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Abstract

The increasing adoption of smart glasses has opened up the way
for innovative applications such as live speech captioning and
translation. This presents new exciting research problems and
opportunities. To increase the visibility of this research topic
and support the researchers in this field, we are introducing the
Multi-modal Conversations in Smart Glasses (MMCSG) dataset
and challenge. The MMCSG dataset includes two-party con-
versations, recorded through smart Aria glasses worn by one
of the participants, accompanied by manual annotations. Sev-
eral modalities including multi-channel audio, video and Iner-
tial measurement unit (IMU) measurements are available. Ad-
ditionally, we are releasing the Multi-channel Audio Conver-
sation Simulator (MCAS) dataset and tools. The simulator is
designed to generate extensive simulated training data, simpli-
fying development of robust systems. In the challenge, we will
evaluate speaker-attributed speech recognition systems on both
multi-talker word error rate and algorithmic latency. To assist
the challenge participants, we are providing two baseline mod-
els. These models serve as starting points for development and
as benchmarks for comparison. We hope that these resources
will lower the barriers to entry for researchers interested in the
potential of smart glasses in enhancing communication.

Index Terms: CHiME challenge, speaker-attributed speech
recognition, smart glasses, multi-modality.

1. Introduction

Smart glasses are growing in popularity, especially for speech
and audio use cases like audio playback and communication.
Equipped with multiple microphones, cameras, and other sen-
sors, and positioned on the user’s head, they offer various ad-
vantages over other devices such as phones or static smart
speakers. One particularly interesting application is closed cap-
tioning of live conversations, which can be particularly benefi-
cial for individuals with hearing impairments and which could
also lead to applications such as real-time translation between
languages. Integrating such system for smart glasses poses
some unique research challenges. Besides speech recognition,
the system must address speaker attribution in dynamic and of-
ten acoustically challenging environments. It must effectively
utilise various information sources provided by the glasses, in-
cluding multi-channel audio from the microphones, video sig-
nals, or other sensor data, such as from accelerometer or gy-
roscope. Given that all the sensors are head-worn, the system
has to deal with rapid movements associated with natural head
rotations. Importantly, all processing must be efficient, ideally
operating in real-time and directly on the device.

While some research efforts have been already devoted to
this problem [1, 2, 3, 4, 5, 6], it still remains relatively under-
explored. In the past, research challenges like the CHiME series
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Figure 1: Aria smart glasses.

[7, 8, 9] have driven innovation and often shaped the direction
of research. Recognising the need for further research in the
area of speech recognition on smart glasses, we have organ-
ised a task in CHiME-8 Challenge, named Multi-modal con-
versations in smart glasses (MMCSG). This challenge aims to
not only enhance the visibility of this topic but also to equip
researchers with datasets and tools designed for this applica-
tion, thereby making this research direction more accessible.
Through this, we hope to encourage new developments and ac-
celerate advancements in smart glasses technology.

With the launch of the challenge, we have published MM-
CSG dataset!, which includes two-party conversations accom-
panied by manual annotations. The MMCSG dataset was
recorded using Aria smart glasses and features multiple modali-
ties, including multi-channel audio, video and inertial measure-
ment unit (IMU) measurements. In addition to the MMCSG
dataset, we have also published room impulse responses and
acoustic transfer functions in the MCAS dataset>. These can
be used together with the MCAS tools that we have released
to simulate conversations mimicking the characteristics of real
recordings.

To support participants in developing systems for the chal-
lenge, we have published two baseline systems. The first base-
line systems is leverages a publicly available pre-trained model,
which is then fine-tuned on the MMCSG data. This approach
yields competitive performance while not being very compu-
tationally demanding. The second baseline involves training a
model from scratch on data simulated from Librispeech [10]
and TEDLIUM [11]. This baseline serves as a good starting
point for participants who prefer not to use a pre-trained model.
It also demonstrates how to utilize the MCAS data and tools to
generate training data effectively.
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Figure 2: Sample snapshots from the MMCSG dataset videos.

2. Datasets

We have released two datasets for use in the challenge. The
MMCSG dataset serves as the primary data source for the
challenge, while the MCAS dataset contains room impulse re-
sponses and acoustic transfer functions that can be useful for
system development. Both datasets were recorded with Aria
smart glasses. In this section, we first provide an overview of
the Aria glasses, followed by description of both datasets.

