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Abstract
We present iCARE, a modular multi-agent reasoning framework that integrates iCARE-Onto with Case-Based

Reasoning (CBR) to support ontology grounded, LLM-based dialogue management. The framework addresses

intent disambiguation and intent routing within an agentic architecture, where specialised agents handle domain-

specific tasks. Agent outputs are combined to produce accurate responses through a composite strategy that

couples few-shot prompting with Retrieval-Augmented Generation (RAG) and a CBR-based fallback mechanism.

Conversational content is first grounded in ontological concepts that capture situational, personal, and dialogue

knowledge. These are stored as short-term memory entries and subsequently organised into semantic, procedural,

and episodic summaries that form long-term memory. This structured memory ensures factual accuracy, coherence,

and contextual relevance beyond surface fluency in generated responses. While the framework encompasses

multiple reasoning components, in this paper we focus on how the system reasons over user utterances to form

clarified intents for routing to appropriate agents. Preliminary experiments on a synthetic dataset show a 20%

relative improvement in routing accuracy for the LLM-as-Router when ontology-based disambiguation is applied.

A comparative evaluation with a lazy-learner, ProtoKNN, demonstrates its potential as a low-latency, offline

alternative, suggesting opportunities for hybrid routing in dialogue systems.
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1. Introduction

Large language models (LLMs) have transformed natural–language interfaces from brittle rule engines

into fluid, mixed-initiative dialogue partners [1, 2, 3]. Yet, in high-stakes domains like health, law,

and finance, unqualified LLM output is risky since hallucinated facts, hidden biases, and inconsistent

reasoning can harm users [4]. We argue that interface fluency must be paired with rigorous knowledge

grounding and transparent control. Ontologies provide the semantic scaffolding for such grounding,

while modular, specialist agents keep decision logic interpretable and auditable.

Based on our experience developing intelligent healthcare systems, such as a conversational frame-

work for embodied care robots, we observed that even routine tasks (e.g., "remind me to take my

pills") often require cross-checking medication rules, user history, and sensor data, going well beyond

a single turn of question and answer. More recently, we are developing a digital-avatar health coach

to support adolescent and young adult cancer survivors in managing cardiovascular health through a

non-intrusive conversational interface embedded in their environment. Such scenarios demand dialogue

to be personalised, evidence-grounded, and safety-constrained. To meet these needs, we are introducing

iCARE as a modular multi-agent reasoning framework with these properties:

1. An ontology (iCARE-Onto) to model structured domain and dialogue knowledge;

2. A semantic router for intent classification for agent actioning;

3. The dialogue context control using retrieval-augmented generation (RAG), with fallback to

case-based retrieval when attribute-level matching is essential for accurate responses; and
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4. A dual memory approach, combining short-term (dynamic) session memory and distilled long-

term memory, to support continual personalisation.

We also present results from a comparative evaluation study on ontology-guided intent routing using

the iCARE framework (specifically evaluating properties 1 and 2).

2. Multi-Agent Dialogue Framework

Figure 1: iCARE framework components. (1) The current conversation turn is grounded in the iCARE-Onto,
combining personal, situational, and dialogue facets. (2) Episodic facts are synchronised to long-term and
short-term memory. (3) The planning pipeline disambiguates intents and routes them to specialised agents for
execution and can also retrieve information for standard RAG or use CBR-RAG. (4) The output then feeds the
response generator, which applies personalisation and an ethics/compliance check before final output.

The iCARE framework couples fact-grounded dialogue with modular control (Figure 1). One or more

dialogue intents are handled by agents. Each agent interfaces with internal or external tools (e.g., a

risk prediction model) to execute its assigned tasks and can retrieve relevant information to validate

responses and incorporate educational and explanatory content. Contextual information is drawn

from shared long-term and short-term memory, organised by an ontology that represents concepts

relevant to the user’s personal context, necessary situational awareness, and ongoing dialogue
context (including current conversation goals) [5, 6].

