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Abstract

This paper presents the system designed by FOSAFER for
the CHIME-8 MMCSG challenge. Our system generates text
transcriptions with speaker attributes from natural conversa-
tions between two participants in a streaming format. To meet
the challenge requirements, we developed a directed automatic
speech recognition (ASR) system based on a multi-channel mi-
crophone array. The system follows a two-stage training ap-
proach and incorporates the SpecAugment dynamic data aug-
mentation technique to improve model performance. Its ar-
chitecture includes a front-end for speaker label detection and
crosstalk suppression using the Non-Linearly Constrained Min-
imum Varianc (NLCMV) beamformer, and a back-end with a
streaming hybrid Transducer ASR model that integrates CTC
and RNNT decoders. Additionally, the system handles overlap-
ping speech and speaker switching through Sequential Output
Training (SOT). Experimental results demonstrate that our sys-
tem significantly outperforms the official baseline across vari-
ous delay conditions, underscoring its effectiveness in complex,
real-world environments and its potential for practical applica-
tions.

Index Terms: multi-channel, multi-talker ASR, smart glasses,
CHIME-8 MMCSG

1. Introduction

The CHiME challenge has advanced research and application
of speech recognition in real-world environments by gradu-
ally introducing complex natural scenes and advanced technolo-
gies [1-6]. The CHIME-8 MMCSG task [7] involves obtaining
speaker-attributed transcriptions of natural conversations be-
tween two participants, recorded with smart Aria glasses, in
a streaming fashion using audio, video, and IMU inputs. The
challenge includes transcribing both sides of the conversation
with minimal latency, while addressing issues like noise, target
speaker identification, speech enhancement, diarization, and the
impact of a non-static microphone array affected by the wearer’s
head movements. Additionally, the task explores how integrat-
ing signals from multiple modalities (e.g., cameras, accelerom-
eters, and gyroscopes) can improve transcription performance
compared to audio-only systems.

Smart glasses are gaining popularity for speech-related ap-
plications such as ASR and enhanced hearing [8]. Advances
in audio sensing and augmented reality (AR) have enabled new
use cases, but these devices often face challenges from back-
ground noise, reverberation, and overlapping speech, which
can degrade speech intelligibility [9] [10] [11]. Multi-channel
ASR systems, utilizing microphone arrays, offer a solution by
improving the signal-to-noise ratio (SNR) and separating rel-
evant speech from noise. This technology makes it possible
to transcribe conversations more accurately, even in complex
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environments, and can be especially beneficial for applications
like real-time captioning for the hearing-impaired or hands-free
voice interfaces in noisy conditions. As smart glasses con-
tinue to evolve, their ability to handle spatial audio and process
speech in real-world scenarios will play a key role in expanding
their use cases.

Microphone-array based ASR methods are broadly cate-
gorized into end-to-end and hybrid approaches [12-19]. End-
to-end methods optimize the multi-channel ASR model using
an ASR criterion, with or without explicit separation modules.
For example, MIMO-speech [13] uses source-specific time-
frequency masks as latent variables for transcription, while later
improvements integrate localization sub-networks. Some stud-
ies directly incorporate spatial features into the ASR system
without separation modules. In contrast, hybrid methods em-
ploy a pipeline where speech separation modules explicitly ex-
tract target speech or predict speaker-related masks before feed-
ing the processed signal into the ASR system.

In this paper, we designed and implemented a multi-
channel directional automatic speech recognition system for
the CHIME-8 MMCSG Challenge. The system adopts a two-
stage training method and introduces the SpecAugment dy-
namic data augmentation technique to enhance model perfor-
mance. The system architecture includes a front-end using an
NLCMYV beamformer that not only handles speaker label de-
tection but also suppresses crosstalk, as well as a streaming
hybrid Transducer ASR model that combines CTC and RNNT
decoders, further strengthened by SOT to better handle over-
lapping speech and speaker transitions. Our experimental re-
sults show that, compared to the official baseline, our system
demonstrates superior performance across different latencies,
achieving notable improvements. These enhancements under-
score the practical potential of our proposed solution in complex
real-world environments.

2. Multi-channel Directional ASR System
Architecture

Fig. 1 illustrates the system architecture of our adopted directed
speech recognition system, which integrates NLCMV beam-
formers, a feature frontend, and a streaming Hybrid Transducer-
CTC ASR model trained with SOT.