2.1. Aria glasses

Aria glasses, shown in Figure 1, are a research device developed
as part of Project Aria® [12]. They are designed to facilitate
research in egocentric machine perception and augmented real-
ity. The glasses are equipped with a variety of sensors includ-
ing: two monoscene cameras, an RGB camera, eye-tracking
cameras, two inertial measurement units (IMUs), seven micro-
phones, a magnetometer, a barometer, a thermometer, a GNSS
receiver, and Wi-Fi and Bluetooth transceivers. The configura-
tion of the sensors can be customized through recording pro-
files, which allow the users to enable or disable individual sen-
sors and adjust frame rate and resolution to accommodate the
power and bandwidth constraints of the glasses.

The sensors in the Aria glasses utilized for the MMCSG
dataset and challenge are:

* An IMU sensor operating at 1000 Hz positioned at the
right temple of the glasses.

e A 7-channel spatial microphone array with a sampling
rate of 48 kHz.

 Video footage captured using the RGB camera.

2.2. MMCSG dataset

The MMCSG dataset is the cornerstone of the challenge, con-
taining data for training, development and evaluation of the sys-
tems. It features recordings between two conversational part-
ners with one participant wearing Aria glasses, which capture

Ihttps://ai.meta.com/datasets/mmcsg-dataset/
2https://ai.meta.com/datasets/mcas-dataset/
3https://www.projectaria.com/

Table 1: Details of the MMCSG dataset.

average

number total : number
subset . . recording
of recordings  duration . of speakers
duration
train 172 85h 3 min 49
dev 169 8.4h 3 min 45
eval 189 9.4h 3 min 44

Table 2: Positions of microphones at Aria glasses. Directions
are given from the point of view of the wearer of the glasses.

.. X [cm] y [cm] z [cm]
position back—front right—left bottom—up
lower-lens right 9.95 -4.76 0.68
nose bridge 10.59 0.74 5.07
lower-lens left 9.95 4.49 0.76
front left 9.28 6.41 5.12
front right 9.93 -5.66 5.22
rear right -0.42 -8.45 3.35
rear left -0.48 7.75 3.49

the scene. All data have been manually labeled with transcrip-
tions and speaker activity labels. The detailed statistics about
the datasets can be found in Table 1.

The recordings are captured from the ego-centric perspec-
tive of one of the participants. Figure 2 displays examples from
the dataset. For privacy reasons, all faces in the videos are
blurred using the EgoBlur algorithm [13]. While this prevents
the application of many audio-visual methods, which leverage
lip movement, there is information in the gestures of the speak-
ers that could be used for improving speaker attribution. Note
that there is a third person in the room, the moderator, who is
present in some of the video recordings, but does not participate
in the conversation. The recordings were made indoors, with
30% featuring re-played background noise such as music, traf-
fic, or domestic sounds. On average, 11% of the recordings time
includes overlapped speech. The participants in the recordings
represent diverse range of ages, genders and ethnicities.

2.3. MCAS dataset

In addition to the MMCSG dataset, we are also releasing the
MCAS dataset to assist the participants in developing their sys-
tems. The MCAS dataset includes:

* Real room impulse responses (RIRs) recorded with the
Aria glasses.

e Simulated RIRs generated based on the microphone co-
ordinates of the Aria glasses (Table 2).

¢ Acoustic transfer functions (ATFs) recorded with the
Aria glasses in an anechoic room.

Both real RIRs and ATFs were recorded using a manikin.
The real RIRs were captured in five different rooms, with
recordings taken from various positions within each room, cat-
egorized into four types: far-field, distractor, noise, and mouth,
based on the location of the sound source. For mouth RIRs,
the source was positioned at the mouth location of the manikin.
Far-field RIRs were recorded with the source within an az-
imuthal range of [—60, 60] degrees relative to the wearer’s gaze



direction. Distractor sources were positioned in the broader az-
imuthal range of [60, 300] degrees. Noise sources are placed
randomly throughout the room.

The simulated RIRs follow the same placement of the
sources used in the real RIRs. These RIRs are generated using
the coordinates of the microphones on the glasses, employing
the image-source method through the PyRoomAcoustics toolkit
[14], across 10000 simuated rooms. Although these RIRs are
less realistic—not considering the head shadows or the direc-
tivity of the microphones on glasses—they provide a broader
variety compared to the real RIRs.

