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Chapter 1

Abstract

Augmentative and Alternative Communication (AAC) systems present a persistent chal-
lenge: users struggle to express themselves authentically within the demands of real-time
conversation. While large language models (LLMs) have been explored to reduce commu-
nication effort, existing approaches sacrifice personal voice and fail to scale across diverse
users. This report presents SPICA (Scalable and Personalized Conversational Agent),
a unified agentic framework that addresses two core gaps: the lack of real-time scal-
able personalization, and the absence of structured mechanisms to organize and retrieve
user knowledge during conversation. SPICA operates as a lightweight plug-in requiring
no model retraining, dynamically indexing user-relevant information into a personalized
knowledge base and retrieving it on demand. Evaluation across 205 synthetic AAC user
profiles and a qualitative study with a real AAC user demonstrates that SPICA accel-
erates communication without compromising personalization, producing responses that
are contextually grounded and stylistically consistent with each individual user.



Chapter 2

Introduction

Communication is fundamental to human interaction. For individuals who rely on AAC
technologies, including those with conditions such as cerebral palsy, ALS, or autism, this
function is often mediated by slow and effortful interfaces. The effort required to compose
messages, combined with the difficulty of sustaining conversational flow, frequently leads
to frustration and reduced social participation.

Recent advances in LLMs have introduced new possibilities for reducing this burden
through predictive and contextual text completion. However, generic model outputs often
fail to reflect a user’s personality, preferences, or emotional tone. Prior approaches such
as fine-tuning on user data and retrieval-based personalization remain difficult to scale,
are constrained by data sparsity, and operate over static biographical information rather
than the dynamic contexts of everyday life. Over time, this produces what AAC users
describe as "borrowing a voice”: the system speaks on their behalf, but not truly as them.

Authentic communication demands more than fluency. It requires recalling relevant
context, adapting to changing circumstances, and reasoning about social and emotional
nuance. Without agentic components capable of structuring and orchestrating user in-
formation in real time, even well-intentioned personalized systems struggle to remain
contextually grounded.

This report presents SPICA, designed to address these limitations through agentic
orchestration, dynamic user modeling, and persistent contextual memory. The evalua-
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friends.

User Profile: uses wheelchair, nervous, prefers short direct responses

Figure 2.1: Comparison between traditional AAC-LLM setups and the proposed SPICA frame-
work



tion is organized around three core research questions:

RQ1 (Personalization Fidelity): To what extent can SPICA preserve an AAC
user’s unique communication style, tone, and factual identity across conversational con-
texts without explicit fine-tuning?

RQ2 (Efficiency and Effort Reduction): Does SPICA improve overall commu-
nication efficiency, measured through response latency, reduced manual edits, and con-
versational flow, relative to baseline approaches?

RQ3 (Trust and Real-World Alignment): How do AAC users and their commu-
nication partners perceive the authenticity, reliability, and contextual appropriateness of
SPICA’s responses in real-world settings?



Chapter 3

Dataset

3.1 Personal Data and Profile Cards

Effective personalization for AAC users requires collecting and organizing heterogeneous
data sources that reflect not just static profiles but also the user’s ongoing routines, emo-
tional states, and relationships. Data describing an individual’s life, preferences, and
communication behavior can take many forms and continuously evolve. For AAC users,
this information is often distributed across different modalities: written, spoken, and in-
teractional, each capturing a unique dimension of their lived experience.

To enable personalized and adaptive interaction, SPICA ingests heterogeneous, real-
world sources that capture a user’s lived experiences, preferences, and communication
context. These include autobiographical narratives and journals (long-form life stories
or day-to-day entries authored by the user or caregivers), conversational traces (call logs
and message records that reflect authentic exchanges with communication partners), and
emails and text transcripts (task requests, routine plans, and informal conversations that
reveal goals and communication style). All data collection follows institutional ethics
requirements and written consent. Personally identifiable information is anonymized by
default, sensitive spans are redacted or replaced with neutral placeholders, and raw arti-
facts are stored in a secure environment with strict access controls.

To transform these unstructured sources into usable representations, SPICA intro-
duces profile cards: compact, structured schemas that summarize each user’s commu-
nication preferences, tone, access needs, disability type, and personal background in a
machine-readable format. The motivation for this structured approach emerged through
consultation with AAC domain experts, inspired by systems that construct personas from
survey data and adapted specifically to AAC communication scenarios with greater em-
phasis on access needs, stylistic preferences, and lived experiences. A profile card captures
attributes such as communication mode, preferred response length and tone, topics to
avoid, input speed, visual support preferences, and references to associated documents
such as biographies, call logs, and social posts.

Within SPICA, profile cards serve two core roles. They guide agentic retrieval by sig-
naling what information to fetch and how to weight sources, and they condition response
generation to match each user’s preferred style and tone. This structured representa-
tion supports faithful, context-aware generation rather than generic language modeling,
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Figure 3.1: Illustrative example of a Profile Card representation summarizing a user’s
communication preferences, tone, access method, and personal context. The card acts as
a compact knowledge schema retrieved by SPICA during real-time conversation. If the
card is for real users (non-synthetic), we replace these details with special tags.

effectively acting as a persistent identity layer that travels with the user across all con-
versational turns.