2.1. Beamforming Front-end

Beamforming is crucial for our system, handling both speaker
tag detection and cross-talk suppression. We process raw multi-
channel audio using K + 1 fixed beamformers: K for hori-
zontal directions around the smart-glasses and one towards the
speaker’s mouth, with predetermined coefficients. This shifts
the problem from comparing phase differences to evaluating
magnitudes and features across multiple directions. we use a
new NLCMYV criterion that incorporates white noise gain and
null direction control, improving performance [20-23]. Specif-
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Figure 1: Overview of the Directed Speech Recognition Architecture Used.

ically, the objective function L[h(jw)] of the NLCMV beam-

former is as follows:
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soft control of null directions.
M
which is subject to the linear equality and nonlinear in-
equality constraints, which are simplified to the following form:

" (jw)g(jw) =1,
c(w) £ R (jw) T (jw)h(jw) <=0,

constraint on white noise gain.
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where ®44(jw) is the covariance matrix of diffuse noise,
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The G, (jw) are measured channel responses from the tar-
get speech source to the m-th of M microphones (ATFs), N
is the number of point noise sources, ¢pp(w) is the PSD of
point noise, oy, is the nth point noise weight, and I is the
identity matrix. From the multiple channels produced by the
beamformers, we extract per-channel log-Mel features, which
are normalized with respect to the corpus mean and variance to
enhance convergence. The log-Mel processing removes phase
information, which in raw audio encodes directional cues. This
is acceptable, as the beamformers have already exploited this
directional information, which is now represented as amplitude
variations.

We also added a SpecAugment [24] after the feature extrac-
tion. SpecAugment is a dynamic data augmentation technique
that can be directly applied to spectral speech features for DNN
training. The enhancement strategy aims to train more general-
ized ASR models by predicting data changes in the temporal di-
rection, partial information loss in the frequency direction, and
loss of small speech fragments. To achieve this, masks are con-
structed to dynamically block or modify information in the time
and frequency directions. The width and position of the masks
are randomly determined, ensuring that the DNN encounters
different versions of the input speech in each training period.
We enabled time warping with a window size of 5 using bicu-
bic interpolation; frequency masking with a width range of 0 to

w) Z Qp,n * Gn (]W)gf(ﬂ*’) h(jw)
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27, applied twice; and time masking with a width ratio range of
0% to 5%, applied ten times.

2.2. Cache-Aware Streaming FastConformer ASR with Se-
rialized Output Training

Total
Loss
= a
RNNT CTC
Decoder Decoder

Shared

FastConformer
encoder

Figure 2: Architecture of the hybrid CTC/RNNT model.

The Cache-Aware Streaming FastConformer model [25]
is an optimized architecture for streaming automatic speech
recognition, designed to balance efficiency and accuracy. It
builds upon the FastConformer [26] by adapting it for stream-
ing applications through two key modifications: constraining
the look-ahead and past contexts within the encoder, and intro-
ducing an activation caching mechanism. This allows the non-
autoregressive encoder to function in an autoregressive manner
during inference, thus maintaining consistent performance be-
tween training and real-time use.

The model’s design includes limiting the context window
of each audio frame, ensuring that only a fixed amount of fu-
ture and past information is considered, which is critical for
low-latency streaming. By avoiding normalization in the mel-
spectrogram feature extraction and employing fully causal con-
volution layers, the FastConformer ensures that each input se-
quence step is processed independently. Layer normalization
is used instead of batch normalization, enabling the model to
handle streaming data without the need for full-context infor-
mation.

This architecture supports various decoder configurations,
including CTC (Connectionist Temporal Classification) and
RNN-Transducer (RNNT) decoders, as well as a hybrid



CTC/RNNT setup, which enhances both the accuracy and com-
putational efficiency. The Cache-Aware Streaming FastCon-
former has been evaluated on datasets such as LibriSpeech and
a large multi-domain dataset, demonstrating superior accuracy,
lower latency, and faster inference times compared to conven-
tional buffered streaming models. We used a hybrid architec-
ture which consists of two decoders, one CTC decoder and one
RNNT decoder to train our models. Both decoders share a sin-
gle encoder. The architecture of our hybrid model is shown in
Fig. 2. During the training the losses of the CTC decoder (I.¢c)
and RNNT decoder (I,nn+) are mixed with a weighted summa-
tion as the following:

C))
where liotq1 1S the total loss to get optimized, and « is the
hyperparameter to control the balance between these two losses.
Our model also integrates SOT [27] [28], which helps
in detecting speaker transitions between the user and another
speaker, as well as in recognizing overlapping speech. In our
SOT approach, we sort and interleave transcriptions from mul-
tiple speakers based on the end times of their words, inserting
special markers (>>0 or >>1) at each speaker change. This en-
ables the model to learn to annotate ASR transcripts, indicating
whether the speech is from the wearer or the other participant.

ltotal = *lete + lrnnt

3. Experiments
3.1. Dataset

Our approach implements a two-phase training method. In the
first phase, we generate simulated bifacial conversations using
permitted single-channel data , producing approximately 1,000
hours of training data via the MCAC_simulator tool'. This is
combined with 8.5 hours from the MMCSG training dataset,
resulting in a total of 1,008.5 hours of data for pre-training over
50 epochs. The model is initialized with streaming Hybrid Fast-
Conformer weights.

