, unique clients, and finished services in the WhatsApp
service

The WAH Agent was designed with the intention of replacing the previous WhatsApp service,

this design decision shaped the test of the agent to a long term analysis of the agent’s performance.
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The structured nature of the WAH agent also left open more direct user sentiment gathering sys-

tems instead of manual review.

The recorded test took place in a timeline of three months with two months of comparable

data of the previous system this test was rolled out to all users and continues to be the default

WhatsApp system in use.

In this evaluation of the system the main metrics that most reflected the real world impact

of the WAH agent in the service were, the service growth trend, the concluded service number

when compared to the total number of conversations, service requests and service attributions,

conversion rate and average sentiment rating.

The best indication for the efficacy of the WAH agent since the beginning of the test is the

steady growth that occurred in the WhatsApp service. As seen in Figure 8.1, which plots the

evolution of the conversation count each day, the new users that have used the system that day and

the number of services done by the agent. The graph shows a consistent income of new messages

and users before agent was enabled, with a slow rise of new users and sporadic services.

At this point it’s important to point out that the discrepancy between the number of new daily

messages and the number of services come from the fact that many of the messages received in the

WhatsApp service don’t reach a booked service process, this has many reasons, stemming from

no longer needing the service or finding alternatives to being a message that doesn’t have intention

of making a taxi booking, such as when asking questions or spam messages, when that is the case

there is always a human intervention step.

The test started with a limited testing run mid-March where the agent was tested in a small

scale. In this initial release the number of services made by the WAH agent at this time is very

small and was used as a consistency test for the future release. By mid-April in conjunction with

a publicity drive the WAH agent was distributed to the total of the WhatsApp services, this is

characterized by a sharp increase in all three metrics, and it is possible to see that accelerated

growth in the use of the WAH agent roughly reflects the growth in new users.

From this its also possible to see that as time in the test has passed the percentage of returning

users, or the user conversion of the agent also increases, this is reflected in the gap in new users

and new conversations widening.

While the initial growth can be largely derived from the publicity drive the subsequent accel-

eration in the growth of the service can be attributed to the efficacy of the WAH agent. After each

service the user is prompted to answer a simple five-star satisfaction survey to garner their opinion

on the service, with an average of 4.79 score out of five it is also possible to see that the service

reception is high.

The service also was able to reach an effective service completion rate, that being the rate of

finished services of all initiated services, of 65% which is comparable to the human operator rate

in the pre deployment service.

Overall the WAH agent use reflects a lower workload to the human operators that constitute

Geolink lda’s WhatsApp services as the most menial and occurring portion of the service is able to

be automated, leaving operators available to handle non booking related services and edge cases.
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8.1.2 WhatsApp Conversational Agent

The test for the WAC agent was planned to take place throughout a week’s time being used for a

subgroup corresponding to a fleet, this test was supposed to garner the performance of the agent,

how it behaved in real life cases and user satisfaction of the agent. This test had to be ended

early because of extreme errors with hallucinations and tool use. Even after extensive iteration in

prompting and tool clarification the model consistently hallucinated tool use, misinputted tool data

and entered in message loops with the user. Even when instructed to ask for operator assistance

when having problems it wouldn’t ask for assistance and continue in loops.

After the test was stopped and analysis of the agent was made it was clear that the model

that was used was unable to handle the scope of the agent and tools. Only two solutions to this

problem are possible, the reduction of the scope of the agent, which would make it as inflexible

as the WAH agent with a higher cost, or using a more powerful model which would increase the

cost to unacceptable levels and increase the latency making the agent slow and unwieldy. After

some consideration it was decided that the gains of the agent, with the models currently available

at the current price ranges, it wasn’t feasible to employ an agent with these functionalities and

more focus was made on improving the WAH agent. The architecture and surrounding structures

remain valid and usable in the case of a future model becomes available to make the base of the

agent.

8.2 Voice Agents

Both of the voice agents were tested in an Asterisk environment interacting with a subgroup of the

total call traffic with the objective of analyzing results, sentiment and adoption.

