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Abstract
This paper presents an offline speech-driven semantic input mod-
ule born to support an indoor navigation application in the con-
text of Sapienza University of Rome. The system addresses the
difficulty international students face when searching for rooms,
as Italian names are often mispronounced and incorrectly tran-
scribed by standard speech-to-text (STT) systems. To operate in
buildings with limited connectivity, the solution relies entirely on
on-device processing and does not require cloud services or dedi-
cated speech recognition models. Spoken queries are normalized
through domain-specific vocabulary correction and spoken num-
ber extraction before being matched against a local repository of
243 rooms across four campus buildings. The matching engine
combines Levenshtein similarity with an Italian-specific phonetic
representation to improve robustness against transcription errors
and pronunciation variation. Evaluation on 150 spoken queries
achieved 92% top-candidate accuracy, with an additional 6% cor-
rectly resolved through disambiguation. The complete resolution
pipeline executes in 8.0 ms on consumer mobile hardware, demon-
strating the feasibility of lightweight, real-time, offline voice search
to support indoor navigation applications.

CCS Concepts
•Human-centered computing→Natural language interfaces;
Ubiquitous and mobile computing; • Computing methodologies
→ Natural language processing.
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1 Introduction
This work was born as part of a university project that aims to help
students navigate the campus by implementing a mobile navigation
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system. The challenge of navigating the campus stems from the
large number of rooms, the scarcity of information about them,
and the use of Italian names for rooms and buildings, which many
international students find difficult to spell, pronounce, and re-
member, especially at the start of each semester. While modern
smartphones provide built-in speech-to-text (STT) functionality, it
has proven insufficient for accurately transcribing Italian names, es-
pecially when spoken by users who are not native Italian speakers,
regardless of the language setting used by the STT engine. In our
context, campus buildings often suffer from poor or nonexistent
network coverage, making cloud-based transcription impractical.
Furthermore, to the best of our knowledge, there is currently no
widely adopted approach for implementing fully offline, mobile
domain-adapted voice search in indoor navigation systems.
The system proposed in this paper is thus defined by the follow-
ing three constraints that shaped its design. First, it must operate
without any network connection at query time, since basement
floors and dense concrete structures routinely block both Wi-Fi and
cellular signals. Context-aware mobile systems increasingly exploit
information available from the user environment and device con-
text to adapt their behavior to specific operational constraints [3].
Second, it must handle two languages, Italian and English, reflect-
ing the real user base at Sapienza where international students and
visitors cannot be expected to speak Italian as natives. Third, it
cannot bundle large dedicated speech models: storage requirements
are prohibitive. Achieving acceptable bilingual accuracy with Whis-
per requires the ’base’ model (approximately 142MB), while Vosk
requires bundling separate acoustic models per language (nearly
100MB total), which is structurally unjustifiable for a mobile ap-
plication already bundling offline features for indoor navigation.
By contrast, the room repository used by our system totals under
100KB across all four buildings, as it requires no speech model and
relies entirely on the OS native STT engine. The speech-driven
semantic input module presented in this work is implemented in
Flutter and integrated into the existing navigation application built
for Sapienza. It resolves spoken room queries against a local repos-
itory of 243 rooms across four buildings and operates with no
network dependency at query time. To recover from common STT
transcription errors, the system applies phonetic preprocessing and
custom fuzzy matching, allowing approximate rather than exact
string matches and compensating for character-level transcription
noise. The building repository was assembled through direct field
visits to all four campus buildings, capturing both official room
designations and the informal names students actually use, since
those two differ significantly.

mailto:ceylan.2124426@studenti.uniroma1.it
mailto:trasciatti@di.uniroma1.it
mailto:panizzi@di.uniroma1.it
https://doi.org/10.1145/3776591.3832512
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://doi.org/10.1145/3776591.3832512


ICMI Companion ’26, October 05–09, 2026, Napoli, Italy Gokhan Ceylan, Gabriella Trasciatti, and Emanuele Panizzi