The ATFs include both far-field and near-field responses,
captured in an anechoic room. The near-field ATF source is
positioned at the mouth of the manikin, while the far-field ATF
sources are distributed across 1674 different locations ona 1.5m
sphere surrounding the glasses.

3. Challenge and rules

In this challenge, participants are tasked with developing
streaming speaker-attributed speech recognition systems using
audio, video and IMU modalities. This section outlines the eval-
uation criteria for the systems and details the rules governing the
challenge.

3.1. Evaluation
3.1.1. Multi-talker word error rate

The submitted systems are required to perform speaker-
attributed speech recognition, which entails that each tran-
scribed word must be accompanied by a speaker label indicat-
ing whether the word was spoken by the wearer of the glasses
(SELF) or by the conversation partner (OTHER). To assess both
the transcription accuracy and the speaker attribution, we em-
ploy multi-talker Word Error Rate (WER).

The multi-talker WER evaluates the transcription of both
SELF and OTHER speakers, requiring accurate attribution of
words to each speaker. It breaks down errors into substitutions,
insertions, deletions and speaker-attribution errors. The final
multi-talker WER is calculated for SELF and OTHER as fol-
lows:

inSgetr + delserr + Subgerr + attrerr

multitalkerWERer = (€))
nrefer
. inSother + delother Dother (lother
multitalkerWER e = 1NSother + d€lother + SUDother + altlothe; ,
nrefother
)

where insy, delx, suby, attr represent the numbers of insertions,
deletions, substitutions and attribution errors for speaker x, re-
spectively. nrefy denotes the number of reference words for
speaker x. These error counts are obtained by jointly search-
ing for the best alignment of the reference words of SELF and
OTHER with the words in the hypothesis. Note that some words
can be aligned to a wrong word of a wrong speaker, thus being
both substituted and mis-attributed. We choose to include these
types of errors into attributions attry.

Before calculating the multi-talker WER, both the reference
and hypothesis transcription undergo normalization. This pro-
cess includes removing punctuation, standardizing capitaliza-
tion and executing a list of permitted substitutions (e.g., con-
verting “okay” to ”ok”).

all words with timestamps
< tstay exactly the same

162 162 218 218 274 274 33 162 162 218 218 274 35 432

ehm i have a deer oh yeah ehm i have a um  the a
ASR system ASR system
et ot e
input signal input signal with random noise

from t=2.2 onward

Figure 3: Illustration of the test to verify the accuracy of the
word timestamps. The same signal is processed through the
system twice; the second time it is perturbed from 2.2 seconds
onward. All words with timestamps earlier than 2.2 seconds
remain unchanged.

3.1.2. Latency

In this challenge, we emphasize the development of streaming
ASR systems for smart glasses, which are required to operate
in real-time. Specifically, we assess the algorithmic latency of
these systems, measuring how much of the input signal the sys-
tem uses to emit each of the words. For this challenge, we do
not consider computational latency due to the difficulty of fair
measurement and comparison. That is, we assume that the com-
putation of the forward pass through the system is instant and
we are not asking for actual measurements of the wall-clock
time needed to run the system (even though we encourage par-
ticipants to report it). The submitted systems will be catego-
rized into four groups based on mean latency using the follow-
ing thresholds: 1000ms, 350ms, 150ms.

To calculate the latency, participants must provide a times-
tamp for each word, indicating the amount of the input signal
that was used to emit that word. The timestamp should ac-
count for any look-ahead resulting from the model’s architec-
ture, as well as any emission latency that the model learned. The
word-timestamp must cover processing of all system compo-
nents end-to-end and take into account all modalities employed
by the system.

To assist the participants in providing accurate timestamps,
we created a test script, which can help to uncover cases when
the systems violate the streaming assumption. The word times-
tamp should reflect the portion of the input signal utilized to
decode the word, meaning that any alterations to the signal af-
ter this timestamp should not affect the decoded word. The test
operates by forwarding two similar signals through the system;
one signal is perturbed from a certain point in time onward. All
words with timestamps preceding this perturbation time should
remain unchanged in both forward passes. This is depicted in
Figure 3.

3.2. Rules

For the challenge, we have established a set of rules to ensure a
fair comparison of the submitted systems. The complete set of
the rules is available at the challenge website*.

Below is a brief summary:

 Participants are allowed to use the training subset of
the MMCSG dataset and a predefined list of other pub-

4https://www.chimechallenge.org/current/
task3/rules



Table 3: Results of the baseline systems on the MMCSG development and evaluation sets.