To transform unstructured sources into usable representations, SPICA introduces pro-
file cards: compact, structured schemas that summarize each user’s communication pref-
erences, tone, access needs, and personal background. These cards serve two roles within
the system: guiding agentic retrieval by signaling what information to fetch and how to
weight sources, and conditioning response generation to match each user’s preferred style.

3.2 Synthetic Profile Expansion

A core challenge in AAC research is the scarcity of large-scale, diverse user data, driven
by the ethical and logistical difficulties of recruiting and studying individuals with com-
plex communication needs. To address this, a bank of 205 synthetic AAC user profiles
was constructed spanning a broad range of disability types, severities, communication
modes, and stylistic preferences. Each profile is a self-contained structured record built
on the profile card schema described above.

Profile generation followed a two-stage pipeline. In the first stage, GPT-5 expanded

each expert-reviewed seed persona into multiple realistic variants differing in age, con-
dition severity, hobbies, tone, and response preferences. Prompts were constrained to
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AAC-relevant settings and required internal consistency across all fields, with the objec-
tive of producing diverse yet plausible profiles that reflect the genuine spectrum of AAC
communication rather than stereotyped representations.

System Prompt: You are an AAC researcher creating diverse persona
profiles for users with complex communication needs. Each persona should
describe an individual’s background, daily communication challenges, pre-
ferred topics, and emotional tone. Include details such as age, assistive
device type, motor or cognitive condition, and social environment (e.g.,
family, community, work). Maintain empathy and realism: the goal is
to generate profiles that could meaningfully guide dialogue personalization
studies. Avoid any identifiable or sensitive personal information. Ensure
consistency across attributes and make each persona distinct in personality,
interests, and expressive style.

In the second stage, AAC domain experts reviewed all synthetic profiles against four
criteria: feasibility of access methods, linguistic naturalness, diversity across disability
types, and absence of stereotypes. Profiles containing medically inconsistent traits or
implausible attribute combinations were rejected or revised. Table 3.1 summarizes ex-
pert verification outcomes, with mean editing effort of 0.53 and mean rejection rate of
0.17 across all evaluation dimensions. Disability-trait consistency required the highest
intervention (editing effort 0.67, rejection rate 0.26), reflecting the complexity of accu-
rately representing the relationship between a user’s condition and their communication
behavior.

Evaluation Dimension EE RR
Feasibility of Access Methods 0.42 0.18
Linguistic Naturalness 0.58 0.12
Disability—Trait Consistency  0.67 0.26
Diversity Across Profiles 0.35 0.08

Stereotype or Bias Presence  0.51 0.14
Overall Attribute Plausibility 0.63 0.21

Mean (All Dimensions) 0.53 0.17

Table 3.1: Summary of expert verification outcomes across evaluation dimensions (nor-
malized 0-1). EE denotes Fditing Effort and RR denotes Rejection Rate. Higher values
indicate greater reviewer intervention or inconsistency.

The resulting dataset spans 75 unique disability types including cerebral palsy, ALS,
autism spectrum disorders, and traumatic brain injury across mild to severe presenta-
tions. It covers 201 distinct communication modes, 56 countries or regions, and over 450
unique hobbies and interests, reflecting the heterogeneity and individuality that SPICA
aims to preserve. The average user age is 37.9 years (median 31 years), ranging from 4
to 89 years, with disability severity distributed across mild (55 profiles), moderate (91
profiles), and severe (59 profiles) categories.
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3.3 Contextual Structuring and Semantic Bucketing

Raw personal data, once ingested, must be transformed into retrieval-ready units be-
fore SPICA can use it during conversation. Rather than applying fixed-length or naive
sentence splitting, SPICA uses contextual chunking: adaptively segmenting text based
on discourse boundaries, entity continuity, and conversational intent. Autobiographical
notes and dialogue logs are divided into short, overlapping semantic chunks of one to two
sentences that align with thematic or emotional shifts. A 20% overlap window is applied
across chunk boundaries to minimize information loss at segment edges. Each chunk is
then embedded into a dense semantic vector space optimized for conversational data,
enabling SPICA to capture subtle differences in style, tone, and intent for fine-grained
personalization during retrieval.

Once embedded, chunks are grouped into semantic buckets representing broad, re-
curring themes in the AAC user’s communication history. SPICA employs k-means
clustering with k=7, a value determined through empirical stability analysis to balance
topic diversity and interpretability. Each resulting bucket aligns with high-level domains
of personal relevance such as family, school, daily routines, friendships, or medical expe-
riences. To enhance interpretability, an LLM-assisted summarization process automati-
cally generates descriptive topic labels for each bucket using high-frequency entities and
representative keywords. Domain experts then verify and refine these labels to ensure
alignment with AAC-relevant categories and to prevent spurious or stigmatizing associ-
ations.