2 Related Work
Voice-based interaction in mobile applications has been studied
extensively. Commonly found commercial systems such as Google
Assistant [8] and Siri [2] route audio to remote servers for tran-
scription, which makes them unsuitable for environments where
network access is unreliable. On-device alternatives such as Vosk
[1] offer offline transcription but provide raw text with no do-
main adaptation, leaving the gap between transcribed input and
application-specific entities unresolved.
String similarity metrics have a long history in record linkage and
name matching tasks [6, 9]. Levenshtein edit distance [11] remains
a strong baseline for short strings with character-level errors, and
Cohen et al. [5] show it compares favorably against more complex
metrics for name matching. Phonetic encoding, introduced by Rus-
sell [14] and extended by Philips [13], addresses sound-alike errors
that edit distance alone cannot catch. Winkler [16] demonstrates
that combining similarity metrics improves precision in record link-
age tasks. Our system applies this insight directly: Levenshtein
similarity and a language-specific phonetic key are combined at the
token level to handle both transcription noise and accent-driven
pronunciation variation.
The most architecturally relevant prior system is Soundscape [15],
which applies fuzzy string matching to geographic search. However,
Soundscape operates over typed input only and has no internal
voice resolution engine: it delegates spoken interaction to platform-
level accessibility layers like VoiceOver or TalkBack, which means
it cannot process a free-form noisy spoken phrase and map it to
a semantic indoor destination. The specific combination this pa-
per addresses, fully offline bilingual voice resolution against a cu-
rated indoor room database, is not covered by any prior system
we are aware of. Accessibility-focused navigation tools such as
GoodMaps [7] and Lazarillo [10] support spoken output but rely
on typed input or platform screen readers for destination entry,
leaving the voice-input problem unsolved.

3 System Overview
The module is organized as a three-stage pipeline. Raw audio is cap-
tured and transcribed by the speech recognition layer, the resulting
text is normalized and parsed by the NLP preprocessing layer, and
the cleaned query is matched against the room repository by the
semantic matching engine. All three stages run on-device with no
network calls at query time, following a broader trend in mobile
computing where smartphones are used as autonomous sensing
and processing platforms rather than merely as clients of remote
services [4, 12].
The room repository covers four buildings on Sapienza’s campus,
summarized in Table 1. Each room entry stores Italian and English
names, a list of room number identifiers, room type, floor, and an
optional list of staff occupants, such as professors’ names. Room
numbers are stored as arrays to accommodate rooms known by
multiple identifiers; for example, a basement room may carry both
a positive identifier and a floor-prefixed one.

Figure 1 shows the three possible outcomes implemented for
voice queries: a confirmed single match, a disambiguation list when
multiple rooms score above the confidence threshold, and a no-
match response when no room clears the minimum score.

Table 1: Composition of the building repository dataset.

Building Code Rooms Occupants

Ex Vetrerie Sciarra RM103 47 19
Edificio Marco Polo RM021 82 43
Facoltà di Lettere e Filosofia CU003 48 9
Villa Mirafiori RM052 66 45

Total 243 116

Figure 1: Voice query outcomes: single confirmedmatch (left),
disambiguation list of three (center), and no match found
warning (right).

3.1 Speech Recognition and Connectivity
Detection

The system uses the device operating system’s native speech-to-text
API via the speech_to_text Flutter package. Before each recogni-
tion session, the module performs a DNS lookup solely to determine
whether the device is online or offline; no data is downloaded.When
online, the module explicitly sets the STT locale to match the user’s
chosen language: for Italian it selects the first available locale begin-
ning with it; for English it evaluates a priority list of en-US, en-GB,
en-AU, en-IN, and en-CA in order. When offline, the locale is left
unset and the OS STT engine falls back to whichever on-device lan-
guage model it already has installed, preserving basic transcription
functionality without any network dependency.
The recognition session is configured to emit partial results: the API
delivers an updated transcript after each recognized word, and each
emission is immediately passed through the full NLP pipeline. For
short queries such as a room number or a single occupant surname,
the resolver may accumulate sufficient confidence to commit to a
result before the speaker has finished the utterance. If no confident
interpretation can yet be established, however, the resolver simply
continues processing subsequent partial transcripts as they arrive
from the STT system. The search bar in Figure 1 shows an example
of this behavior: the confirmed match on the left was produced
while the query was still live.
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3.2 NLP Preprocessing
As a first step, before the actual matching, the raw transcript goes
through a normalization step that strips diacritics, removes filler
words common in Italian and English speech, and applies a domain-
specific ontology substitution map. The ontology covers two cate-
gories of correction: phonetic variants that STT engines commonly
produce for Italian academic vocabulary (for example, aula tran-
scribed as aola, laura, or hola), and abbreviation expansions used in
spoken navigation requests (for example, lab to laboratorio in Italian
mode, or lab to laboratory in English mode). The Italian dictionary
contains 25 entries and the English dictionary 22. All entries were
sourced from actual failed transcripts collected during field sessions
across the four buildings by students, rather than constructed syn-
thetically, which ensures each correction targets a hallucination
pattern the system genuinely encounters. The filler removal step
applies a complementary list of 47 navigational phrases in both
languages, covering constructions such as take me to, portami al,
where is, and dove si trova, so that the token passed to the matching
engine contains only the destination identifier. After normalization,
the module attempts to extract a room number from the query us-
ing a five-strategy cascade: regular expression matching, sequential
single-digit grouping, English and Italian spoken number parsers,
Roman numeral recognition (commonly found in Italian universi-
ties), and a standalone letter fallback for rooms identified by a single
character. The Italian parser handles fully composed spoken forms
of numbers like duecento diciotto by hierarchical decomposition
into hundreds, tens, and units, yielding 218. The English parser
handles additive forms like two hundred and eighteen the same way.