The planning pipeline begins with an ontology-guided intent disambiguation. If the human dialogue

utterances are found to be under-specified and requiring slots or maps to multiple ontology classes/in-

tents, iCARE asks one or two targeted clarifying questions. The user’s replies are then stored in triple

form within short-term memory, supporting the maintenance of dynamic conversational context. The

resulting (disambiguated) context is then mapped to canonical intent ID(s). If no suitable semantic

intent match is found, it falls back to the label OTHER and is flagged for human intervention. These

intents and resolved slots update short-term memory and are promoted to long-term memory to manage

conversational continuity. The mapping between short and long-term memory must consider not only

what to summarise from an extended dialogue but also how to do so appropriately [7].

Given these fully clarified intents, the planner decomposes them into mini-plans consisting of intent

steps that can be executed by specialised agents. Determining which agent to invoke becomes a routing

task, which can draw on knowledge about the agents, such as capability and dependency information,
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including agent descriptions, preconditions, and data dependencies. The planner also coordinates

sequential or parallel execution to maintain coherent dialogue flow [8]. For example, when asked

“Would a run this afternoon be recommended?”, the planner may first gather required vitals, then fuse

outputs from Biomarker, Risk, and Exercise agents, perhaps suggesting a brisk walk instead. Finally,

the Ethics–Policy agent checks compliance and, if it blocks the request, returns a counterfactual

guided response, such as: "If your heart-rate threshold were lower, I could approve that run".

In trivial plans, an intent may directly map to an agent; however, multiple intents may be handled by

a single agent (many-to-one), and a given intent may be relevant to different agents across plan steps

(many-to-many). Such routing structures have precedent in specialist-agent coordination frameworks[9].

In the many-to-many case, a case library of prior plan steps (queried via case-based retrieval or few-shot

exemplars) can guide mapping when multiple handlers are available or when policy/availability matters

(e.g., cost tiers, privacy).

2.1. Knowledge Representation

An example of domain concepts (with some instantiations) and relationships modeled by iCARE-Onto

appears in Figure 2. Unique to this modeling are the memory type annotations (coloured tags in the

figure) that help structure short and long-term memory, supporting coherence in dialogue management.

Specifically, three types can be identified: semantic, such as factual knowledge that should ideally be

represented as relational triples; episodic, where information is tied to specific events, timestamps,

or conversational workflows (e.g., an intent followed by a recommendation and later a user-reported

outcome); or procedural, where a known procedure needs to be carried out step by step by an agent

(see examples in Table 1).

Figure 2: Memory annotation of the ontology. Coloured dots indicate where concepts typically instantiate as
episodic (EM), semantic (SM), or procedural (PM) memory.

Table 1
Example system responses for (E)pisodic, (S)emantic and (P)rocedural

User Utterance Intent (Memory) System Response Construct

What’s my last cholesterol level? Recall Personal Info (E) It was 3.9 mmol/L on 25 Jun 2025.
Why is my cholesterol a problem? Explain or Educate (S) High cholesterol inc cardiovascular risk.
What can I do to lower it? Recommend or Guide (P) Step through PhyxioPlanA exercises.
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Accordingly, each ontological concept can be annotated with a preferred memory type, so that when

concrete instantiations arrive, the system knows where to store them. For example, Biomarker instances

such as “Total cholesterol = 3.9 mmol/L on 25–06–2025” are of episodic type memory; the class-level

fact “Dyslipidaemia increases cardiovascular risk” associated with Late Effect → Cardiovascular Risk
is semantic memory; and the multi-step Exercise PhyxioPlanA under Intervention is recognised as

procedural memory (as it will have a fixed set of exercises).