This contextual structuring and bucketing process is essential for two reasons. It
enables fast, topic-aware retrieval during real-time conversation by narrowing the search
space to semantically relevant memory regions, and it ensures that SPICA’s generated
responses remain grounded in the most contextually appropriate and personally mean-
ingful aspects of the user’s experience rather than surface-level keyword matches.

3.4 Synthetic Conversation Generation and the SPICA
Chat Corpus

To evaluate SPICA’s personalization and grounding capabilities under controlled yet re-
alistic conditions, a large-scale synthetic dialogue corpus named SPICA__Chat was con-
structed. For each of the 205 verified AAC user profiles, two conversations were generated
using GPT-5 as the teacher model: one personalized dialogue grounded directly in the
user’s autobiographical narratives, communication logs, and profile card attributes, and
one non-personalized dialogue that omitted personal context to simulate standard LLM-
assisted AAC interaction. Each dialogue featured a synthetic AAC user conversing with
a partner persona derived from the JIC (Journal Intensive Conversations) dataset, al-
lowing for naturalistic and stylistically diverse exchanges. Every dialogue consisted of
20 conversational turns (40 utterances), resulting in a total of 410 dialogues and 16,400
utterances with an average of 13.6 words per utterance.

This parallel structure provides a direct comparison between context-grounded and
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generic interactions, serving as a controlled benchmark for evaluating SPICA’s per-
sonalization across a wide range of user backgrounds and communication styles. The
SPICA__ Chat corpus offers both structural consistency and linguistic diversity, making
it suitable for evaluating personalization fidelity, response faithfulness, and conversational
fluency at a scale that would not be feasible through live user studies alone.

3.5 Dataset Statistics Summary

The complete dataset comprises 205 synthetic AAC user profiles paired with the SPICA__Chat
corpus. Together they represent one of the most comprehensive synthetic resources for
AAC conversational Al research to date, covering a wide demographic and disability
range while maintaining ethical and anonymized representation. Key statistics are sum-
marized below:

User Profiles: 205 total profiles, 75 unique disability types, 201 communication
modes, 56 countries or regions, 450+ unique hobbies, average age 37.9 years (range 4-
89), disability severity distributed across mild (55), moderate (91), and severe (59).

SPICA_ Chat Corpus: 410 total dialogues (205 personalized, 205 non-personalized),
20 turns per dialogue, 16,400 total utterances, average 13.6 words per utterance.
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Category Attribute Count / Value

Average Age 37.9 years
Basic Demographics Median Age 31.0 years
Age Range 4 — 89 years
Unknown 105
Mal
Gender Distribution e 99
Female 96
Non-binary 5
Children (0-12) 25
Teenagers (13-18) 19
Yo Adults (19-30 56
Age Groups oung Adults ( )
Adults (31-50) 45
Middle-aged (51-65) 26
Seniors (65+) 34
Mild 55
Disability Severity Moderate 91
Severe 59
Total Profiles 205
Unique Disability Types 75
Summary . .
Unique Countries / Regions 56
Unique Hobbies 450
Total Dialogues 410
Total T Dial 2
SPICA_ Chat Corpus otal Turns per Dialogue 0
Total Utterances 16,400
Avg. Words per Utterance 13.6

Table 3.2: Summary statistics of synthetic AAC user profiles and SPICA Chat corpus.
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Chapter 4

Methodology

4.1 Existing Approaches and Their Limitations

Prior personalization methods for conversational systems follow three general strategies:
fine-tuning on user-specific data (computationally costly and hard to scale), prompt-based
personalization (lightweight but lacks memory or contextual adaptation), and retrieval-
augmented generation with a static memory index (improves factual grounding but lacks
planning or reasoning control). None of these paradigms provide an adaptive orchestra-
tion mechanism that decides when and how to retrieve, reason, or generate, limiting their
utility for dynamic AAC communication.

4.2 SPICA Architecture

SPICA reformulates AAC personalization as an agentic orchestration problem, operating
through six core components:

C1. Profile Card Injection. Each user’s profile card is converted into a natural-
language descriptor and fused with the dialogue history to form an augmented prompt.
This lightweight conditioning personalizes responses without any retraining, acting as an
adaptive identity layer.

C2. Agentic Controller. Given a partner query, the controller decomposes it into
sub-queries and classifies each as Personal, Contextual, or Open-domain. Each sub-query
is routed to the appropriate retrieval pool: user-specific memory buckets, conversational
context, or external open-domain sources.

C3. Retrieval and Ranking. For each sub-query, SPICA retrieves relevant content
from its indexed memory by maximizing semantic similarity using dense sentence em-
beddings. Retrieved results are grouped into semantic buckets and prioritized by bucket
relevance, ensuring personally appropriate knowledge is emphasized over generic text.

C4. Plan Execution and Response Generation. The agentic controller compiles
a reasoning and synthesis plan. The generator combines retrieved personal evidence with
the evolving dialogue to produce responses that balance authenticity (faithful to user
identity) and coherence (contextually appropriate).

C5. Internal Tools. SPICA primarily queries its indexed memory for fast user-
specific search. When internal coverage is insufficient, it can optionally invoke a web
search API, though this is used only as a fallback given the 60% increase in response
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latency it introduces.