3.3 Semantic Matching Engine
After attempting number extraction, the module checks whether
the extracted number exactly matches any entry in the repository’s
number arrays. If a match is found, the corresponding result is
returned immediately. If no valid number is extracted, the query
proceeds to fuzzy name matching. In this case, each room name
is scored token by token using a novel combined metric: Leven-
shtein similarity plus a phonetic bonus that depends on whether
the consonant skeleton of the query matches that of the candidate
token, either exactly (+0.20) or as a substring (+0.05). The consonant
skeleton is built by lowercasing the token, collapsing the Italian di-
graphs chi, che, ghi, ghe, ci, and ce into a single k/g-based consonant
(deliberately merging the hard/soft distinction), reducing gl to l and
gn to n, collapsing sc to s, dropping the silent letter h, substituting q
with k, collapsing any remaining repeated consonants, and finally
removing all vowels. Table 2 shows examples of how consonant
skeletons stay the same even when STT introduces transcription
errors.

The resolver also applies score bonuses according to a set of
heuristics specific to a navigation application context. For example,
it favors candidates who signal the entrance of a building. Staff
occupant names are scored separately using the same combined
metric, with surnames weighted at 70% and first names at 30%. A
single-token query scoring above 0.80 against a surname is returned
directly without penalty for the missing first name, as it is deemed
sufficient to correctly identify a particular surname, letting the user
manually disambiguate if more than a single match of that surname

Preprocessed Query

number
found?

Exact Number
Lookup

Token-by-Token
Fuzzy Scoring

Levenshtein
Similarity

Consonant Skeleton
(Phonetic Bonus)

exact
+0.20

substr
+0.05

Token Score

yes
return

no

Figure 2: Semantic Matching Engine resolution flow.

is returned. A room passes the decision threshold when its top score

Table 2: Phonetic key and Levenshtein distance for four com-
mon STT errors.

Spoken Input Target Room Phonetic Key Levenshtein Distance

Aola Aula l 1
Labratorio Laboratorio lbrtr 1
Bibiloteca Biblioteca bbltc 2
Semianrio Seminario smnr 2

reaches 0.85 or higher, or when it leads the next candidate by a
margin of at least 0.10. Queries that do not clear either threshold
return no match. All of the scores and thresholds chosen in this
phase have been tuned to achieve a desired behavior, in particular
to avoid returning certain low-confidence results. For example, it
was decided to show results matching surnames even with low
confidence, whereas first names are penalized more because they
are more common. These values are application-specific, however,
and should be re-evaluated and adjusted when adapting the system
to a different domain, dataset, or set of user requirements.

4 Evaluation
We evaluated the module against a test set of 150 spoken queries (75
Italian, 75 English) collected through informal field testing at each
of the four campus buildings. Individuals present at each location
were asked to speak a natural navigation query for a room they
were already familiar with, without being shown any room list,
spelling, or dataset beforehand, so that pronunciation and phrasing
reflected genuine unprompted speech. Six participants took part
overall (5 non-native Italian speakers, 1 native Italian speaker), each
recruited from within the building where they were tested.
The system resolved 92% of queries to the correct room as the top
candidate. In 6% of cases it correctly identified ambiguity and re-
turned a short candidate list for the user to confirm. Only 2% of
queries returned no match, all due to severe acoustic distortion
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where the transcript bore no phonetic resemblance to any reposi-
tory entry. Queries containing room numbers resolved with 100%
accuracy when the spoken number was correctly transcribed by
the STT engine.
A representative edge case illustrates the strength of the phonetic
layer. The phrase “Gamification Lab”, when spoken with a non-
native accent, was transcribed by the OS engine as “game vacation
lab”. A standard Levenshtein comparison fails here because the two
phrases share almost no character structure. The phonetic key func-
tion reduces gamification to gmfctn and game vacation to gmvctn.
The high partial key overlap, combined with the phonetic bonus,
correctly resolves the noisy transcript to the target room above all
other candidates.
Table 3 reports average execution times measured on a Google
Pixel 6a. The latency measurement covers the worst-case path: a
query with no extractable room number, forcing a full fuzzy scoring
pass across all 243 rooms and their occupant lists. The test was
repeated 1,000 times to produce a stable average. The total resolu-
tion latency of 8.0 ms falls well within the 16.6 ms frame budget
for a 60 FPS application, confirming that synchronous execution
on the main UI thread is viable for datasets of this scale. The voice
module adds no meaningful storage overhead: the room repository
totals under 100KB across all four buildings and no speech model
is bundled. To isolate the contribution of individual components,