2.2. Planning Pipeline: Disambiguation with iCARE-Onto

Since utterances are mapped to intents for planning, ill-formed or underspecified inputs must first be

detected and disambiguated (via brief, ontology-guided clarifications) before routing [10]. For this,

iCARE-Onto (see Figure 2) is used in the disambiguation phase to harness the structured relationships

among classes, properties, and instances to detect when essential information is missing or underspeci-

fied. For example, if the user utterance provides a numeric value without specifying what it refers to

(e.g., "is 140 okay?"), the ontology can be used to expose that several properties of the relevant class

(e.g., Biomarkers - blood pressure, heart rate, glucose) could accept such a value. Additionally, the

range of possibilities can further be narrowed given the context of the user, such as previous recorded

measurements. When there is insufficient detail in the dialogue context to resolve the ambiguity, this

ontological knowledge allows the system to identify the precise property that is missing and to generate

a targeted clarification follow-up question (e.g., "What measurement does 140 refer to?" or "Did you

mean your last BP reading?”). Similarly, when an utterance maps to multiple possible classes or relations,

ontology constraints (domain, range, cardinality) are used to prune candidates or formulate the most

discriminative question to minimise the number of clarification turns. By systematically detecting

ambiguity patterns based on ontology structure (e.g., missing property type, missing relation argu-

ments, multiple class candidates), short clarifying turns can be used to refine or complete the semantic

representation of an utterance through follow-up questions. Figure 3 shows how brief ontology-guided

clarification turns, together with short and long-term memory, collect the minimal information needed

before it is handed over to the planner for agent assignment (here to the Triage agent).

Figure 3: Ontology guided disambiguation of user utterances. Both short and long-term memory are used in
this example, and extracted triples are colour-coded by context (situational, personal, dialogue). The resulting
fully clarified intents are ready for use by the Task Planner. Ontological properties of ‘Symptom’ such as ‘type’
and ‘status’ help to guide the clarification turns.
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Listing 1: RAG prompt skeleton over the disambiguated text

Role: Task Planner in a multi-agent dialogue system.

Input (disambiguated utterance):
triples:
User:u123 | hasBiomarker | TotalCholesterol
Biomarker:TotalCholesterol | last_value | 6.7 mmol/L

@2025-10-10
Conversation:Goal | ask | risk_explanation
Conversation:Goal | ask | exercise_plan_start?

Ontology intent labels (retrieval top-k):
CHECK_BIOMARKER, ASSESS_RISK, ASK_EXERCISE_PLAN,

SET_REMINDER, ...

Instructions:
1) Split the user request into plan steps.
2) Find best match intent id from list, else "OTHER".
3) Return JSON with fields: step_id, intent_id, span,

args, depends_on, confidence.

Listing 2: Worked example output

Utterance (disambiguated):
"Last cholesterol? Should I worry?

Start the exercise plan?"

Output JSON:
[
{"step_id":"s1",
"intent_ids":[
"CHECK_BIOMARKER","ASSESS_RISK"
],
"args":{"biomarker":"

TotalCholesterol","value":
"6.7 mmol/L","when":
"2025-10-10"}}

{"step_id":"s2","intent_id": "
ASK_EXERCISE_PLAN",

"depends_on":["ASSESS_RISK"]}
]

Figure 4: Planning operates on the disambiguated frame (triples) produced by ontology-guided clarification for
“Hi! What’s my last cholesterol reading? Should I worry? Would it be OK to start the recommended exercise
plan?”. The RAG step retrieves candidate intents and returns structured items with dependencies for the planner.
The routing to agents happens after this.

2.3. Planning Pipeline: Decomposing with Task Planer

In iCARE, a retrieval-augmented LLM first embeds the disambiguated user utterance, and retrieves the

top-𝑘 ontology intent labels. It segments the request and returns a JSON array of plan-step candidates

with fields (e.g., step_id, intent_id, args, depends_on, similarity). See Figure 4 and Listings 1–2, for an

example involving the utterance “Hi! What’s my last cholesterol reading? Should I worry? Would it be

OK to start the recommended exercise plan?” (The JSON shown is illustrative, not exhaustive). The

Task Planner then organises these candidate intents into a mini-plan, capturing dependencies, such as

needing the biomarker values for risk assessment, and marks any parallelisable steps or follow-ups.

