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TAKEAWAYS
- Brain-controlled hearing device for scenarios with moving conversations in multi-talker
settings, closely mimicking real-world listening environments
- Developed a binaural speech separation model that separates speech of moving talkers
while retaining their spatial locations, enhancing auditory perception and auditory
attention decoding
- Proposed system enhances speech intelligibility and reduces listening effort in realistic

acoustic scenes
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ABSTRACT

Focusing on a specific conversation amidst multiple interfering talkers presents a significant
challenge, especially for the hearing-impaired. Brain-controlled assistive hearing devices aim to
alleviate this problem by separating complex auditory scenes into distinct speech streams and
enhancing the attended speech based on the listener’s neural signals using auditory attention
decoding (AAD). Departing from conventional AAD studies that relied on oversimplified
scenarios with stationary talkers, we present a realistic AAD task that mirrors the dynamic
nature of acoustic settings. This task involves focusing on one of two concurrent conversations,
with multiple talkers taking turns and moving continuously in space with background noise.
Invasive electroencephalography (iIEEG) data were collected from three neurosurgical patients
as they focused on one of the two moving conversations. We propose an enhanced brain-
controlled assistive hearing system that combines AAD and a binaural speaker-independent
speech separation model. The separation model unmixes talkers while preserving their spatial
location and provides talker trajectories to the neural decoder to improve auditory attention
decoding accuracy. Our subjective and objective evaluations show that the proposed system
enhances speech intelligibility and facilitates conversation tracking while maintaining spatial
cues and voice quality in challenging acoustic environments. This research demonstrates the
potential of our approach in real-world scenarios and marks a significant step towards
developing assistive hearing technologies that adapt to the intricate dynamics of everyday

auditory experiences.
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INTRODUCTION

Speech communication in multi-talker environments is challenging, particularly for the hearing
impaired®. Modern hearing aids, though proficient at suppressing general background noises®?,
fall short in a critical aspect: they cannot selectively enhance the attended talker's speech
without first knowing which talker is the target*. This limitation underscores the need for a brain-
controlled approach, in which the listener’s neural responses are used to decode and enhance
the talker to whom attention is directed®, a technique known as auditory attention decoding
(AAD)®. In parallel, the field of automatic speech separation has seen significant progress in the
recent years’ ™. Speech separation aims to isolate individual talkers from a mixture (captured by
one or more microphones). Auditory attention decoding can be combined with automatic speech
separation to enable a brain-controlled hearing device®***® by isolating and amplifying the
speech of the attended talker, therefore mitigating the challenges posed by multi-talker

environments.

Past studies have established the feasibility of decoding auditory attention from both

5,6,10,11 13-15

invasive and non-invasive neural recordings. Despite these advancements, existing
studies predominantly employ overly simplistic acoustic scenes that do not mimic the real world
scenarios®'®*'® Common experimental setups have been limited to stationary talkers without
background noise, and primarily focus on distinguishing between two concurrent talkers. This
lack of realism in experimental design is a significant barrier to the generalization of these
technologies to everyday life scenarios. Real-world listening involves dynamic conversation
involving multiple talkers, often engaged in turn-taking while moving in space, all amidst varying

background noises. Our study aims to bridge this gap by simulating a more realistic

experimental paradigm, therefore advancing the field of AAD towards practical applications.
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Another important factor that past research has often overlooked is the listeners' desire to track
moving talkers in space. This aspect is crucial for natural listening®’ and, thus, for the
effectiveness of brain-controlled hearing devices. A successful brain-controlled hearing device
must separate speech streams as they move in space while preserving the perceived spatial
location of each talker'®. Previous studies of AAD have been based on decoding only the
spectro-temporal features of speech. However, recent scientific studies have shown that the

human auditory cortex also encodes the location of the attended talker**

which can potentially
lead to the ability to decode the spatial trajectory of attended talkers. Our study takes a crucial

step by investigating whether adding talker trajectories can improve the AAD performance.

Another persistent challenge in AAD model fitting and evaluation is the difficulty in accurately
determining the specific talker to which a subject is attending, especially with high temporal
resolution. Previous methods often assume that subjects continuously focus on a pre-
designated talker, overlooking the possibility of inadvertent attention shifts*. This assumption
can lead to mislabeling in data and biasing the performance evaluation of AAD algorithms. Our
study addresses this issue by integrating a behavior measure into our experimental design to
ascertain the ongoing focus of the subject more precisely, thereby enhancing the reliability of

our data and the validity of our evaluation metrics.

