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Figure 1: SpeechCompass creates user-friendly speech transcripts for group conversationswithmultiple speakers. Left: Current
solutions concatenate and mix the transcribed speech when multiple people participate in a conversation, which makes it
challenging to read and understand the transcript. Right: SpeechCompass addresses this limitation through real-time, multi-
microphone speech localization, where the direction of speech allows diarization, visual separation, and guidance (e.g., arrows)
in the user interface.

Abstract
Speech-to-text capabilities on mobile devices have proven helpful
for hearing and speech accessibility, language translation, note-
taking, and meeting transcripts. However, our foundational large-
scale survey (n=263) shows that the inability to distinguish and
indicate speaker direction makes them challenging in group con-
versations. SpeechCompass addresses this limitation through real-
time, multi-microphone speech localization, where the direction of
speech allows visual separation and guidance (e.g., arrows) in the
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user interface. We introduce efficient real-time audio localization
algorithms and custom sound perception hardware, running on
a low-power microcontroller with four integrated microphones,
which we characterize in technical evaluations. Informed by a large-
scale survey (n=494), we conducted an in-person study of group
conversations with eight frequent users of mobile speech-to-text,
who provided feedback on five visualization styles. The value of
diarization and visualizing localization was consistent across par-
ticipants, with everyone agreeing on the value and potential of
directional guidance for group conversations.

CCS Concepts
•Human-centered computing→ Accessibility technologies;
Human computer interaction (HCI); Mobile devices.
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1 Introduction
Recent advances have enabled real-time automatic speech recogni-
tion (ASR) in mobile and embedded hardware, supporting a range
of conversational scenarios [2, 46]. Real-time captioning can en-
hance human communication in various ways, e.g., for real-time
translation between languages, transcriptions during an interview,
automatic subtitle generation, hearing accessibility [38, 55], and
note-taking. However, there are still unsolved limitations with real-
time speech-to-text � speci�cally, the ability to distinguish multiple
speakers (speaker diarization) and tracking the direction of speech
(localization).

Consider the following scenario:Throughout the day, a person re-
lies on a mobile phone with real-time captioning to understand speech.
However, at a dinner table with multiple people, the conversation is
di�cult to follow since the app cannot distinguish between speakers
and concatenates all speech into a single paragraph. Additionally,
since the person needs to look at their phone regularly, they struggle
with following the turn-taking across speakers and don't know where
to look if there is a speaker change. Also, irrelevant nearby conversa-
tions get transcribed as well, which can cause confusion and privacy
implications.

Many of the challenges in the scenario stem from the spatial
complexities of audio, which are challenging to capture with a
single-microphone ASR system. The bene�ts of multi-microphone
topologies for localization have been demonstrated in numerous
applications, such as public safety [61], virtual reality [39], robot
navigation [43], mobile computing [36, 49] and audio accessibil-
ity [ 27, 31]. In this work, we leverage arrays of multiple micro-
phones and apply techniques for microphone array signal process-
ing to demonstrate how this technology could improve ASR perfor-
mance and usability in such scenarios. Speci�cally, we identi�ed
opportunities for improvements in three areas:

(1) Speaker diarization. The transcript can visually separate dif-
ferent speakers based on the direction of the speech.

(2) Localization. For spatial sound visualization, the screen can
display the direction of the incoming sound.

(3) Selective attention. The interface can allow the user to select
speech of interest and �lter out self-speech.

In this work, we developedSpeechCompass, a solution to add
diarization and speech localization to mobile captioning. It includes
three main parts. First, low-latency localization algorithms that can
run on generic microcontrollers or mobile phones. Second, a com-
pact 4-microphone phone case that allows 360-degree localization
on a low-power microcontroller. Third, a mobile captioning app
that shows how sound localization can be visualized in di�erent

ways and used to support multi-speaker conversations through
diarized transcripts. We also run our algorithm on an o�-the-shelf
mobile phone with only two microphones to demonstrate that lim-
ited 180-degree localization is possible in the app without additional
hardware.

While machine learning approaches to single-source speaker
diarization have been improving [52], our multi-mic approach has
the advantage of lower computational cost, latency, and privacy, and
thus is inherently suitable for real-time ASR applications on low-
power, low-cost microcontrollers. It is also language agnostic and
can work for sounds other than speech. Our approach is tied to the
position of the phone and the speaker, which can be advantageous as
diarization can be immediately recon�gured by moving the phone.
This paper shows how traditional microphone array processing can
signi�cantly bene�t diarization and localization for mobile ASR.
While diarization with microphone arrays has been well studied [4],
it has yet to be applied to mobile ASR and related interfaces.