Next, the Intent Router binds each step to an appropriate agent. It first matches the disambiguated

frame against intent schemas to identify candidate handlers. When a single intent in a step is uniquely

handled by an agent, the mapping is obtained directly from the ontology’s handledBy relation. When

multiple candidate agents exist, a learned router (few-shot LLM-as-Router or ProtoKNN) selects the best

match based on the step context. Compound steps containing multiple intents are similarly mapped to an

agent capable of performing all included actions. Low-confidence cases can trigger a human-in-the-loop

recommendation.

In the given example in Figure 4, the router maps the intents in the two steps to agents:

(CHECK_BIOMARKER, ASSESS_RISK)→ RiskPredictionAgent, and ASK_EXERCISE_PLAN→ Ex-

erciseCoach. The planner enforces the intent dependency order CHECK_BIOMARKER→ ASSESS_RISK
→ ASK_EXERCISE_PLAN and fuses the agents’ outputs into a single coherent reply.

2.4. Planning Pipeline: Intent Router

We explore several approaches to intent routing using both LLMs and more resource efficient matching

methods. With the LLM-as-Router setup, a prompt (see Figure 5) with few-shot in-context exemplars

per agent is used to predict the agent given a disambiguated dialogue context frame. LLMs are strong

zero-/few-shot routers: a single prompt with a handful of exemplars per agent can yield competitive

routing without task-specific training. Because they encode broad world knowledge (approximate-
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retriever behaviour from large-scale pretraining), they cope well with open phrasing, rare synonyms,

and long-tail constructions. This makes an LLM-as-Router attractive for rapid onboarding of new

intents and agents, early-stage pilots with scarce exemplars, and domains where ontology cues (units,

dates, history) can be injected post-disambiguation directly into the prompt.

Figure 5: LLM-as-Router prompt extract, with few shots stating U:Utterance; A: Agent; and clarified Triples

The alternative is the non-parametric ProtoKNN router, a lazy learner using a Class–Prototype

𝑘-Nearest-Neighbour based router strategy, inspired by Prototypical Networks [11]. To construct

prototypes, for every agent 𝑎 ∈ 𝒜 we keep a small support set (like the few-shots in the LLM-as-Router

method), 𝒮𝑎 = {(z𝑖, 𝑦𝑖)}𝑁𝑎
𝑖=1. Here z𝑖 is the embedding of the disambiguated intents (i.e., resolved

dialogue context plus ontology-derived cues) and 𝑦 the agent label. The class prototype for agent 𝑎
is the mean of its support embeddings; p𝑎 = 1

𝑁𝑎

∑︀
(z𝑖,𝑦𝑖)∈𝒮𝑎

z𝑖. Using these prototypes, the model

selects the relevant agent based on pairwise comparisons of the intent (plus disambiguated context)

embeddings and prototype embeddings. Given one or more intent embeddings q from the planner’s

mini-plan step, we compute its distance to each prototype, and assign it to the agent with the nearest

prototype: 𝑎⋆ = argmin𝑎∈𝒜 ‖q−p𝑎‖2, optionally, a confidence margin ∆ may be enforced. If matching

confidence is low or ambiguous, control may need to be handed over to a catch-all General agent for

clarification.

ProtoKNN’s advantages are fourfold. First, it is few-shot friendly: centroids can be calculated with

as few as five to ten labelled examples per agent [12], whereas keyword rules [13] require exhaustive

vocabularies. Second, it is tolerant of noise: averaging the support embeddings smooths over minor

wording differences, so small lexical variations are unlikely to cause misclassification. Third, it remains

interpretable: at inference the router can reveal the k-nearest prototype sentences (for example, “matched

remind-me agent’s prototype with similarity 0.92"), thereby providing human-readable justification

for routing decisions. Fourth, comparison of fixed embeddings makes routing both cheaper and

deterministic, unlike LLM-as-Router methods that vary with wording. However the ProtoKNN does

require representative coverage across intents; performance may lag if the support set omits common

phrasings or context variants and the embedding model is not appropriate for the domain. This is unlike

the LLM-as-Router which does have access to broad world knowledge.