In this work, we present a comprehensive and novel approach to AAD that uses complex,
dynamic stimuli that more closely resemble real-world acoustic environments. Specifically, we
use two concurrent conversations that feature moving talkers and natural background noise,
alongside speaker turn-taking among attended and unattended conversations. Furthermore, we
introduce a novel task for determining the ground truth labels in attention-focused conversation
by requiring the subject to detect deliberately placed repeated words (1-back task)??%. Lastly,

we propose a refined brain-controlled hearing system equipped with a real-time, speaker-
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99 independent binaural speech separation model®*°

that preserves the spatial location of the
100 talkers and outputs real-time speaker trajectories that are used to increase the decoding

101  accuracy of the attended talker. We demonstrate that the system improves speech intelligibility
102  and conversation tracking and preserves the spatial characteristics and voice quality essential

103 for realistic and immersive auditory experiences. This represents a significant advancement

104  towards brain-controlled hearing devices in real-world listening environments.
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105 RESULTS

106

107  Subjects and Neural Data

108

109 Neural responses from three patients undergoing epilepsy treatment were collected as they

110 performed the task with intracranial electroencephalography (iEEG). Two patients (Subjects 1
111 and 2) had sEEG depth as well as subdural electrocorticography (ECoG) grid electrodes

112  implanted over the left hemispheres of their brains. The other patient (Subject 3) only had

113  stereo-electroencephalography (SEEG) depth electrodes implanted over their left-brain

114  hemisphere. All subjects had electrode coverage over their left temporal lobe, spanning the

115 auditory cortex. The neural data was processed to extract the envelope of the high gamma band
116  (70-150 Hz) band and was used for the rest of the analysis. Speech-responsive electrodes were
117  determined using t-tests on neural data samples collected during speech v/s silence (see

118 Methods). S1, S2 and S3 had 17, 34 and 42 speech-responsive electrodes respectively as

119 shown in Figure S1.
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120 Experiment Paradigm

121
a. Two simultancous moving conversations b. Example al with repeated words and talker ewltches
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123  Figure 1: Experiment design. (a) Every trial consisted of two concurrent conversations moving
124  independently in the front hemifield of the subject. Each conversation had two distinct talkers
125  taking turns. (b) Repeated words were inserted across the two conversations as highlighted in
126  pink. The cued (to-be-attended) conversation had a talker switch at 50% trial time mark whereas
127  the uncued (to-be-unattended) conversation had two talker switches, at 25% and 75% trial time
128  marks.

129

130 The experiment had a total of 28 multi-talker trials, with the average duration of 44.2 s (standard
131 deviation = 2.0 s) each. As shown in Figure 1a, the trials consisted of two concurrent and

132 independent conversations that were spatially separated and continuously moving in the frontal
133 half of the horizontal plane of the subject. The distances of these conversations from the subject
134  were equal and constant throughout the experiment. Both conversations were of equal power

2.2 (gither

135 (RMS). Talkers were all native American English speakers. Diotic background noise
136  “pedestrian” or “speech babble”) was also mixed along with the conversations at power either 9

137 dB or 12 dB below the power of a conversation stream.
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138

139 Different talkers took turns in these conversations. As shown in Figure 1b, in the to-be-attended
140  conversation, a talker switch took place at around 50% trial time mark whereas for the to-be-
141  unattended conversation, two talker switches took place, one at around 25% trial time mark and
142  the other nearly at the 75% trial time mark. Repeated words were deliberately inserted in both
143  the conversation streams. The average time interval between the onsets of two repeated words
144  in a conversation was 7.0 s (standard deviation = 1.0 s). The assignment of male and female
145  talkers to various segments of the conversations was counterbalanced across trials to ensure
146  equal durations of concurrent conversations with the same and different genders.