C6. Feedback Module. For each partner query, SPICA presents three candidate
responses and a turnaround option requesting clarification. The user’s selection provides
implicit feedback: evidence supporting the accepted response receives increased salience,
while unused evidence decays. This enables continual personalization through lightweight
index-side updates, with no model retraining required.

T::'::il Decompose
’ Data Query to SPICA
aggregation > Subqueries
a @
, u:! i Intent
Logs Personal Profile Card classification
Narrative ol b Partner’s Query
4 Parsing data Retrieval .

Planning
4. Bucketed 3. Diata extraction & - - a
Indexing contextual chunking 3. Responses

3 responses, 1 turnover Contextual
—— Retrieval

Organize similar Responses send
' chunks m P w R I?, R back to UL Fusion &
1 ™ 3

I 4 ] ) - - 1 hg R — Reasoning

g L

. . i . = Response
Embedding Buckets Contextual Chunk User preference logged, to q."'mﬂo“a

update memory

SPICA - Index (Personal Knowledge o . -
Construction) SPICA - Agentic Inference Pipeline

Figure 4.1: Overview of the SPICA framework. The left panel shows the Indexing Phase,
where personal data (e.g., journals, social posts, and communication logs) are parsed,
embedded, and organized into contextual memory buckets. The right panel shows the
Agentic Inference Phase, where SPICA decomposes queries, retrieves relevant context,
fuses it with the user profile, generates responses, and updates memory for continual
personalization. This enables long-term grounding, transparent reasoning, and user-
aligned AAC communication.
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Algorithm 1 SPICA Runtime Interaction Loop

Require: Agentic controller A; personal index [ with bucket priors m(b) and doc

saliences s4; embedding model ¢(+); generator fp; style embedding 1,,; hyperparam-
eters 3 (boost), v (decay), A (style update), K (top-K retrieval)

Ensure: A selected response or turnaround for partner query ¢

T e S T T ~ T = Sy S

21:
22:
23:
24:

25:
26:

R I LA O L AT

Input: Partner query ¢, dialogue history x;, user profile card p;
Profile Injection: Form augmented context x} < [I(p;) ® ]
Decompose & Classify: {¢] k_, + A.DECOMPOSE(q;); Type(q])
for each subquery q{ do
if Type(q/) = Personal then A
Bucket Prioritization: p(b) o< m(b) - maxge, cos(¢(q7), ¢(d))
Retrieve: B} «+ TorK(I,q, K, p(-))
else if Type(q/) = Contextual then
E] + CONTEXTMEMORY ()
else
E] < 0 {Open-domain fallback rarely uses web, to avoid latency}
end if

: end for

. Plan: 7, + A.PLAN(q, {(¢/, E})})

. Generate Candidates: {y}, 32, y2} < fo(z}, m, U;E})

: Turnaround Option: 7; < A TURNAROUND(¢) {e.g., request clarification}
: Rank & Present: show {y;,y?,y?,7:} on the AAC interface

Selection: user chooses s; € {1,2,3,7}; log(qy, S¢)

. if s; # 7 then

Salience Update: for d € E*, s; «+ (1 —f)sq+ p; for d ¢ E;*, s4 +
(1 —7)sa
Bucket Prior Refresh: update 7(b) proportionally to aggregate salience in b
Style Refresh: ¢, < A\, + (1 — \)op(y;")
else
No-Answer Path: optionally boost clarification templates; do not modify
saliences
end if
Return: selected response y;* (or 7 if turnaround chosen)
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Chapter 5

Experimental Setup

5.1 Study Setting and Participants

The live evaluation involved a single human participant (Participant A), an adult male
with spastic quadriplegia and extensive experience using augmentative and alternative
communication (AAC) devices. He communicated at an average rate of 7-10 words per
minute using a custom switch interface. To ensure naturalistic interaction, study ses-
sions were conducted in the participant’s home environment. Partner utterances were
transcribed in real time using the Deepgram Nova-3 automatic speech recognition model,
while system responses were rendered audibly through Google Text-to-Speech. Each ses-
sion lasted approximately 45 minutes and consisted of multiple 20-turn dialogues.

5.2 Personalization Regimes

The study evaluated three distinct personalization configurations:

S1 (Base LLM): A pretrained decoder-only model without personalization or re-
trieval, generating next-utterance responses directly from the dialogue context.

S2 (Prompt-Personalized): The base model utilizing profile card injection at run-
time (without retrieval), which provides style and factual priors as a natural-language
preamble.

S3 (SPICA Framework):Full agentic orchestration featuring query decomposition,
bucketed retrieval over user-specific indices, contextual planning, three candidate re-
sponses alongside one turnaround option, and feedback-driven index-side updates.