2.5. Response Generation in iCARE Framework

In iCARE, agents produce outputs that must be presented coherently to the user. Some responses

are straightforward results, while others are explanatory, designed to educate the user about their

health, for example, through a question–answer dialogue. To ensure factual reliability, each response is

grounded in external knowledge rather than relying solely on the LLM’s parametric memory [6].

A conventional, vector-based RAG module embeds the user’s disambiguated utterance frame, together
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with its candidate intents, as a single vector and returns the closest passages from a knowledge store

that contains both general medical literature and domain-specific documents (e.g., ESC guidelines

on cardio-oncology) and any case knowledge (e.g., patient instances). This approach works well for

simple, self-contained questions such as “What is dyslipidaemia?” However, complex health queries can

bundle several clinically important attributes:

“I finished anthracycline chemotherapy last year, my cholesterol is still high, and I’d like an

exercise plan that minimises cardiac risk – any recommendations?”

Treating the whole disambiguated utterance as one vector returns generic exercise advice and ignores

treatment history. Instead, we plan to adopt CBR-RAG [14], which represents the structured intent

as attribute–value pairs (treatment = anthracycline, biomarker = cholesterol, goal = exercise, plus

persona data), and matches locally against stored cases. Because situational and personal facts live

in the ontology, CBR-RAG can retrieve the case where “Exercise PhyxioPlanA” was personalised for

the treatment (e.g., anthracycline), yielding a far more relevant recommendation. At run-time the

ontology-organised intents guide the retriever to use basic RAG when no fine-grained attributes are

present, and to fall back to CBR-RAG whenever attribute-level matching is required. The Retriever also

has access to iCARE’s short and long-term memories.

2.6. Response Generation and Refinement

The Response Generator combines the agents’ outputs into a single, fluent reply. This stage has three

layers (illustrated as three stacked boxes in Figure. 1).

Response Templates & Prompts: For every dialogue-act/intent pair, our framework provides a

small set of pre-defined prompt templates such as Explain-Risk, Recommend-Intervention, Confirm-

Recommendation, and Explain-Change. The generator fills the template with slot variables such as

{evidence_snippet}, {biomarker_value}, {guideline_ref}, then passes the result to the LLM for surface

realisation. Drafting responses as slot-filled templates improves factual accuracy and ensures clinically-

approved wording. Coupling the template with a refinement prompt yields responses that are more

natural and less ‘robotic’ than strict slot-filled output. Integrating knowledge of a template taxonomy

within the prompt then facilitates flexibility to resolve sensitive attributes [15].

Personalisation: A light post-processor adapts the draft response to the user’s persona and the

current situational context, both supplied by the ontology. Some examples are to:

• convert units or language variants (“mg/dL” → “mmol/L”);
• reference recent episodic events (“Last week you completed Exercise Plan A.”);
• adjust reading level (≤8th-grade Flesch–Kincaid for cardiovascular health management of cancer

survivors);
• adapt wording to accommodate accessibility needs (replacing colour-based cues with shape or text

descriptors for colour-blind users and simplifying visual references for low-vision readers);
• format the output for multimodal delivery (automatic-speech-recognition (ASR) and text-to-speech

pipelines so the same content can be voiced naturally when the user prefers audio interaction).