147

148  The subjects were instructed to follow (attend to) the conversation that started first and press a
149  push button upon hearing a repeated word in the followed conversation. The uncued (to-be-
150 unattended) conversation started 3 seconds after the onset of the cued (to-be-attended)

151  conversation. The trials were spatialized using head-related transfer functions (HRTFs) and

152  delivered to the subjects via earphones.
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153 System Proposal

154
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156  Figure 2: Proposed framework for a binaural brain-controlled hearing device. (a) The

157  framework requires two microphones, one each on both the left and the right ear. The

158 microphones separately capture the left and the right mixtures of sound sources arriving at the
159 ears. (b) The speaker separation works with these microphone recordings to binaurally separate
160 the speech streams while also estimating the trajectories of the talkers. These outputs are used
161 in combination with the wearer's neural data to decode and enhance the attended talker. (¢) The
162  binaural speaker separation model consists of an initial separation module whose outputs are
163  further improved by a post-enhancement module.

164
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165 Brain-controlled hearing devices need to combine a speech separation model along with

166  auditory attention decoding to determine and enhance the attended talker. Performing AAD
167  requires having access to individual speech streams and trajectories of every talker in the
168  acoustic scene with which neural representations can be compared to determine the attended
169 talker. Our proposed framework for a binaural brain-controlled hearing device assumes that
170 there are two single-channel microphones, one on the left ear and the other on the right, as
171 shown in Figure 2a. These microphones capture the left and right components of the sounds
172  arriving at the ears of the wearer. The system framework, shown in Figure 2b, makes use of a
173  deep learning-based speaker-independent binaural speech separation model that separates a
174  binaural mixture of speech streams of two moving talkers (recorded by the binaural

175  microphones) into their individual speech streams while also preserving their spatial cues. As
176  spatial cues are preserved in the separated speech streams of the talkers, the model is also
177  able to estimate the trajectories of the moving talkers in the acoustic scene. Auditory attention
178 decoding is enabled by performing canonical correlation analysis which uses the wearer’'s
179 neural data and the talkers’ separated speech and estimated trajectory streams to determine

180 and enhance the attended talker by suppressing the unattended talker.

10
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181  Speaker-Independent Binaural Speech Separation

182

183 In this section, we present an automatic speaker-independent speech separation model that
184  separates moving sound sources and preserves spatial cues for all directional sources, enabling
185 listeners to accurately locate each of the moving sources in space. The proposed model, as
186  shown in Figure 2c comprises of two main modules, namely the binaural separation module and
187 the binaural post-enhancement module. Both modules adopt TasNet which has demonstrated
188  exceptional performance in separating audio sources®?®%’. Furthermore, the causal

189  configuration enables low-latency processing, making it well-suited for real-time applications.
190

191  The binaural separation module takes binaural mixed signals as input and simultaneously

192  separates speech for both left and right channels. Specifically, two linear encoders transform
193  the two channels of mixed signals y* y® € RT into 2-D representations E¥, ER € RNxH,

194  respectively, where T represents the waveform length, N represents the number of encoder

195 bases, and H represents the number of time frames. To explicitly exploit spatial information, we
196 concatenated the encoder outputs and inter-channel phase differences (IPDs) and inter-channel
197 level differences (ILDs) between y" and y®, forming spectro-temporal and spatial-temporal

198 features (as detailed in the Materials and Methods section). We then pass this feature through a
199 series of temporal convolutional network (TCN) blocks to estimate multiplicative masks,

200 MU MR e RO*NxH ‘where C is the number of speakers. In this study, C is prefixed to be two.
201  These multiplicative masks are then applied to E and ER, respectively, and a linear decoder

202  transforms the masked representations back to the waveform of individual speaker,
c : : . . ,
203 {le sk 1 The speaker-independent binaural speech separation module was trained using

204  permutation invariant training®®. Additionally, we imposed the constraint that the speaker order is

205 the same for both channels, allowing the left- and right-channel signals of each individual

11
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206  speaker to be paired directly. The average signal-to-noise ratio (SNR) improvement of the

207  separated speech over the raw mixture was 14.05 + 4.79 dB.

