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Abstract
Large language model (LLM)-based conversational health coaches
can support personalised behaviour change interventions, but their
decision-making processes often remain opaque. This lack of trans-
parency makes it difficult for developers and users to understand
what information has been retained, how recommendations are
generated, and why specific intervention decisions are made. In
this paper, we present an inspectable neuro-symbolic conversa-
tional architecture for a conversational health coach that combines
LLM-based information extraction, a persistent knowledge graph,
and finite state machine dialogue management. The architecture
transforms unstructured conversations into explicit symbolic rep-
resentations, allowing conversational decisions to be traced from
user utterances to intervention recommendations. We describe how
the proposed approach has the potential to support transparency,
inspection, and debugging throughout the conversational pipeline.
In a feasibility pilot with 16 participants, knowledge-graph-derived
schedule summaries received a mean perceived-fidelity rating of
3.8/5. The architecture provides technical affordances for traceabil-
ity that should be evaluated in future user- and developer-centred
studies.

CCS Concepts
• Human-centered computing→ Interaction design theory,
concepts and paradigms; Systems and tools for interaction design.

1 Introduction
Large language models (LLMs) have enabled conversational agents
to engage in increasingly natural and context-aware interactions [10,
11]. However, contemporary LLM-based conversational systems
often provide limited visibility into what information has been re-
tained, how that information is represented, and how it informs
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subsequent system behaviour. This is particularly important in
conversational health coaching, where user-provided contextual
information may influence when and how interventions are deliv-
ered [1, 8].

Neuro-symbolic AI is a promising direction for addressing these
limitations by integrating the flexibility of neural language mod-
els with explicit symbolic representations and reasoning mecha-
nisms [3]. In this work, we present a neuro-symbolic architecture for
a conversational physical-activity coach that combines LLM-based
information extraction, a persistent knowledge graph representing
users’ daily routines, and a finite-state-machine dialogue controller.
These components externalise intermediate system states, allowing
developers and researchers to trace how conversational information
is extracted, represented, and used to identify potential opportuni-
ties for walking interventions.

We report a feasibility pilot study with 16 participants who dis-
cussed their daily schedules with the system and reviewed the
resulting conversation transcript, knowledge graph, state-machine
representation, and a schedule summary. The study provides an
initial assessment of whether conversationally elicited routine in-
formation can be externalised into structured representations that
reflect what users intended to communicate. We treat this work
as an early step toward making conversational health-coaching
pipelines more inspectable and identify directions for evaluating
whether such representations support stakeholder understanding.

This paper contributes: (1) an inspectable neuro-symbolic pipeline
that externalises routine extraction, persistent memory, dialogue
state, and trigger-time identification; and (2) preliminary evidence
concerning the perceived fidelity of its structured routine represen-
tations.

2 Related Work
Conversational agents have long been used in health and behaviour-
change settings, from relational agents and mental-health chatbots
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Table 1: Typed schema of the information extraction module
and knowledge graph.

Entity Attributes

place name
event name; start_iso, end_iso, duration; vicinity

(past/present/future); frequency
free_time_window coarse label (morning . . . night); start_iso,

end_iso, duration; vicinity; frequency

Relation Signature

occurs_at event→ place
precedes event/free_time_window →

event/free_time_window (temporal order)

to newer LLM-based systems supporting coaching, triage, and re-
flective dialogue [2, 5]. LLMs make these systems more natural and
context-aware, but they also make it harder to inspect what infor-
mation has been retained and how it influences subsequent system
behaviour. This has motivated growing interest in explainable AI,
particularly in health-related contexts where transparency and ac-
countability are important [1, 8]. While many approaches rely on
post-hoc explanations [13], such explanations may not faithfully re-
flect the system’s actual computation [6]. Explainability-by-design
instead seeks tomake relevant internal representations and decision
processes explicit from the outset [17].