Ethics & Compliance: Personalised drafts are finally assessed for classes of violations, such as: 1)

Medical safety where every recommendation is cross-checked against the 2022 ESC Cardio-Oncology

Guideline with missing evidence downgrades the advice to a cautionary statement [16]; 2) Hallucination

filter to ensure all factual claims must map to a retrieved snippet or semantic triples, otherwise the

sentence is removed; and 3) Privacy & tone where the draft is screened for Protected Health Information

leakage, rude or biased language, and for lack of empathy (i.e., poor bedside manner). Responses

must maintain a supportive, respectful tone in line with national AI-Act risk categories and patient-

communication guidelines [17]. If any rule fails, the message is either redacted or returned to the LLM

with a corrective instruction. Only text that passes the review stage is delivered to the user.
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3. Evaluation

Having introduced the iCARE framework (in Figure 1), we focus this workshop paper’s evaluation on a

single question: do ontology-derived features improve intent routing to specialised agents?
For our experiments, we created a parallel corpus. Each example contains (i) a raw utterance spanning

a set of intents; and (ii) a disambiguated counterpart forming the fully clarified intent with some ontology

annotation cues (classes, relations, units, temporal tags). Typically, the fully formed intent utterances

are gathered through the disambiguation planning step, which would interactively elicit missing slots

(in reference to the ontology) via brief clarifying turns before passing on the clarified utterance for

routing. In this study, we simulate those turns offline, by providing a disambiguated counterpart whose

triples encode exactly the information that short clarification turns would have supplied based on the

ontology. A few examples of the initial utterance (raw text), and its fully clarified intent (disambiguated

text) obtained from the turn simulation process appear in Table 2.

The parallel corpus was created using a two-step prompting procedure. First, for each likely intent

(aligned with the skeletal ontology in Figure 2), we asked an LLM (GPT-5) to generate 2–3 raw utterances

that, owing to their generality, could span multiple intents and therefore correspond to multiple

:handledBy ontology relations. Next, we re-prompted with the same raw text, the candidate intents,

and the skeletal ontology (classes, relations) to produce a disambiguated counterpart containing minimal

clarifying cues and triple annotations mapped to a single handling agent. For this study, we focused on

9 such agent classes (Exercise, Biomarker, Risk, Dietitian, Logger, Triage, Medication, Appointments,

Privacy). The resulting parallel corpus was written to CSV with fields id, intent_id, agent, raw_text,

disambig_text, and annotations. For simplicity, we assume a one-intent one-step planner, where each

step is handled by a single agent. An intent router here classifies the given step with the utterance (raw

or disambiguated) to one of the 9 agents. Extending this to multiple-intent plan steps and agent routing

is left for future work. We assess and report dataset quality through inter-annotator agreement.

We evaluate the intent router under two conditions: (a) Raw (raw_text only); and (b) Ontology-
enriched (disambig_text with ontology-derived cues). We compare three routing methods: LLM-as-
Router; ProtoKNN; and a KNN variant. In our KNN variant, instead of aggregating same-class shots

into a single prototype, the sampled shots themselves serve as candidate prototypes for similarity

comparison; effectively a constrained KNN that ranks similarities only within the sampled shots rather

than the full training set. This restricted variant is used primarily to study the potential of forming

prototypes from randomly sampled shots per class. Both ProtoKNN and KNN use PubMedBERT

embeddings to represent the raw_text, and disambig_text for similarity computations. For the LLM-as-

Router, we evaluate GPT-4o (mini), Gemini 2.5 Flash, and LLaMA 8B Instruct. Evaluation results report

routing accuracy on the parallel corpus (raw vs. ontology-enriched) using 4-fold cross-validation. In

each fold, the held-out fold serves as the test set of utterances for classification, while the remaining

folds are used to sample exemplar shots per class. Because the dataset provides only limited variation

across classes (i.e., low class coverage), we restricted our experiments to 1-, 2-, and 3-shot settings. We

do not assess downstream agent execution or response quality.

3.1. Analysing the quality of the parallel corpus

We used three independent annotators (blinded to the data generation prompt) to assess each row of

the parallel corpus via two questions:

Q1 Disambiguation correctness (Yes/No): “Is the value in Disambig_Text the correct disam-

biguated version of the Raw utterance?”