8.2.1 Napoleão system

Figure 8.2: Napoleão system interaction outcomes during the voice prompt rollout

As an expansion of the existing system the rollout of the voice detection was implemented in

a supporting way to the existing system which allowed it to be used by all the current Napoleão
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system users, as stated previously in the Napoleão Call Manager section, this system was designed

for a specific subgroup of users that have a very consistent location as the pickup location as a way

to fast track the process by giving the option to ask for a taxi to a specific location at the press of

a button, with the expansion allowing the use of voice prompts to make this selection.

As an audio based system data gathering in the intracall process is difficult, making it necessary

for the review process to be done by hand. The test consisted in a month-long test that was applied

to all the Napoleão system user calls. After the test period due to the small nature of the service

change it was kept in service.

In this test we can see in Figure 8.2 that most of the users still use the dial system, this is

expected as most of the users are previous users of the service and are pre disposed to use the dial

buttons, the structure of the voice prompt also leads people who want a faster process to press the

dial buttons. When considering all the possible interactions, the voice process accounts for 14%

of the call traffic.

These 14% are distributed between 1% voice activated taxi 5% voice activated operator and

9% operator fallback. The low percentage of voice activated taxi trips is attributed to the previous

causes where most of the call traffic are familiar with the system and don’t reach the end of the

voice prompt, same with the voice activated operator calls. In both cases manual review shows

that of the voice activation users are older people, this was one of the target demographics with this

change to help with usage of the system. The 9% of fallback consist of 6% user error/ purposeful

silence, where users fail to say the correct words or say them before the signaling sound or users

that leave the call on without any input. The 3% left consist on interpretation errors where the

model is unable to attribute between the two options even when one of them is said, this can be

exacerbated by accents, noisy environments or background voices.

Overall, while not having a massive impact in the totality of the service this test shows that

there is a specific demographic that is being helped by this expanded service, and combined with

its low cost of operation and its nature as an expansion of the service instead of a replacement

made the decision to continue the use of the service after the test an easy one.

8.2.2 Realtime Napoleão Agent

The RTN agent was tested as an alternative to the normal call system, with the objective of offload-

ing the less intensive interactions of booking and asking for taxis, the test recurred throughout a

week’s time in a single queue corresponding to a specific fleet, the nature of the full audio data

made it difficult to analyze the intracall data and made necessary the manual review of the au-

dio files of the calls. Throughout the week that the test took place the RTN agent received and

managed over one hundred calls with a service rate of 53%, a redirect call rate of 21% and a user

hangup rate of 26%.

When analyzing these three different metrics more closely it can be noted that most of the

successful calls follow the prompted script, with few corrections being needed by the user to reach

the final pickup location in the remaining cases. This can be attributed to the agents very reduced

function set, limited possible pickup locations and low tool number which when compared to the



Results 50

WAC agent shows an extremely low percentage of hallucination. While low the hallucination

problems weren’t non-existent as in one extremely peculiar case the model hallucinated all tool

calls that it could make without making them and making up the tool call results to the user, saying

that the taxi trip was booked and trying to end the call, at which point it remained silent until the

user hung up themselves.

Most of the hallucinations that occurred consisted in the agent imagining places that weren’t

in the allowed list of pickup locations or the call of tools using nonsensical values, these cases pro-

voked errors that were catchable by the fall back system and were redirected to a human operator,

with, as stated previously, a minimal number of cases where the agent hallucinated tool calls.

Other than the hallucinations one of the biggest setback of the agent comes from the model it-

self, while it is able to speak in European Portuguese it has the tendency to randomly start speaking

in Brazilian Portuguese mid-conversation, this bug persisted even after many prompting iterations

and seems to stem from the abundance of Brazilian Portuguese training data compared to Euro-

pean Portuguese used in the model’s training.

Of the cases where the call was redirected to a human operator the majority consisted in users

requesting places outside the list given to the agent following the expected error flow and fallback.