208

209 The binaural post-enhancement module aims to enhance performance in noisy and reverberant
210 environments because post processing stages have shown effectiveness in improving the signal
211  quality®®. The module takes each pair of the separated stereo sounds (e.g., s and s?) and the
212  mixed signals (y* and yR) as input. Similarly, all the encoder outputs are passed through the

213  TCN blocks to estimate multiplicative masks for separating sources. Unlike the speech

214  separation module that only applies multiplicative masks, which is equivalent to spectral filtering,
215 the speech enhancement module performs both multiplication and summation, equivalent to
216  both spectral and spatial filtering. This is similar to multichannel Wiener filtering®. Because the
217  input stereo sound (s and sR) contains both spectral and spatial information of the speaker i,
218 the enhancement module essentially performs informed speaker extraction without the need for
219  permutation invariant training. The average SNR improvement of the enhanced speech over the
220  raw mixture was 16.77 + 4.92 dB.

221

222  The key ingredient of the training is using the signal-to-noise ratio (SNR) as the objective

223  function for both the speech separation and enhancement modules. SNR(x,%) =

lIx12

lIx—=II3

224 10logqg ( ) where x and X are the ground truth and estimated waveform, respectively.

225 Because SNR is sensitive to both time shift and power scale of the estimated waveform, it can
226  force the interaural level difference (ILD) and interaural phase difference (IPD) to be preserved
227  in the estimated waveform. Moreover, we performed utterance-level training on a moving
228  speaker dataset, which encourages the model to leverage spectral and spatial features of

229  speakers in a large context and forces the model to track speakers within the utterance without

12
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230 the need for explicit tracking modules®®. This approach enables the model to handle moving
231  sources effectively.

232

233  We also trained a speaker localizer module using a similar architecture to the enhancement
234  module. The module performs classification of the direction of arrival (DOA) every 80

235 milliseconds. So, the localizer module estimates a moving trajectory for each moving source
236  which can be utilized to improve the accuracy of attentional decoding. The average DOA error

237  of the estimated trajectories was 4.20 + 5.76 degrees.

13
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238 Behavioral Data Analysis

239

240  The push button responses of subjects to repeated words in the conversation being followed
241  help in determining to which conversation a subject was attending. A repeated word in a

242  conversation was considered as correctly detected only if a button press was captured within
243  two seconds of its onset. As shown in Figure S2, all subjects tracked more than 65% of the
244  repeated words in the cued (to-be-attended) conversation. We assign these as hits. However,
245  we see that subjects also tracked a non-zero fraction of repeated words in the uncued (to-be-
246  unattended) conversation (false alarms) indicating that there might have been occasions when
247  the subjects were attending to the uncued (to-be-unattended) conversation. We combined the
248  hit rate and false alarm rate for each subject to generate a sensitivity index (d’) inspired by

249  signal detection theory®*®!

(SDT). Sensitivity index for each subject was calculated as: d’ =
250 z(False Alarm Rate) — z(Hit Rate), where z(x) is the z-score corresponding to the right-tail p-

251  value of x*'. Subjects were ranked based on their sensitivity indices (S1: 2.8, S2: 2.3, S3: 1.9).

14
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252  Auditory Attention Decoding
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254  Figure 3: Evaluating auditory attention decoding (AAD) performance and its correlation with

255  behavior. (a) AAD accuracies averaged across subjects as a function of window size. The

256  decoding accuracies are comparable between the clean and separated versions (two-sided

257  Wilcoxon signed-rank test, z = 1.50, p-val = 0.13). Error bars indicate the standard error of

258 mean. (b) Scatter plots comparing trial-wise AAD accuracies for a window size of 4 s when

259  using only spectrogram vs spectrogram + trajectory. Each point represents a trial. AAD

260  accuracies improved significantly when talker trajectories were also incorporated in addition to
261 their speech spectrograms for both clean (two-sided paired t-test, t = 3.2235, df = 80, p-val =
262  0.002, 95% CI. 0.7534 to 3.1845) and separated (two-sided paired t-test, t = 2.6316, df = 80, p-
263 val =0.010, 95% CI: 0.3470 to 2.4995) versions. (c) A separate set of models were trained

264  without correcting for behavior. The decoding accuracies are plotted for the clean version of
265  speech for both with and without behavior correction. Not correcting for behavior can lead to
266  significant underreporting of AAD performance (two-sided Wilcoxon signed-rank test, signed-
267 rank =0, p-val < 0.001) (d) For models trained without correcting for behavior, trial-wise

268 behavioral performance and AAD accuracies are significantly correlated (Pearson’s r = 0.639, p-
269 val <0.001). (e) An example trial from one of the subjects who shifts attention from the cued
270  conversation (Conv. 1) to the uncued conversation (Conv. 2) in the middle of the trial. Repeated
271  words in the conversation streams are shaded in pink. Button press responses to the repeated
272  words are shown in green (red) for the cued (uncued) conversation. The last plot shows the first
273  canonical correlation for both the conversation streams obtained by continuously sliding a 4 s
274  window. Behavior is well correlated with the canonical correlations.