Given the limited availability of real multichannel data,
we simulated 7-channel datasets based on the array configura-
tion of Aria glasses. Project Aria’s microphone array consists
of 7-channels as shown in Fig. 3. See [29] for more infor-
mation about Aria glasses. This was done using the single-
channel LibriSpeech [30] and TEDLIUM [31] datasets. Long
utterances were segmented into shorter pieces (0.5 to 15 sec-
onds) using single-channel forced alignment. We then used the
MCAS dataset to simulate multi-speaker conversations between
the wearer (SELF), a conversation partner (OTHER), and an
interferer. The MCAS dataset contains information on micro-
phone geometry, real ATFs from Aria glasses, and 10k mul-
tichannel room impulse responses (RIRs) from rooms ranging
in size from [5, 5, 2] to [10, 10, 6] meters. To simulate con-
versations, we positioned SELF, OTHER, and the interferer in
space, with conversation overlap between SELF and OTHER,
and crosstalk from bystanders. The OTHER’s speaking angle
ranged from -60° to +60°, while bystanders were placed ran-
domly outside this range. Noise from the DNS Challenge was
added, with signal-to-noise ratios (SNR) between -5 dB and 30
dB, in 1 dB intervals. The bystanders’ speech did not overlap
with the main speakers’. For specific configurations, refer to the
MCAC _simulator’s transform.json?.

Thttps://github.com/facebookresearch/MMCSG/tree/main/tools/
MCAC _simulator

Zhttps://github.com/facebookresearch/MMCSG/blob/main/tools/
MCAC _simulator/transform.json
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In the second phase, the model is fine-tuned using the MM-
CSG dataset, which includes 8.5 hours of data—consistent with
the baseline set. The MMCSG dataset contains 172 training
recordings, 169 development recordings, and 189 evaluation
recordings, each capturing conversations between two partic-
ipants, both wearing Aria glasses. The recordings feature 7-
channel audio with a 48 kHz sampling rate. SpecAugment is
employed to enhance model robustness by masking time and
frequency regions randomly during training. This improves
generalization, reduces overfitting, and increases data diversity,
especially for multi-channel input. SpecAugment is applied
throughout both training phases.

Figure 3: Microphone locations on Project Aria glasses [29].

3.2. Model Setup

The model utilizes the FastConformer-Hybrid-Transducer ar-
chitecture, input features are extracted using an 80-dimensional
log-Mel filterbank from beamformed multichannel audio data.
For each audio channel, the encoder network’s input layer
projects the concatenated feature vector into 128 dimensions,
followed by stacking four consecutive frames, reducing the se-
quence length by 4x, resulting in a 512-dimensional vector.
This vector is then passed through 17 layers of the Conformer
encoder with a model dimension of 512. The encoder utilizes
depth-wise striding for subsampling, self-attention with rela-
tive position encoding, and multi-head attention with 8 heads.
Causal convolutions ensure that the model handles streaming in-
put efficiently. Regularization techniques include a 0.1 dropout
rate in most layers. The prediction network consists of a sin-
gle LSTM layer with 640 hidden units, while the joint network
projects both encoder and prediction outputs to 640 dimensions
before passing them to the RNNT joint net.

For training, the AdamW optimizer is used with the Noa-
mAnnealing scheduler, starting with a learning rate of 0.5, a
5000-step warmup, and a weight decay of 0.001. The model is
trained for 50 epochs using a batch size of 8§ and mixed preci-
sion. Gradient accumulation is set to 2, and the learning rate
is reduced automatically based on validation performance. No
external language model is used, and fused batch processing
optimizes memory efficiency for loss and WER computation.
The auxiliary CTC decoder is not employed in this configura-
tion. Additionally, the training process incorporates FastEmit
regularization to enhance accuracy and reduce latency during
streaming inference.

The model’s parameter configuration largely follows a stan-
dard repository’. During the pre-training phase, AdamW is em-
ployed as the optimizer with a learning rate of 0.5, momen-
tum parameters (betas) of [0.9, 0.98], and a weight decay of
le-3. The scheduler utilizes the NoamAnnealing strategy, with

3https://github.com/facebookresearch/MMCSG/blob/main/
config/finetune_asr.yaml



Table 1: Comparison of SELF and OTHER speakers against the official baseline speaker-attributed word error rate (MTWER%) across
various training stages and delays. Att. Context Size represents the size of the contextual window used in the attentional mechanism.