1.1 Contributions
The contributions of this work are:

� Real-time sound localization algorithms and optimized,
embedded multi-microphone hardware , implemented
both as phone-case prototypes with a low-power microcon-
troller (<20 ms processing time) and on a mobile phone with
constrained microphone hardware. The code and design �les
are available via Github.1

� Mobile captioning UIs for group conversations, enabled
through speech localization and diarization , and imple-
mented as mobile speech-to-text applications with di�erent
visualization and interaction techniques.

� Technical evaluation of localization and diarization
using the optimized algorithms and hardware . We char-
acterize localization accuracy and estimation time under var-
ious signal-to-noise conditions and speaker con�gurations,
and evaluate diarization accuracy.

� Foundational large-scale survey (n=263) with frequent
users of captioning technology , showing that noise and
speaker separation are important and frequent challenges
with existing solutions.

� Lab study (n=8) and large-scale survey (n=494) of mo-
bile interfaces and visualizations with frequent users
of captioning technology . Informed by a large-scale sur-
vey, we designed a lab study with eight frequent users of
captioning technology. We contribute insights into interface
preferences, customization, and bene�ts since diarization
and localization have not been previously studied for mobile
ASR.

2 Related work
This section �rst discusses previous works in relevant audio appli-
cations like diarization, real-time audio transcription, and visual-
ization interfaces. Then, we discuss the relevant literature on audio
multi-microphone processing.

1github.com/google/multi_mic_audio
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Figure 2: Overview of the SpeechCompass phone case prototype. A) A mobile phone application interface with a mounted
multi-microphone phone case. B) Inside and outside view of the prototype with a �exible PCB microphone mount and a
compact main printed circuit board (PCB). C) Pictures of the main PCB with a top and bottom view.

2.1 Real-time mobile speech recognition
CART (Communication Access Realtime Translation) is a well-
established method for providing real-time captions. A trained
professional, typically using specialized software and a stenogra-
phy machine, transcribes speech into text as it is spoken. CART is
frequently used in broadcasting scenarios such as lectures and pre-
sentations. Recent advances in machine learning enabled real-time
automatic mobile speech captioning, such as Live Transcribe [2]
and Microsoft Translator [46], and also on head-worn displays [50].
One of the main motivating uses for audio-to-text translation was
audio accessibility, and research has shown the bene�ts of real-time
ASR for hearing accessibility in scenarios like classrooms [13, 38].
Research has shown various improvements to real-time ASR, such
as ways to display transcription con�dence [9] and customizing
fonts appearance to improve readability [8].

2.2 Speaker separation and diarization:
Transcripts that distinguish speakers

Studies suggest that there is still room for improvements in, e.g.,
accuracy and usability [22]. We particularly observe that existing ap-
proaches have yet to leverage microphone arrays in mobile devices
to augment ASR. We outline the existing techniques in Table 1.

Acoustic beamformingrelies on classical signal processing tech-
niques such as beamforming and localization from multiple micro-
phones [4] to separate and diarize speakers. The main challenge
for speaker separation is estimating a beamformer for each speaker
using localization and other cues. Recently, neural networks have
been employed to successfully aid in beamforming [28, 65]. How-
ever, acoustic beamforming has been mainly applied to meeting

room scenarios with a static microphone array, while SpeechCom-
pass uses a similar multimicrophone technology for localization,
which is applicable to mobile ASR throughout a user's everyday
life.

Blind source separation.This approach separates the speakers
using a single microphone without additional cues. The technique
is challenging for classical signal processing, but various machine-
learning techniques have been successful [19, 30]. Blind speaker
separation is e�ective when done o�ine on the entire audio �le,
providing the model with access to both future and past content.
This is, however, not possible in a real-time causal system, as in
this paper, since the future is not accessible, and the model only
processes a limited amount of past information. These constraints
for real-time casual systems make blind separation inapplicable for
real-time transcription of conversations.

Recently, multi-microphone approaches have been combined
with speaker separation and diarization. In [59] and [60] Taherian
et al. tackle the challenge of speaker separation in multi-speaker sce-
narios, focusing on conversational or meeting environments. They
leverage multi-channel audio and deep learning models to improve
separation accuracy to enhance the performance of downstream
speech applications like ASR. In one project [59], the authors lever-
age an end-to-end diarization system to identify individual speaker
activity and then use this information to guide a multi-talker sepa-
ration model. In another approach [60] a multi-input multi-output
(MIMO) complex spectral mapping model allows for robust speaker
localization, and is used to reduce speaker splitting errors. The
complexity of the processing and non-causal components make
these solutions unsuitable for real-time processing.
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Table 1: Comparison of speaker diarization and separation technologies. The comparison shows that only SpeechCompass
can support diarization and visualize sound direction on mobile devices.