Neuro-symbolic AI offers oneway to support this goal by combin-
ing neural language processing with explicit symbolic structures [3].
Knowledge graphs can provide persistent and queryable represen-
tations of user context [15], while state-machine controllers can
make dialogue progression explicit and controllable [19]. LLMs can
additionally bridge natural language and these symbolic represen-
tations through structured information extraction [4]. Prior work
has commonly used these components separately, for example for
memory or dialogue control [14, 18]. Our work combines LLM-
based information extraction, a persistent knowledge graph, and
finite-state-machine dialogue control within a single conversational
health-coaching pipeline to make intermediate system states more
inspectable and traceable.

3 Inspectable Neuro-Symbolic Architecture
3.1 System Architecture
Fig. 1 shows the response generation pipeline. Schedule information
is extracted using LangExtract [7] and stored in a Python-based
knowledge graph (KG) following the schema in Table 1. The KG
and subagent evaluations update the finite state machine (FSM),
which governs dialogue flow by selecting the desired behaviour
for each turn. The current FSM state is then used to construct the
system prompt for GPT-4o, which generates the assistant response.

For each conversational turn, the most recent four messages (two
conversational turns) are passed to GPT-4o-mini for single-pass
structured information extraction, following the extraction window
used by Zep [16]. Timestamps and speaker roles are included, and
extracted entities are assigned temporary IDs to support relation
mapping.

Figure 1: Response generation pipeline

3.2 Knowledge Graph (KG)
Once entities and relations are extracted from the recent transcript,
these are merged into the KG, seen in Fig. 2. Temporary entity
IDs are generated during extraction in a standardised form for the
purpose of matching extracted relations to their corresponding
entities. Deduplication is performed using name matching and
checking for matching numerical attributes, as well as temporal
merging.

The KG is expanded throughout the conversation and persists af-
ter completion. Subsequent conversations will then resumewith the
persisted KG, maintaining the core knowledge through each interac-
tion. This constitutes a structured memory system [16], supporting
the persistence and subsequent retrieval of routine information
shared across conversations. This KG is formatted into text and
injected into the agent’s system prompt, functioning as a structured
and stable temporal memory layer.

Figure 2: Knowledge Graph. (Teal nodes: locations; orange
nodes: events; Diamond node: free time window. Green high-
lights indicate new additions.)

3.3 Finite State Machine (FSM)
The FSM governs dialogue flow using explicit states, prompt tem-
plates, and transition rules, drawing on prior work in task-oriented
dialogue systems and structured LLMworkflows [12, 21]. Each state
specifies the desired agent behaviour, while the current knowledge
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graph is inserted into the prompt to provide user context. Transi-
tions are triggered either by deterministic conditions or semantic
checks performed by a Judge-LLM subagent (GPT-4o-mini) [20].

This structured control improves traceability by making dialogue
progression explicit [12]. As shown in Fig. 3, unexpected behaviours
can be traced back to particular states, prompts, or transition condi-
tions, allowing developers to diagnose and refine the conversation
flow more systematically.

The dialogue consists of two phases: Inquiring and Confirming.
During Inquiring, the agent gathers and clarifies missing schedule
information. During Confirming, it summarises the inferred routine,
proposes potential free-time windows, and invites user corrections
before concluding the conversation. Suggesting a free-time window
can also prompt users to reconsider their availability and reveal
previously unmentioned constraints.

Figure 3: After each user message, the FSM transitions into
a new state (yellow), the KG expands with new entities and
relations, and the instruction prompt is rebuilt for generation
of the response

3.4 Intervention Selection
Information provided by users is often incomplete; not all event
attributes are certainly known to the user and may not even be rele-
vant for the goal of intervention scheduling. Additionally, temporal
information may be given in relative terms, rather than absolute
terms, e.g., “I leave the house at least one hour before work starts”.
Our system is designed to handle incomplete and relative temporal
information. The agent merely needs to collect information until
a partial ordering can be established that implies the existence of
a free-time window in the user’s schedule of a sufficient duration.