5.3 Models and Retrieval Setup

SPICA was evaluated across four open instruction-tuned large language models of vary-
ing capacities: Phi-3.5-mini-instruct (~4B), Mistral-7B-Instruct-v0.3 (~7B), LLaMA-
3.1-8B-Instruct (~8B), and Gemma-2-9B-it (~9B). All models shared identical decoding
hyperparameters: a temperature of 0.7, top-p of 0.95, and a generation cap of 128 tokens
per turn. A Mixture-of-Experts (MoE) architecture, Qwen3-4B, was additionally tested
to assess SPICA’s compatibility with routing-based models.
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For the agentic setup (S3), user-specific evidence was indexed using two embedding
backends, nomic-embed-text-v1.5 and all-MiniLM-L12-v2, to examine retrieval sensi-
tivity. Retrieval operated using top-K evidence (K=5) and incorporated cluster-prior
reweighting for bucket-level balancing.

5.4 Evaluation Paradigms

The framework was evaluated under two complementary paradigms:

Automatic Evaluation (AE): Conducted on the SPICA_Chat synthetic dialogue
corpus to assess output quality and consistency. Reference-based metrics (BLEU-4,
METEOR, ROUGE-1/2/L, and BERTScore) assessed fluency and semantic coherence.
Groundedness and hallucination were measured for factual consistency against retrieved
evidence using entailment-based grounding metrics. Retrieval metrics evaluated bucketed
retrieval against a gold evidence set using Precision@k, Recall@Qk, F1@Qk, nDCG@k, and
Mean Reciprocal Rank (MRR). Finally, operational efficiency was quantified through
response latency (inference time) and simulated edit effort (the proportion of responses
requiring manual revision).

Human Evaluation (HE): A live pilot study was designed to verify the feasibility
of integrating SPICA within an existing AAC workflow, cross-check automated met-
rics with human judgments, and identify cognitive bottlenecks. The protocol involved
each session consisting of two 20-turn dialogues—one personalized via SPICA and one
non-personalized baseline. Responses were independently rated by two AAC domain ex-
perts and the communication partner on a 5-point Likert scale across four dimensions:
Trust/Authenticity (reflecting the user’s unique expressive style), Coverage/Factualness
(factual consistency and adequacy of content), Partner Comprehension (clarity and inter-
pretability), and Response Latency (average delay in seconds between query submission
and the audible response).
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Chapter 6

Challenges

6.1 Cost-Performance Tradeoffs Across SPICA Mod-
ules

Deploying commercial-grade models such as GPT-5 throughout every component of an
agentic framework like SPICA is neither economically nor computationally sustainable
at scale. A key design objective was therefore to identify the most cost-efficient configu-
ration that preserves communicative quality and personalization without relying on large
proprietary models for every submodule.

Analysis across SPICA’s pipeline revealed that different components have very differ-
ent sensitivity to model size and capability:

Query Decomposition and Classification. Breaking a partner’s query into sub-
queries and classifying conversational intent proved to be well-handled by smaller open-
source models. Phi-3.5-mini and Mistral-7B both achieved over 92% decomposition ac-
curacy compared to GPT-5’s perfect score, at a fraction of the cost. SPICA defaults to
these lightweight models for this stage.

Bucket Prioritization and Retrieval. Compact sentence embedding models such
as nomic-embed-text-v1.5 proved sufficient for accurate contextual retrieval even under
noisy or overlapping contexts. Using these encoders instead of full generative LLMs
provided nearly identical retrieval performance while substantially reducing inference
cost.

Personalized Response Generation. This is the most resource-intensive compo-
nent, as it integrates retrieved context with the user’s profile card and produces candidate
replies. Smaller open models capture surface-level personalization but struggle to main-
tain coherence and long-range reasoning across turns. Commercial-grade models exhibit
superior pragmatic adaptation and contextual faithfulness, particularly when user data is
highly structured or aggregated from multiple sources. SPICA therefore reserves higher-
capacity models for final generation where possible.

Candidate Ranking. Once multiple candidate responses are generated, reranking
for semantic fidelity and conversational appropriateness can be handled efficiently by
compact cross-encoder models such as MiniLM Reranker or BGE Reranker, which are an
order of magnitude cheaper to deploy than commercial LLMs while maintaining strong
ranking performance.
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Overall, approximately 60% of SPICA’s computational pipeline can be reliably han-
dled by open-source models under 10B parameters without notable degradation in output
quality. The remaining pipeline benefits substantially from commercial-grade reasoning.
This hybrid deployment strategy demonstrates that scalable personalization in AAC sys-
tems can be both economically and ethically sustainable.

6.2 Real-World AAC Evaluation Constraints

Evaluating Al systems with real AAC users introduces challenges that synthetic testing
cannot replicate. Each live session requires customized device calibration, secure envi-
ronment setup, adaptive timing to match the user’s communication rate, and continuous
expert oversight. For this study, the experimental setup had to be transported to the
participant’s home, making replication across multiple participants logistically demand-
ing.

&
a)

Figure 6.1: (A) shows an anonymized depiction of Participant A’s AAC setup during
the SPICA evaluation. The image shows the Minspeak and IntelliKeys devices, with the
SPICA conversational interface displayed on an adjacent tablet. All identifying visual
details have been removed or blurred to protect privacy. (B) shows the Ul interface
Participant A was interacting with.