Voice �ngerprint audio embeddings.This approach extracts unique
speaker embeddings from a single microphone [57, 62] and uses
them for diarization. Principal Component Analysis (PCA) or other
unsupervised methods are typically done on the embeddings. The
speaker embedding approach has been the primary go-to for real-
time diarization since it can run causally. Adding multi-microphone
data to speaker embeddings has improved diarization accuracy [57].
A key disadvantage of speaker embeddings is its reliance on implicit
or explicit speaker enrollment, as the initial number of speakers is
unknown. Requiring every conversation partner or nearby speaker
to explicitly register through a voice sample is particularly imprac-
tical in dynamic mobile scenarios. Furthermore, there are privacy
concerns as speaker embeddings can be considered biometric infor-
mation, and asking people to enroll would be in con�ict with the
discreetness that is often desired for accessibility aids.

Audio-visual.Another approach has been to process audio and
video using a multimodal model to separate speakers [18, 21]. The
camera feed can help infer the active speaker from facial and lip mo-
tion when correlated with audio. Researchers have proposed deep
learning models for audiovisual speaker separation that operate in
the time-frequency domain and use cross-attention for audiovisual
fusion [34]. The audio-visual model, while outperforming an audio-
only model, however does not leverage spatial information from
multiple microphones. The non-causal nature of the separation
model (bi-LSTM) makes it ill-suited for real-time applications. This
approach works best for meeting rooms and post-processing of
recordings, since for mobile ASR, users typically do not point a
camera at their conversation partners. There is potential for such ap-
plications for head-worn cameras (e.g., in smart glasses), although
such approaches would still be dependent on a suitable �eld of view,
su�cient bandwidth, and computing to process video streams. Such
approaches will also have power and thermal implications for em-
bedded devices with limited battery size.

Several commercial o�-the-shelf solutions exist for mobile speaker
diarization. The Ava mobile application [6], for example, allows
diarization by connecting each speaker's smartphone to a network.
However, this solution requires every speaker to set up and use
their phone, which adds setup overhead. Speaksee [58] is another
solution that utilizes clip-on microphones for each speaker, with
each microphone exclusively picking up speech from its designated
wearer. These microphones connect to a central hub that provides

diarized transcripts. This solution, while e�ective, requires dedi-
cated hardware, making it more appropriate for formal meeting
room scenarios. While our approach may be less accurate than
these solutions, because we are not using a dedicated microphone
for each speaker, it does not depend on instrumentation or prepa-
ration by conversation partners, which is a crucial advantage in
real-life situations whether with friends or strangers. It may even
be prohibitive in certain scenarios where conversations are very
brief (e.g., watercooler conversation) or the person wants to be
discreet with their hearing accessibility needs.

2.3 Visualizing non-speech sounds for
accessibility use cases

Speech is not the only aspect of sound that has been transcribed.
For example, sound event recognition and visual alerts are helpful
in hearing accessibility [11, 20, 23, 33]. Expressive captions [15],
for example, visually convey the speech's emotion by altering the
text's rendering based on the detected emotion. Closest to this work,
research has looked into displaying sound localization cues from a
microphone array using head-worm displays, such as HoloLens [27]
and Head-Mounted displays (HMD) [32]. Another work integrates
localization into a watch [35] and displays sound location with
LEDs. These proof-of-concept research projects use o�-the-shelf
devices, which do not meet power consumption, ergonomics, or
form factor requirements needed for all-day use in everyday lives.
In contrast, we leverage mobile phones that users already carry
and use daily. While we demonstrate a prototype in a phone case
form factor, the embedded hardware could also be implemented in
wearable devices, such as head-worn displays.

Due to captioning's focus on speech, �ne audio qualities and
structures, such as rhythmicity, are lost. To communicate such qual-
ities, researchers have proposed real-time visualizations such as
audio spectrograms [25] or Stabilized Auditory Images (SAI) [44],
a visualization grounded in models of the brain, or tactile cues [16].
However, these approaches not only require extensive user training
but also do not convey sound direction or leverage spatial informa-
tion. Our approach can, however, be combined with those existing
methods to extend their expressiveness.
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