SELF OTHER

System Subset  Latency WER ins del sub attr WER ins del sub attr

mean [s] (%] [%]  [%] (%] [%] (%] [%] [%] (%] [%]

Baseline 1 0.15 17.9 1.7 42 105 1.6 244 26 73 123 22

(from re—‘trained model) dev 0.34 15.0 14 39 84 1.4 214 22 72 101 1.8

P 0.62 14.3 1.3 38 79 1.3 203 21 7.1 9.6 1.6

Baseline 2 0.08 29.1 30 6.0 184 1.7 376 42 91 209 34

(trained ;from scratch) dev 0.27 249 26 52 158 13 333 36 86 184 27

0.55 235 25 50 148 1.1 317 34 82 175 25

Baseline 1 0.14 17.8 1.7 39 97 25 263 31 75 132 25

(from re—‘tra'ned model) eval 0.33 15.0 1.3 34 78 24 229 25 74 108 22

P ! 0.62 14.1 1.3 34 71 23 217 24 72 100 2.1

Baseline 2 0.06 280 35 52 173 19 389 51 87 215 3.6

(trained from scratch) eval 0.27 23.1 28 44 142 16 344 44 85 187 28

0.54 220 27 43 135 1.6 328 42 80 179 26

mulki-channel 7 NLCMV 13 I}th::? B g . SOT 4.1. Baseline 1: using pre-trained model

input beamformer transcription

extraction

Figure 4: High-level scheme of the baseline system.

licly available datasets, such as AMI, LibriSpeech [10],
TEDLIUM [11], among others. This list was specified
prior to the challenge, and participants were given the
opportunity to propose additional datasets.

* The development set of the MMCSG dataset is available
for system evaluation throughout the challenge period.

e A fixed list of pre-trained models is available for use.
This list was also specified before the challenge began,
with an opportunity for participants to suggest new mod-
els.

» Systems must process recordings in sequential order and
should not utilize global information. The systems must
also provide accurate word time-stamps reflecting this
order.

¢ Each recording must be considered independently during
the evaluation process.

4. Baseline system
We provide two baseline systems for the challenge:

1. Baseline starting from a publicly available pre-trained
model, which is fine-tuned on the in-domain MMCSG
dataset.

2. Baseline trained from scratch using simulated data and
fine-tuned on the in-domain MMCSG dataset. This base-
line showcases the tools to simulate multi-channel multi-
talker recordings and can be a good starting point for
participants who prefer not to use a pre-trained model.

Both baseline are open-sourced at the challenge Github page’.
The results for both baselines on development and evaluation
set are shown in Table 3.

Shttps://github.com/facebookresearch/MMCSG
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The baseline system follows the framework introduced in [15]
and illustrated in Figure 4. The initial component is a fixed
Nonlinearly Constrained Minimum Variance (NLCMV) beam-
former [1], which employs 13 beams targeting 12 uniformly
spaced directions around the wearer, plus one for the mouth of
the wearer. The beamformer coefficients are derived using the
ATFs recorded in anechoic room with Aria glasses. We have re-
leased both the beamforming coefficients and the original ATFs.
The beamformer outputs are then used to extract log-Mel fea-
tures and these features from all 13 beams are concatenated at
the input of an ASR model. This model predicts the serialized-
output-training (SOT) transcriptions [16].

The ASR model is based on a publicly available pre-
trained streaming model, FastConformer Hybrid Transducer-
CTC model® [17]. It is trained with multiple sizes of atten-
tion context, which makes it possible to switch between sev-
eral latency configurations during test-time. This model is ini-
tially designed as a single-speaker, single-channel model. We
adapted it by prepending the beamformer, extending the in-
put of the model to multiple channels, extending the tokenizer
with speaker tokens for SELF and OTHER, and fine-tuning the
model to provide the SOT transcriptions. The fine-tuning is
done on the training subset of the MMCSG dataset.