In the user hangup cases most occurred immediately after the first interaction with the agent. The

agent while conversationally fluent is still recognizable as an automated AI process, this still turns

away a non-insignificant number of users who aren’t willing or comfortable in using this type of

services.

While no direct user rating system could be accurately implemented due to hallucination prob-

lems, in manual analysis the sentiment seemed to be mostly neutral, with some overly positive

reactions, with some users even experiencing excitement over the agent’s capability to carry out a

conversation, and some negative with users becoming aggravated when the agent didn’t fully un-

derstand what was being said and having to redirect the call to a human operator. When accounting

for all the cases the sentiment in this test seemed to be slightly positive.

8.3 Future Improvements

For most of the agents their improvement can be boiled down to improvement in their base mod-

els. In the case of the voice agents, The Napoleão system can be improved when new, more

powerful, efficient and compact models become available to run locally as well as employing an

audio streaming approach with a compatible local model to make it possible for the user to use the

voice recognition at any point of the call. As for the RTN agent, the new audio-to-audio realtime

models have been rapidly improving, since the test was performed two new realtime models were

released by OpenAI, realtime GPT 1.5 and 2.0, these could allow new future versions of the agent

to expand its functionalities and perform with fewer errors.

In the text based agents, the WAH agent is planned to increase its functionalities to include

direct calls between the user and the taxi drivers, increase the available hardware to use better

local models already in circulation as well as increasing the scope of inputs linking it to more
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WhatsApp numbers to increase the reach of the tool. Finally, the WAC agent requires new more

powerful agents that keep the cost and latency low enough to handle the total of its functionalities

without such an error rate.
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Conclusions

This thesis set out to determine which agent architectures and deployment strategies are opera-

tionally viable for LLM-based taxi request automation across voice and text channels. Four agents

were implemented and tested in live dispatch traffic at Geolink lda.: the WhatsApp Helper Agent

(WAH), the WhatsApp Conversational Agent (WAC), the Napoleão voice expansion, and the Real-

time Napoleão Agent (RTN). The agents spanned two fundamental design poles: structured multi-

model pipelines that use LLM reasoning only for classification and routing (WAH, Napoleão), and

fully conversational end-to-end agents where a single model orchestrates all interaction and tool

use (WAC, RTN). The central finding is that architectural scope, more than raw model capability,

determined production viability. The three agents built around a constrained scope, tool-grounded

commitments and explicit escalation paths reached sustainable operation, while the broader-scope

conversational agent could not.

9.1 Architectural viability and the reliability-flexibility trade-off

Addressing RQ1 directly, the results show that structured and scope-limited designs are deploy-

able in production with acceptable failure rates, while fully conversational designs are not, given

the models available at viable cost and latency at the time of deployment. The WAH agent, the

Napoleão voice expansion and the RTN agent all reached a state where they could be left running

with human operators only handling edge cases and escalations. The WAC agent did not reach

this state.

The WAC case makes the trade-off concrete. The agent was equipped with thirteen tools span-

ning five functional groups (booking, coverage queries, communication and handoff, conversation

control, and status tracking), alongside a detailed multi-section prompt. This breadth exceeded

what the underlying GPT 4.1-mini model could reliably orchestrate in live traffic: the result was

hallucinated and misused tool calls, message loops and an inability to self-escalate even when ex-

plicitly instructed to do so. The only viable fixes identified were reducing the scope of the agent,

which collapses it back into a design comparable to the WAH agent, or using a more powerful

model, which raises cost and latency to unacceptable levels for a real-time dispatch service. This
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is not a failure of the architecture itself but a reflection of what current models can reliably sustain

under a broad instruction set in live traffic. By contrast, the RTN agent, limited to three tools

and a tightly scoped prompt, showed a markedly lower hallucination rate under the same class of

reasoning model.

The lesson from this is that, with the models currently available at acceptable cost and latency,

narrowing scope combined with tool-grounded commitments and explicit escalation outperforms

full conversational autonomy in a production setting.