Participant A, due to motor limitations, could only provide binary yes/no satisfaction
feedback during sessions rather than detailed ratings. This constrained the granularity
of real-time user feedback and required expert and partner ratings to serve as proxies for
user satisfaction, introducing a layer of interpretive distance between system output and
the user’s actual experience.

The communication partner’s satisfaction ratings were also consistently lower than
expert ratings, not necessarily because SPICA performed poorly, but because live AAC
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interaction involves natural conversational delays, environmental distractions, and con-
textual shifts that influence perceived fluency in ways that controlled evaluation cannot
fully account for.
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Figure 6.2: Live evaluation setup showing Participant A (AAC user) engaging in a nat-
ural conversation with a communication partner through the SPICA framework. The
user operates a personalized AAC interface connected to SPICA’s reasoning and retrieval
modules while the partner interacts verbally. The displayed interface shows the partic-
ipant selecting Response 2 from the three generated options. The session demonstrates
real-time message generation, grounding, and selection on the user’s device. All identifi-
able details have been anonymized due to privacy.

6.3 Stylistic Consistency and Tone Drift

While SPICA successfully embedded high-level personality cues from profile cards, the
live evaluation revealed that tonal consistency was not uniform across conversation types.
Transactional exchanges such as simple greetings or factual questions yielded well-paced,
appropriately styled responses. However, narrative or emotionally complex prompts occa-
sionally led to verbosity and drift from the user’s target style. In some instances, residual
stylistic bias from pretraining corpora caused the system to produce responses with un-
warranted expletives or excessive formality, neither of which matched the participant’s
established communication profile.

This suggests that SPICA’s style controller, while capable of general personality con-
ditioning, requires finer calibration on short, consistent turn-level examples specific to
each user rather than relying solely on long-form biographical narratives in the profile
card.
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6.4 Cognitive Load from Multi-Option Selection

SPICA presents three candidate responses and a turnaround option at each conversational
turn, giving users control over response selection. While this design supports personal-
ization through implicit feedback, extended sessions revealed that repeated multi-option
selection contributes to cognitive and physical fatigue, a non-trivial concern for AAC
users for whom every interaction requires deliberate effort. Future iterations of SPICA
must explore implicit feedback mechanisms and predictive preference modeling to re-
duce the number of selections required without sacrificing the user’s sense of control and
authorship over their responses.

6.5 Dependency on Cloud-Based Inference

SPICA’s current architecture relies on cloud-based inference for agentic reasoning and
retrieval. While this enables high performance, it introduces dependency on network sta-
bility and external servers, which presents a practical barrier for users in low-connectivity
environments. Privacy is also a consideration: routing personal biographical data and
live conversational content through external APIs requires careful handling even under
strong anonymization protocols. On-device or edge-deployed versions of SPICA would
meaningfully improve privacy, reduce latency, and enhance user autonomy, but deploy-
ing full agentic orchestration locally remains constrained by current hardware capabilities
and the limits of model compression at this scale.
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Chapter 7

Results

7.1 Automatic Evaluation

Across all models, personalization progressively improved both stylistic and factual met-
rics from S1 to S3. Profile card injection alone (S2) yielded surface-level improvements,
with BLEU-4 increasing by approximately 15% and BERTScore by about 2%. The full
SPICA configuration (S3) achieved the most significant gains: groundedness increased by
20-25% on average while hallucination frequency decreased by roughly 30-35% compared
to baseline across all models.

The largest relative improvements occurred in smaller models. For Phi-3.5-mini and
Gemma-2-9B, groundedness rose from 0.58 to 0.71 and 0.62 to 0.76 respectively, with
corresponding hallucination reductions of 29% and 33%. This suggests that SPICA’s
agentic retrieval compensates for limited model capacity, enabling smaller models to
maintain factual fidelity comparable to mid-sized generators. LLaMA-3.1-8B achieved
the highest absolute performance, reaching a groundedness of (.78 and a hallucination
rate of 0.16. On retrieval quality, nomic-embed-text-v1.5 consistently outperformed all-
MiniLM-L12-v2, achieving a higher F1@5 (0.56 vs. 0.51) and Mean Reciprocal Rank
(0.69 vs. 0.63), confirming that denser semantic embeddings improve evidence selection
for grounding.

7.2 Human Evaluation

SPICA received consistently high expert ratings across all dimensions (4.2-4.6 on a 5-point
Likert scale), reflecting strong perceived authenticity, factual grounding, and comprehen-
sion. Partner ratings were moderately lower (3.3-3.6), consistent with natural variability
in live AAC interaction. Response latency remained within practical AAC thresholds
at 10.2 4+ 4.8 seconds. Inter-rater reliability between expert evaluators was strong, with
ICC values ranging from 0.87 to 0.91.

A one-way ANOVA on overall satisfaction ratings confirmed a statistically significant
difference among rater groups (F(2,87) = 15.62, p < 0.00001). Post-hoc analysis showed
that both experts differed significantly from the communication partner (p < 0.001), but
not from each other (p = 0.21). The partner’s lower mean (3.20 vs. expert means of 4.23
and 4.70) reflects the natural cognitive and situational demands of live AAC communi-
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Figure 7.1: Metric-wise Comparison Across Models and Personalization Setups

cation rather than a failure of the system itself.