275

276 In order to decode the attended talker, neural signals were compared with speech spectrograms
277  and trajectories of talkers using canonical correlation analysis®** (CCA) (see Methods). For

278  certain trials where it was evident that the subject was following the uncued conversation

279  (greater than or equal to two repeated words detected in the uncued stream), the “attend” and

16
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280 “unattend” labels were swapped for the conversations in that portion. Subject-wise CCA models
281  were trained, and their performance was evaluated using leave-one-trial-out cross validation,
282 i.e., training on N - 1 trials and testing on the windows from the N trial. During training, the CCA
283  models simultaneously learn forward filters on attended talker’s clean speech spectrogram and
284  trajectory and backward filters on the neural data such that upon projection with these filters, the
285 neural data and the attended talker stimuli would be maximally correlated. During testing, these
286 learnt filters are applied to the neural data as well as to every talker's speech spectrogram and
287  trajectory. The talker which yields the highest correlation score (based on voting of the top three
288  canonical correlations) was determined as the attended talker. We chose a receptive field of
289 500 ms for neural data and 200 ms for stimuli spectrograms and trajectories (see Methods). The
290 starting sample of the receptive field windows were aligned in time for both neural data and

291  stimuli.

292

293  We evaluated auditory attention decoding accuracies for all subjects for a range of window sizes

294  from 0.5 s to 32 s for the following two stimuli versions:

295 1. Clean Stimuli: Using the clean (before mixing) ground truth speech spectrograms and
296 trajectories of individual talkers in the acoustic scene.

297 2. Automatically Separated Stimuli: Using the speech spectrograms and estimated

298 trajectories of talkers yielded by the binaural speech separation model.

299

300 Figure 3a shows the attended talker decoding accuracies averaged across subjects as a

301 function of window size for both clean and separated versions after correcting for behavior. For
302 both versions, the attended talker decoding accuracies increase as a function of window size.
303 This is expected since with larger window sizes, more information is available to determine the
304  attended talker. Stimuli version had a very small effect on the AAD accuracies across subjects

305 and window sizes (two-sided Wilcoxon signed-rank test, z = 1.50, p-val = 0.13). This indicates

17
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306 that the AAD performance with automatically separated stimuli is as good as the performance
307  with original clean stimuli (Figure 3a), confirming the efficacy of the proposed speaker-

308 independent speech separation module.

309

310 We studied the improvement in AAD performance when talker trajectories are included in

311  addition to talker spectrograms. For this comparison, we trained and tested CCA models (post
312  behavior correction) with only talker spectrograms without trajectories. As shown in Figure 3D,
313  we found that trial-wise AAD performance improved when talker trajectories were also

314  incorporated in addition to talker spectrograms for both clean (two-sided paired t-test, t =

315  3.2235, df = 80, p-val = 0.002, 95% CI: 0.7534 to 3.1845) and automatically separated (two-
316  sided paired t-test, t = 2.6316, df = 80, p-val = 0.010, 95% CI: 0.3470 to 2.4995) versions of the
317  stimuli.

318

319 Lack of having a behavioral measure and not correcting for the same can lead to underreporting
320 of AAD performance. To study this, we also trained a set of CCA models assuming that the
321  subjects always paid attention to the cued (to-be-attended) conversation. Figure 3c compares
322  the AAD performance for clean stimuli when correcting and not correcting for behavior. Not
323  correcting for behavior significantly hurts AAD performance (two-sided Wilcoxon signed-rank
324  test, signed-rank = 0, p-val < 0.001). This is also true when evaluating with the automatically
325  separated version of the stimuli (two-sided Wilcoxon signed-rank test, signed-rank = 0, p-val <
326  0.001).