Table 3: Average execution time per pipeline stage.

Pipeline Stage Time (ms)

JSON Repository Load (initialization) 14.2
Normalization and Preprocessing 0.8
Number Extraction (failed path) 0.5
Fuzzy Token Scoring 6.4
Decision Gate and Sorting 0.3

Total Resolution Latency 8.0

we ran two ablation conditions on the same query set. Removing
the phonetic key layer and relying on Levenshtein similarity alone
dropped accuracy from 92% to 41%, with most failures concentrated
on vowel-heavy STT errors and English speakers attempting to
pronounce Italian room names. Removing spoken number transla-
tion caused all number-based queries to fall through to the slower
fuzzy name path, increasing average latency and introducing ambi-
guity in cases where a room name contains a number word. Both
results confirm that each component carries its weight in the over-
all pipeline. The system does exhibit specific failure modes worth
noting. The vocabulary substitution dictionaries are compiled at
build time, so if a user uses an unexpected word, such as referring
to a “Laboratorio” as a “Lobby”, the system falls back to Levenshtein
matching alone, which cannot bridge that structural gap. A second
failure mode involves multi-token type conflicts: a query like “Aula
Tre” misheard as “Paolo Tre” can cause the occupant scoring path to
prioritize a professor named Paolo over returning no match, since
the surname weighting logic scores aggressively even on weak evi-
dence. The first failure mode points toward a dynamically generated
ontology that adapts to the specific vocabulary of each deployment

domain. The second requires a type-aware scoring approach that
enforces a stronger confidence gap between the occupant path and
the room-name path before committing to a result.

5 Conclusion
This paper presented a speech-driven semantic input module for
indoor navigation that runs entirely on-device, with no depen-
dency on cloud infrastructure at query time. The module handles
Italian and English, tolerates the kinds of transcription errors that
general-purpose STT engines routinely produce on domain-specific
vocabulary, and resolves spoken room queries in 8.0 milliseconds
on consumer hardware.
The core contribution is the combination of Levenshtein edit dis-
tance and a language-specific phonetic key at the token scoring
level. Neither technique is new on its own, but their combination
inside a structured fuzzy matching pipeline, applied to a bilingual
academic building repository, produces robust results that neither
approach achieves alone, as the drop from 92% to 41% accuracy in
the ablation study confirms.
Several directions remain open. The current phonetic encoder is
specific to Italian consonant patterns. Extending the system to
additional languages would require a corresponding encoder per
language, pointing toward a pluggable phonetic interface as a natu-
ral next step. On the data side, manually curating a room repository
for each new building is time-consuming. A build-time pipeline
capable of extracting and translating room labels from source mate-
rial (e.g., floor plans) would make deployment substantially faster
without affecting runtime behavior.

Safe and Responsible Innovation Statement
This system was built to help people find rooms in university build-
ings. It does not collect, store, or transmit any audio or personal
data. Everything runs locally on the user’s device: the microphone
input is processed by the operating system’s built-in STT engine,
and the matching logic runs entirely against a local JSON file. Noth-
ing leaves the device at query time. Microphone access follows
the standard platform permission model on both Android and iOS,
meaning the user explicitly grants it and can revoke it at any time.
The building dataset contains only publicly available room names,
numbers, and staff office assignments, the same information posted
on public university websites and door signs. There is no user
tracking, no behavioral profiling, and no mechanism that could be
repurposed for surveillance.

Generative AI Disclosure
Parts of this manuscript were drafted with the assistance of Large
Language Models. All technical content, including algorithm de-
scriptions, evaluation results, and system design decisions, was
written and verified by the authors, who take full responsibility for
the accuracy, originality, and final content of the paper.
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