9.2 Failure modes and the role of human-in-the-loop

Across all agents the recurring failure categories that emerged in live traffic were hallucinated or

incorrectly parameterised tool calls, out-of-list location requests, ASR and interpretation errors in

noisy telephony conditions and, specific to the RTN agent, a persistent tendency for the underly-

ing model to drift from European Portuguese into Brazilian Portuguese mid-conversation despite

extensive prompting iterations.

The agents that remained in service handled these failures through escalation and fallback. The

Napoleão voice expansion redirected to a human operator when confidence in the transcription fell

below threshold. The RTN agent redirected when a location could not be resolved to the allowed

set or when tool execution failed. The WAH agent escalated through its structured flow whenever

a request fell outside the defined scope. In all three cases the human operator was the recovery

mechanism that absorbed what the agent could not handle. Addressing RQ2, the conclusion is

that escalation and fallback were not contingency measures but a first-class design layer without

which none of the agents would have been safe to deploy. The defining failure of the WAC agent

was precisely that this layer did not function reliably.

9.3 Operational impact and deployment constraints

Addressing RQ3 and RQ4 together, the quantified outcomes across agents reflect how the latency,

cost and capability triangle shaped each deployment decision. The WAH agent reached a ser-

vice completion rate of 65%, comparable to the human operator rate prior to deployment, and

an average user satisfaction score of 4.79 out of 5, with consistent growth in use following the

full rollout. The Napoleão voice expansion accounted for 14% of voice prompt interactions, with

manual review confirming that the users engaging with the voice option were predominantly from

an older demographic that the service had previously been unable to adequately serve, all at a low

operational cost. The RTN agent reached a 53% service rate in its test week, with a 21% redirect

rate and a 26% user hangup rate, the latter largely attributable to users unwilling to interact with

an automated voice system.

These outcomes reflect the different constraints of the two channels. Voice requires low la-

tency and leaves very little room for reasoning errors in real time, which made a locally deployed

Whisper model the right choice for the Napoleão expansion, being fast, offline, and sufficient for
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binary intent classification, and OpenAI’s Realtime GPT the right choice for the RTN agent, ac-

cepting its lower reasoning ceiling in exchange for the audio-to-audio latency needed for natural

conversation. Text, by contrast, tolerates slightly more latency and allows the richer dual-model

architecture of the WAH agent, where a locally deployed Qwen3:30B handles fast intent classifi-

cation and a locally deployed Gemma-4-31B-Heretic handles the more complex reasoning tasks,

keeping the entire pipeline off cloud infrastructure and reducing operational cost. The WAC agent,

requiring broader reasoning capability, relied on a cloud-hosted GPT 4.1-mini, which provided the

necessary context window and tool-calling support but introduced ongoing token-based cost and

a dependency on external infrastructure.

9.4 Limitations and outlook

Several constraints limit the generalisability of these results. All deployments took place within a

single operator environment, Geolink lda., with a specific user base and a specific fleet manage-

ment system. The audio-based nature of the voice agents made automated intracall data collection

impractical, requiring manual review, which constrained the scale of analysis. Test windows for

the RTN agent and WAC agent were short, in part because the WAC test was ended early due to

the severity of its failure modes.

The model landscape has also continued to evolve rapidly since the tests were conducted.

Two new versions of the OpenAI Realtime model, GPT 1.5 and 2.0, were released after the RTN

agent was tested. This reinforces rather than undermines the conclusions: the RTN and WAC

agent architectures remain valid scaffolding for stronger and cheaper future models. As reasoning

capability increases and cost decreases, the scope of what constrained agents can safely handle

will expand, and the WAC design in particular represents a ready framework for that transition, as

noted in the Future Improvements section.

Overall, the work demonstrates that meaningful automation of taxi request handling is achiev-

able today with structured, scope-limited agents and explicit human-in-the-loop fallback, and that

the path to broader conversational automation runs through better models rather than through re-

laxing the architectural constraints that made the viable agents safe.
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