A partial ordering is constructed from temporal relations between
events and free time windows. Once this partial ordering is found
and confirmed, further schedule information is significantly less
useful. The start and end times of the selected free time window
need to be known in absolute terms, as this is the window within
which the intervention must occur. Further, extracted start and end
time attributes for events are used to identify “empty” periods of
time, in which no event is likely to occur. The suspected availabil-
ity of these periods of time is then clarified with the user at the
end of the conversation. If confirmed, these times are selected for
intervention, and 1-2 walk reminders are scheduled.

3.5 Feasibility Pilot Study
To assess the feasibility of the proposed architecture and its struc-
tured artefacts, we conducted a pilot study with 16 participants
aged 25-35 years, all of whom reported regularly using digital tech-
nologies. Participants attended an in-lab session in which they
interacted with the conversational health coach and described their
schedule for the current day, from morning to night. The system
used this information to identify potential times for delivering walk-
ing notifications. Each session lasted approximately 30-45 minutes,
including the system interaction and participants’ review of the
generated artefacts.

From each conversation transcript, the system generated a knowl-
edge graph and a state-machine diagram. It also produced a textual
schedule summary using only information contained in the knowl-
edge graph, without access to the original conversation history. On
average, the resulting knowledge graphs contained 8.00 events, 2.69
locations, and 5.81 temporal relationships, comprising 11.56 nodes
and 12.06 edges per conversation.

Participants reviewed the conversation transcript alongside the
generated artefacts, enabling them to compare the extracted infor-
mation directly with what they had communicated. They then ver-
bally rated the accuracy of the knowledge-graph-derived summary
on a five-point scale (1 = completely inaccurate; 5 = completely
accurate), and their responses were recorded by the researcher.
Excluding one missing response, the summaries received a mean
perceived-accuracy rating of 3.80 out of 5 (𝑆𝐷 = 0.62, median = 4.00,
range = 2.00-4.50). These results indicate generally positive per-
ceived accuracy while also highlighting opportunities to improve
the information-extraction and summarisation pipeline.

A complementary analysis of the same study reports partici-
pants’ qualitative feedback concerning the knowledge graph, per-
ceived system understanding, correction behaviour, and broader
interaction experience in greater detail [9]. The present paper in-
stead focuses on the perceived fidelity with which conversationally
elicited routine information was captured in the structured knowl-
edge graph and reflected in the generated schedule summary.

4 Discussion & Limitations
Our architecture is designed to support developer-facing inspectabil-
ity by externalising intermediate system states through information
extraction, a knowledge graph, and finite-state-machine dialogue
control. This allows developers to trace how conversational infor-
mation is represented and subsequently used to identify potential
intervention opportunities, while also helping localise errors to
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specific stages of the pipeline. Our pilot study showedmoderate per-
ceived accuracy of summaries generated from the knowledge graph,
suggesting that the structured representation captured much of the
information participants intended to communicate while also re-
vealing limitations in the extraction and summarisation process. An
accepted companion paper provides a more detailed user-centred
analysis of how participants interpreted and interacted with these
representations [9].

These findings should nevertheless be considered preliminary.
The present study involved a small sample, relied on perceived
rather than objective accuracy, and did not compare the architec-
ture against an end-to-end LLM baseline or evaluate the appropri-
ateness of the resulting intervention decisions. Errors introduced
during information extraction may also propagate through the
knowledge graph and subsequent dialogue. A key next step is to
compare the architecture against an end-to-end LLM baseline and
evaluate whether its explicit intermediate representations improve
representation accuracy, stakeholder understanding, auditing, and
intervention quality.

5 Conclusion & Future Work
In this paper, we presented a neuro-symbolic conversational ar-
chitecture for a conversational health coach that combines LLM-
based information extraction, a knowledge graph, and finite-state-
machine dialogue management to make intermediate system states
explicit and traceable. Our preliminary study showed moderate per-
ceived accuracy of the generated schedule representations, while
also revealing opportunities to improve the information extraction
and summarisation pipeline. Future work will examine how these
representations can better support understanding and inspection,
incorporate additional contextual information such as wearable
and calendar data, and evaluate the architecture in longitudinal
real-world deployments.
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