System Att. Context Size Latency (s) SELF speakers OTHER speakers
MTWER INS DEL SUB ATTR MTWER INS DEL SUB ATTR

[70, 1] 0.15 17.9 1.7 42 105 1.6 24.4 26 73 123 22
. . [70, 6] 0.34 15.0 1.4 39 84 1.4 21.4 22 72 10.1 1.8
Official baseline (70, 13] 0.62 143 13 38 79 13 203 21 71 96 16
Average 15.7 1.5 40 89 1.4 22.0 23 72 107 19
[70, 1] 0.22 10.5 1.2 26 63 0.5 18.9 23 6.7 85 1.3
Pre-training in the [70, 6] 0.43 9.9 12 25 57 05 18.0 24 6.6 179 1.2
first phase [70, 13] 0.71 9.6 1.2 24 55 04 17.6 24 65 176 1.2
Average 10.0 1.2 25 58 0.5 18.2 24 6.6 8.0 1.2
[70, 1] 0.19 10.7 1.3 25 62 06 18.2 26 58 86 1.3
Fine-tuning in the [70, 6] 0.40 9.7 1.2 23 56 05 17.4 26 56 80 1.2
second phase [70, 13] 0.67 9.6 1.3 23 56 0.5 17.0 26 55 78 1.1
Average 10.0 1.3 24 58 05 17.5 26 56 8.1 1.2

20,000 warmup steps and a minimum learning rate of 1le-6. For
fine-tuning, the learning rate is lowered to 0.1, and the warmup
steps are decreased to 5,000, ensuring the model adapts effec-
tively to the fine-tuning phase.

3.3. Evaluation metrics

Evaluation of speech recognition performance by multitalker
word error rate (MTWER) used by the system, MTWER eval-
uates the transcription of SELF and OTHER speakers jointly
and it expects the words to be correctly attributed to these two
speakers. It breaks down the error into substitutions, insertions,
deletions and speaker-attribution errors. The final multitalker
WER is then computed for SELF and OTHER as:

INSseif + DELgeis + SU Bseir + ATT Rseir

MTW ERgeir = NEEF.
self

)

IN Sother + DE Loter + SU Bomer + ATT Rother

MTWERolhcr = NREF.
other

(6)

3.4. Result and Analysis

The performance of our system was evaluated through a se-
ries of experiments, with results summarized in Table 1. Our
method involved two main phases: pre-training and fine-
tuning. During pre-training, we observed an average reduction
in MTWER of 5.7% for SELF speakers and 3.8% for OTHER
speakers compared to the baseline. The most significant im-
provements were seen for SELF speakers, demonstrating the
model’s effectiveness in transcribing the wearer’s speech. For
instance, with a context size of [70, 1], the MTWER for SELF
speakers dropped from 17.9% in the baseline to 10.5%, while
for OTHER speakers, it decreased from 24.4% to 18.9%.

In the fine-tuning phase, using the MMCSG dataset, the
model achieved further MTWER reductions, particularly for
OTHER speakers, without diminishing the performance for
SELF speakers. This indicates that fine-tuning helped the
model better adapt to the characteristics of the other speaker’s
voice, even though the overall MTWER for OTHER speakers
remained higher. Specifically, for a context size of [70, 6],
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the MTWER for OTHER speakers improved to 17.4%, down
from 18.0% during pre-training and significantly lower than the
21.4% baseline.

We also explored different attentional context sizes—|70,
13], [70, 6], and [70, 1]—which corresponded to average laten-
cies of 674 ms, 401 ms, and 196 ms, respectively, on the DEV
dataset. This allowed us to examine the trade-off between la-
tency and recognition accuracy. The results showed that larger
context windows generally led to lower MTWER, indicating
that a broader contextual view improves transcription quality
but at the cost of increased latency.

Despite the improvements, the MTWER for OTHER speak-
ers remained higher than for SELF speakers, highlighting on-
going challenges with far-field speech separation and recogni-
tion. The relatively low separation quality for OTHER speak-
ers may have negatively impacted the system’s performance.
As noted in previous research, neural beamforming techniques
in multi-channel source separation could enhance ASR perfor-
mance, and future work will focus on improving the system’s
ability to handle the speech of OTHER speakers.

4. Conclusions

This paper presents the system developed by Fosafer for the
CHIiME-8 MMCSG Challenge, which employs a two-stage
training approach and incorporates SpecAugment for dynamic
data augmentation. The system’s architecture features a front-
end that uses the NLCMYV beamformer for speaker label detec-
tion and crosstalk suppression, and a back-end with a stream-
ing hybrid Transducer ASR model that combines CTC and
RNNT decoders. SOT is also integrated to improve the han-
dling of overlapping speech and speaker transitions. Experi-
mental results demonstrate that the system outperforms the of-
ficial baseline across various latency conditions, particularly in
low-latency scenarios. However, speech recognition accuracy
remains lower for OTHER speakers compared to SELF speak-
ers, highlighting ongoing challenges in far-field speech separa-
tion, which will be addressed in future work.
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