Qualitatively, SPICA demonstrated strong performance on factual recall tasks and

produced contextually grounded responses that partners correctly interpreted in over
80% of cases. Occasional verbosity and minor stylistic drift were noted as areas for

improvement.
Metric Expert 1 Expert 2 Expert 3
Trust / Authenticity 4.4 4.5 3.6
Coverage / Factualness 4.2 4.3 3.3
Partner Comprehension 4.5 4.6 3.5
Response Latency (s) 10.2 + 4.8

Table 7.1: Quantitative evaluation of SPICA in live AAC interaction (Participant A, two
20-turn dialogues; 40 total turns). Ratings are averaged on a 5-point Likert scale; higher
is better.
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Chapter 8
Future Work

While SPICA establishes a strong foundation for scalable, personalized AAC commu-
nication, several directions remain open for exploration. These span both extensions
identified through the current study and a significant ongoing research thread on multi-
modal agentic capabilities.

8.1 Expanded User Evaluation and Longitudinal Stud-
ies

The live evaluation in this study involved a single AAC participant, a limitation driven by
the inherent accessibility and logistical constraints of conducting in-situ AAC research.
Recruiting participants requires customized device calibration, secure environment setup,
and continuous expert oversight, making large-scale replication resource-intensive. Fu-
ture work will prioritize inclusion of additional participants with diverse disability profiles,
communication modes, and severity levels to generalize SPICA’s findings beyond a single
interaction context. Multi-session longitudinal evaluation will also be pursued to assess
how SPICA’s adaptive feedback and memory updating mechanisms evolve over time and
whether personalization quality improves with sustained use.

8.2 Adaptive Style Calibration

Results from the live evaluation revealed that while SPICA successfully embedded high-
level personality cues from profile cards, it occasionally produced verbosity and stylistic
drift, particularly in response to narrative or emotionally complex prompts. The style
controller requires finer calibration on short, consistent turn-level examples rather than
long biographical summaries. Future iterations will explore turn-level style feedback
mechanisms and lightweight preference modeling to improve tonal consistency across ex-
tended conversations without increasing cognitive load for the user.
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8.3 On-Device and Edge Deployment

SPICA currently relies on cloud-based inference for agentic reasoning and retrieval, intro-
ducing dependency on network stability and external servers. This presents a practical
barrier for AAC users in low-connectivity environments or those with strong privacy pref-
erences. Future work will investigate edge-deployed and on-device versions of SPICA’s
orchestration pipeline, leveraging model compression techniques and locally deployable
embedding models to reduce latency, enhance privacy, and improve autonomy without
significantly degrading personalization quality.

8.4 Multimodal Agentic LLMs for AAC

Perhaps the most significant direction currently underway is the extension of SPICA
toward multimodal agentic reasoning, motivated directly by observations from the live
pilot study. Participant A’s natural communication repertoire extends well beyond text,
encompassing vocalizations, facial gestures, and a self-developed form of ”air signing”
performed with his left hand. His current AAC setup cannot interpret these signals, forc-
ing him to rely entirely on slow symbol-based input even when richer expressive cues are
available. This gap represents a fundamental mismatch between how AAC users actually
communicate and what current systems can perceive and act on.

The proposed multimodal extension aims to integrate gesture, facial expression, and
air-sign recognition into SPICA’s agentic inference pipeline, allowing the system to fuse
physical communicative signals with text-based input for richer, lower-effort interaction.
This introduces a range of open research questions that are actively being investigated:

Vocabulary of Motion. AAC users often develop repeatable, idiosyncratic hand
gestures for high-frequency intents such as ”stop,” "more,” or "yes/no.” A key question
is whether these gestures can be identified and prioritized as high-weight intent signals
within SPICA’s routing layer, effectively functioning as shortcut commands that bypass
full query decomposition for common communicative acts.

Motor Constraints and Spatial Calibration. Air-signing behavior varies signif-
icantly across users based on their range of motion. For some users, gestures may be
confined to a small spatial radius, while others can perform larger sweeps. The sensing
layer must be calibrated per-user to reliably detect and interpret motion within their
specific physical constraints, without requiring gestures that exceed comfortable range.

Gesture Duration and Command Completion. Determining when a gesture
constitutes a complete command is non-trivial. Holding a gesture too briefly may result
in false activations, while requiring extended holds increases physical effort. Future work
will explore adaptive thresholds for gesture duration based on per-user baseline interaction
patterns logged during onboarding.

Multimodal Conflict Resolution. When modalities contradict each other, for
instance when a user’s facial expression signals discomfort while their text-based response
is neutral, the system must decide which signal to treat as the primary emotional truth.
This is especially important in AAC contexts where users may accept a generated response
despite it being imperfect, due to the effort cost of correction. The conflict resolution
strategy must be user-configurable and informed by prior interaction history.
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Linguistic Nuance in Air-Writing. Users who employ air-writing as a communi-
cation modality may develop personalized shorthand, using abbreviated letter shapes or
idiosyncratic strokes for complex words. Recognizing these user-specific conventions re-
quires a recognition layer that goes beyond standard handwriting detection, incorporating
per-user learned mappings that are refined over time.