4.2. Baseline 2: trained from scratch

The second baseline system employs the same framework and
ASR architecture as the first baseline but differs in the training
process. It is initially trained from scratch using simulated data
and subsequently fine-tuned on the in-domain MMCSG trainng
dataset. For simulating the training data, we have used Lib-
rispeech [10] and TEDLIUM [11] for speech, DNS [18] for
noise, and real RIRs from the MCAS dataset. We simulated
two-speaker conversations with background noise levels rang-
ing from -5 to 80 dB SNR, producing approximately 1 mil-
lion conversations, each lasting about 17 seconds. Unlike the
first baseline, which uses a single-channel single-speaker seed
model, this system is trained from scratch on multi-channel sim-
ulated data to predict SOT transcriptions. However, the pre-

Shttps://huggingface.co/nvidia/stt_en_
fastconformer_hybrid_large_streaming_multi
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Figure 5: Comparison of overall performance and mean latency across submitted systems. mean latency = N indicates non-streaming
systems. Dashed vertical lines represent the boundaries between different latency categories.
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Figure 6: Comparison of speaker attribution error rates and
mean latency across submitted systems. mean latency = N in-
dicates non-streaming systems. Dashed vertical lines represent
the boundaries between different latency categories.

trained model in Baseline 1 used significantly more training
data, likely contributing to its better performance. One viable
way to improve the performance of Baseline 2 would be to in-
corporate larger and more diverse speech datasets for simula-
tion, such as VoxCeleb [19] or Gigaspeech [20].

5. Challenge results

The challenge obtained submissions from four teams [21, 22,
23, 24], which collectively submitted a total of 21 systems.
Of these, 15 systems provided per-word timestamps neces-
sary for latency computation, while six were submitted as non-
streaming systems. Many of the submissions adhered to the
structure of the baseline system, making improvements upon it.
The overall results are summarized in Figure 5. For enhanced
clarity in the figure, only Baseline 1 is included, as it achieved
better results. Most systems demonstrated significant improve-
ments over the baseline. As anticipated, there was a notice-
able correlation between system latency and performance. The
break-down of the results into SELF and OTHER highlights
the remaining gap between the recognition accuracy between
these two types of speakers, confirming the challenges associ-
ated with recognizing far-field speech compared to close-talk
speech. However, the rating of the systems did not significantly
differ between SELF and OTHER.

Figure 6 further zooms in on the attribution error rate. Inter-
estingly, the trends in attribution error rate do not always align
with the overall trends observed. A notable outlier is the sys-
tem developed by SEUEE [22] which achieves the best speaker
attribution rate despite its lower ranking in overall WER.

While we refer to the individual system descriptions for de-
tailed information, we highlight several noteworthy points:
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* Many submissions demonstrated the importance of train-
ing data. The most substantial improvements were
achieved by expanding the dataset used to fine-tune the
systems with a larger set of simulated data, as shown by
the submissions from USTC-NERCSLIP [21], NPU-TEA
[23], and FOSAFER_RESEARCH [24].

¢ The submissions from NPU-TEA [23] explored a modular
approach explored a modular approach that includes sepa-
rate modules for speech separation, diarization, and recog-
nition. This contrasts with the end-to-end baseline system
and roughly aligns with the baseline of the NOTSOFAR
Task [25] from the CHiME-8 challenge.

¢ The submission from SEUEE [22] implemented a method
focusing on a multi-channel neural-network-based speech
separation front-end, which achieved a superior attribution
error rate. Furthermore, while this system was submitted
into the non-streaming category, a significant portion of its
design supports streaming inference.

* The visual modality in the dataset was largely unexplored,
possibly due to the blurring of faces in the videos. How-
ever, the USTC-NERCSLIP [21] team experimented with
the use of IMU sensors, which led to modest improve-
ments.

6. Conclusions

In this paper, we have introduced the MMCSG dataset and as-
sociated challenge, designed to support advancements of multi-
modal speech recognition systems tailored for smart glasses
technology. We have provided a dataset that includes multi-
channel audio, video, and IMU measurements, supplemented
by the MCAS dataset and simulation tools for generating train-
ing data. We hope that this challenge can inspire innovative ap-
proaches to designing efficient streaming multi-modal speaker-
attributed speech recognition systems.

The submitted systems emphasized the critical role of train-
ing data in achieving competitive results. Additionally, several
interesting analyses and approaches were proposed, including
the utilization of IMU modality and leveraging of multi-channel
neural-network-based speech separation. Participants explored
systems across a spectrum of algorithmic latencies, a factor that
is frequently overlooked in other speech recognition challenges.

Looking ahead, there are numerous opportunities for ex-
panding this challenge in future, such as including greater num-
ber of speakers, variety of devices, multiple languages, and po-
tentially broadening the scope to include translation tasks.

Finally, we thank the CHiME steering board for their feed-
back, advice, and oversight in organizing the challenge.
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