Q2 Ontology coverage (Yes/No + Ontology figure): “Are all the concepts mentioned in

Disambig_Text present in the ontology figure? If No, list the missing concepts.”

Three assessors independently evaluated each binary (yes/no) item. Overall agreement, measured

using Fleiss’ 𝜅, was 0.10, indicating only slight agreement beyond chance. Given the low reliability, an

independent meta-assessor reviewed all instances where at least one assessor disagreed (approximately
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Table 2
Raw vs ontology-enriched question utterances (examples).

Raw (user text) Ontology-enriched Disambiguated text
Is 6.7 bad? Text: Is Total Cholesterol = 6.7 mmol/L high for me (21-year-old female)?

Triples: Biomarker:TotalCholesterol | value | 6.7 mmol/L || User:Maria | age | 21
where would 140
reading place me?

Text: With repeated elevated BP readings this month and past anthracycline exposure,
what is my short term CV risk?
Triples: Biomarker:SystolicBP | trend | elevated @month || User: Maria | hasTreat-
mentType | Anthracycline

My chest feels tight. Text: I am experiencing post-session muscular tightness after push-up exercises
Triples: Symptom:ChestTightness | context | post-exercise || Triage:red-flags | status
| history

50% of the LLM-generated examples) and adjudicated the final fully clarified utterance with assistance

from an LLM (ChatGPT-5) used solely for normalisation.

The LLM reformulated the contested fully clarified utterances to ensure they met four reproducibility

criteria: (1) no advice or resolutions were included, (2) clarifications were added only to make the

utterance interpretable, (3) the clarified utterance is mapped to a single target agent, and (4) the phrasing

followed the corpus style of user statements with additional minimal ontology tags. The meta-reviewer

then reviewed the LLM-normalised version and made the final accept directly, or with revision, decisions.

The adjudicated utterances, together with their ontology annotations (minimal tags), were then used as

the corrected gold standard in our experiments.

For Q2, when items were marked “No”, annotators list concepts present in the disambiguated text

but absent from the ontology figure. We normalise these strings (lowercase, punctuation removal, unit

standardisation) and collapse common variants. We tally the canonicalised terms to produce a short

list of out-of-ontology concepts. All of which we found to be useful suggestions and should serve as

potential candidates for ontology expansion.

4. Results and Discussion

Across all results, ontology clarified utterances consistently led to superior performance. Further

increasing number of support examples (i.e., the number of shots from 1 to 3) results in substantial im-

provement across the board, with approximately 15-20% accuracy gains observed for the disambiguated

text results. For Raw texts, performance improvements with additional shots are modest and often

inconsistent, indicating that the limited semantic clarity of the original utterances (in the absence of

the ontology) constrains the models’ ability to form well-separated routing class representations.

Comparing ProtoKNN with the KNN baseline (see Tables 4 and 3), we find the use of prototypes

provides comparable accuracy results. With regards to latency, ProtoKNN achieved lower latency than

KNN, with improvements growing from 0.3% in 1-shot to 6.1% in 3-shot settings. On average, ProtoKNN

reduced latency by 3.4%. Note in our implementation both ProtoKNN and KNN baseline use only the

randomly selected shots for local neighbourhood computation. With larger support sets and improved

class coverage, prototype-based methods will offer efficiency gains by reducing similarity computations

while maintaining or enhancing accuracy relative to KNN. Among the distance metrics, Mahalanobis

performs best, especially with ProtoKNN, likely because in large, non-normalised vector spaces it better

manages noisy feature directions (variance over prototype aggregation) and decorrelates dimensions.

With KNN both Mahalanobis and Euclidean are comparable.