Ambiguity Handling and Feedback Preferences. When a multimodal signal
is ambiguous, the system must notify the user without disrupting conversational flow.
Users may prefer different feedback modalities for this, such as a visual icon, a brief audi-
ble prompt, or a candidate clarification response. These preferences will be captured as
part of the user’s profile card and treated as first-class personalization parameters within
SPICA’s existing framework.

Taken together, this multimodal direction aims to move SPICA beyond text-only
interaction toward a system that perceives the full communicative range of the AAC
user, reduces physical selection effort, and aligns more closely with the natural expressive
behaviors that users have already developed outside of their formal AAC devices.
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Chapter 9

Conclusion

This report presented SPICA (Scalable and Personalized Intelligent Conversational Agent),
an agentic orchestration framework designed to address two persistent failures of exist-

ing LLM-powered AAC systems: the inability to scale personalization beyond static

biographical data, and the absence of structured mechanisms to organize, retrieve, and

reason over user knowledge in real time. By integrating structured profile conditioning,

retrieval-based grounding, and adaptive feedback-driven memory updates, SPICA en-

ables large language models to generate responses that are both authentic to the user’s

identity and contextually faithful to their lived experiences, without requiring any model

retraining or architectural modification.

9.1 Summary of Contributions

The core technical contribution of this work is the reformulation of AAC personalization
as an agentic orchestration problem. Rather than treating personalization as a one-time
injection of static user attributes, SPICA treats it as a continuous process that evolves
with each conversational turn. It achieves this dynamic adaptation through six archi-
tectural components: profile card injection, an agentic controller, a bucketed retrieval
system, a plan execution module, internal search tools, and an adaptive feedback loop. A
secondary contribution is the SPICA__Chat corpus: a parallel collection of 410 dialogues
across 205 synthetic AAC user profiles, providing one of the most comprehensive syn-
thetic benchmarks for evaluating personalization and response faithfulness in AAC-style
conversational Al.

9.2 Answers to the Research Questions

For RQ1 (Personalization Fidelity), SPICA improved groundedness by approxi-
mately 22% and reduced hallucination rates by nearly 30% compared to non-agentic
baselines across all evaluated models, without any fine-tuning. Notably, SPICA’s re-
trieval mechanisms compensated for limited model capacity, allowing smaller open-source
models to achieve factual consistency comparable to mid-sized generators.

For RQ2 (Efficiency and Effort Reduction), the live pilot achieved a mean
response latency of 10.2 + 4.8 seconds, remaining within established AAC usability
thresholds while maintaining coherence and reducing the need for manual edits. The
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hybrid deployment strategy, using lightweight models for background reasoning and
higher-capacity models for final generation, proved effective in balancing cost against
communication quality.

For RQ3 (Trust and Real-World Alignment), expert ratings for authenticity
and partner comprehension ranged from 4.2 to 4.6 on a 5-point Likert scale, with strong
inter-rater reliability (ICC 0.87-0.91). The gap between expert and partner satisfaction
scores was attributable to the natural variability of live AAC interaction rather than sys-
tem failure. Qualitatively, conversation partners reported interactions as feeling faster
and less effortful compared to manual composition alone.

9.3 Broader Significance

These results challenge the prevailing assumption that meaningful personalization in con-
versational Al requires fine-tuning or large-scale model adaptation. SPICA demonstrates
that with well-structured retrieval, agentic reasoning, and lightweight feedback mecha-
nisms, scalable identity-preserving communication assistance is achievable using open-
source models deployable at low cost. This has direct relevance for accessibility technol-
ogy, where the gap between research-grade systems and practically deployable tools is
often defined by computational and economic constraints.

More fundamentally, this work reinforces that personalization in AAC is not a conve-
nience feature but a question of dignity and autonomy. The phenomenon of "borrowing
a voice” that AAC users describe reflects a deeper misalignment between assistive tech-
nology and the user’s sense of self. SPICA’s design philosophy, grounding generation in
the user’s own memories, preferences, and expressive patterns, represents a meaningful
step toward systems that genuinely speak with users rather than simply on their behalf.

9.4 Path Forward

Despite its contributions, SPICA’s current pipeline operates on textual data alone, the
live evaluation involved only one AAC participant, and the cloud-based architecture in-
troduces practical barriers around network dependency and privacy. Addressing these
limitations defines the immediate path forward. The ongoing extension toward multi-
modal agentic capabilities, incorporating gesture, facial expression, and air-sign recogni-
tion into SPICA’s inference pipeline, represents the most significant next step. Paired
with longitudinal multi-participant evaluation, adaptive style calibration, and progress
toward on-device deployment, this work aims to move SPICA from a promising research
prototype toward an inclusive, sustainable communication technology that meaningfully
serves the full diversity of the AAC user population.
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