Table 5 presents the LLM-as-Router results, which clearly show performance gains of over 20%

compared to ProtoKNN. Among the evaluated models, GPT-4o mini demonstrates strongest performance,

achieving 92.2% accuracy with just 3-shots. The LLM-as-Router setup also allows us to explore Zero-

Shot prompting, where no exemplars from the dataset are provided, offering insight into the models’

in-built world knowledge relevant to the iCARE routing task. Notably, even in the Zero-Shot setting,
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GPT-4o mini achieves 76.56% accuracy, and this increases to 92.2% with the three shots. This clearly

shows how additional domain evidence (i.e., ontology-disambiguated, fully clarified intents) enhances

performance. Gemini 2.5 Flash’s results are also noteworthy, achieving only about 3% lower accuracy

than GPT-4o mini (with 3-shots), despite having no connection to the LLM family used for dataset

generation or validation (in this case, we had used ChatGPT 5). These results also suggest that the use

of an ensemble [18, 19] of LLM-as-Routers could be an interesting direction to explore, provided that

latency costs are kept low. For instance, we found that compared to ProtoKNN, the LLM variants had

latency increases of approximately 85–92%, with GPT-4o-mini, Gemini-2.5-flash, and LLaMA-3-8B all

showing substantially higher inference times across all shot settings. This demonstrates the efficiency

advantage of ProtoKNN for low-latency prediction. These results suggest the potential for a hierarchical

hybrid approach, where ProtoKNN routing is invoked in regions with good evidential coverage, while

the more computationally costly LLM router is employed otherwise.

Table 3
KNN Accuracy for Agent Classification (9 Classes) using PubMedBERT embeddings for vector representation

Raw Text Disambig_Text

Shot Euclidean Cosine Mahalanobis Euclidean Cosine Mahalanobis

1-Shot 39.06 37.50 39.06 54.69 53.12 56.25
2-Shot 35.94 35.94 43.75 59.38 57.81 57.81
3-Shot 32.81 31.25 42.19 70.31 68.75 70.31

Table 4
ProtoKNN Accuracy for Agent Classification (9 Classes) using PubMedBERT embeddings for vector representation

Raw Text Disambig_Text

Shot Euclidean Cosine Mahalanobis Euclidean Cosine Mahalanobis

1-Shot 39.06 37.50 39.06 54.69 53.12 56.25
2-Shot 39.06 35.94 37.50 60.94 59.38 64.06
3-Shot 43.75 43.75 37.50 64.06 64.06 73.44

Table 5
LLM Accuracy for Agent Classification (9 Classes)

Raw Text Disambig_Text

GPT Gemini LLama GPT Gemini LLama
Shot 4o 2.5 8b 4o 2.5 8b

mini flash Instruct mini flash Instruct

Zero-Shot 64.06 67.19 65.62 76.56 67.19 73.44
1-Shot 70.31 67.19 65.62 79.69 85.94 78.12
2-Shot 71.88 70.31 62.50 89.06 84.38 78.12
3-Shot 73.44 70.31 60.94 92.19 89.06 73.44

5. Conclusion and Future Work

iCARE integrates lightweight knowledge to precisely capture intents, enabling LLMs to keep dialogues

fluent yet factual within an agentic setup. The ProtoKNN approach offers a lightweight, easily deployable

intent router that can operate offline, an important advantage for in-home care environments with

limited connectivity. In contrast, the LLM-as-Router variants demonstrated higher accuracy in our
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simulated experiments, despite the limited dataset size. This contrast highlights the complementary

strengths of symbolic and generative approaches and the potential for hybrids. A major challenge in

this research area remains the scarcity of domain-specific data. Our experience indicates that even

state-of-the-art LLMs do not produce fully reliable data without human oversight, although they serve

as a valuable foundation for dataset generation. In our simulated corpus, each intent maps to a single

agent handler, allowing a clear test of disambiguation effects on intent routing; extending this to

many-to-many mappings is left for future work. Effective task decomposition will be essential to ensure

that generative models follow accurate, well-structured routes. Future work could explore case-based

planning for managing multiple intents and hybrid routing strategies [20] that combine low-latency,

lazy-learning methods such as ProtoKNN with LLM-as-Router mechanisms when exemplar coverage is

sparse.
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