327

328 Next, for the models trained without correcting for behavior, we examined whether the

329 behavioral performance on the repeated word detection task could explain the AAD

330 performance on a trial-by-trial basis. We first computed the proportion of repeated words

331 detected in the cued conversation (hit rate) for each trial and for each subject. We also
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332 computed corresponding trial-wise AAD accuracies for a window size of 4 s. As shown in Figure
333  3d, we found that hit rate on the repeated word detection task was significantly correlated with
334  the trial-wise AAD accuracies (Pearson’s r = 0.639, p-val < 0.001). Figure 3e shows an example
335 trial from one of the subjects who, based on behavioral responses, was initially attending to the
336 cued (to-be-attended) conversation and then later attends to the uncued (to-be-unattended)
337  conversation after the conversations cross in space. The canonical correlations mapping the
338 neural data with both the cued and uncued stimuli also capture this shift of attention from one
339 conversation to the other. Thus, the repeated word detection task helps explain AAD

340 performance on a trial-by-trial basis.
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System Dynamics During Talker Transitions
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Figure 4: (a) The proposed system seamlessly tracks turn-takings. This is facilitated by the
speaker separation module which places talkers in a conversation on the same output channel
by relying on location and talker continuity cues. Attended conversation is highlighted with a
pink shade. Correlations showed are the average of the top three canonical correlations for
separated version of the stimuli. (b) Attention switch from one conversation to another can be
simulated by swapping the output channels of the binaural separation system. (c) Channel
preference dynamics after simulated attention switch for a decoding window size of 4 s. (d)
Transition times as a function of decoding window size. No significant differences were
observed between the clean and separated versions (two-sided Wilcoxon signed-rank test,

signed-rank = 17, p-val = 0.70). Error bars in all plots indicate the standard error of mean.
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355  Turn-takings during conversations create talker switches in the attended conversation. For good
356  user experience, it is important that the system tracks the talker switch and seamlessly

357 enhances the new attended talker. Our experiment paradigm, inspired by real-world settings,
358 had asynchronous talker switches in both to-be-attended and to-be-unattended conversations.
359  The new talker continued at the same location as the previous talker in the conversation. The
360 speaker separation model was able to put talkers of a conversation on the same output channel
361 using location and talker continuity. As a result, the system was able to seamlessly track turn-
362 takings in conversations, as shown in Figure 4a.

363

364 In some cases, the wearer of the hearing device might switch attention from a conversation at a
365  particular location to another conversation at a different location. To study how our system

366  responds in such cases, we artificially swapped the outputs of the binaural speech separation
367  system at the point of talker switch in the cued conversation, as shown in Figure 4b. Since we
368 combine the results of the top three canonical correlations based on voting to determine the
369 attended talker or channel, we define a metric channel preference index (CPI), i.e.,

370

# of votes favoring Channel 1
3

371 CPI= - 0.5

372

373  Thus, a positive CPI would indicate a preference to Channel 1 whereas a negative CPI would
374  indicate a preference to Channel 2. In Figure 4c, we show the CPI averaged across trials for
375 one of the subjects (S3) when attention switch is simulated. We define the transition time as the
376 time point where the average CPI crosses 0. Figure 4d shows the transition times (averaged
377  across subjects) as a function of window size for both clean and separated versions. No

378  significant difference was found in the transition times across subjects and window sizes
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379 between the clean and separated versions (two-sided Wilcoxon signed-rank test, signed-rank =

380 17, p-val = 0.70).
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Evaluation of System Performance

Part A: Subjective
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Figure 5: Subjective evaluation of system outputs show enhanced tracking of the cued
conversation, improved intelligibility and retention of talker cues and voice quality. Twenty-four
online participants listened to trials from the following conditions: (i) System Off: raw original
mixture played to IEEG subjects, (i) System On (Separated): attended talker enhanced with the
output of the binaural separation system, (iii) System On (Clean): attended talker enhanced with
clean ground truth speech. (a) Repeated word detection accuracy in the cued conversation
increases significantly when the system is turned on for both clean as well as separated
versions (two-sided paired t-test, p-val < 0.001). (b) Repeated word detection accuracy for the
uncued conversation drops significantly when the system is turned on (two-sided paired t-test,
p-val < 0.01). (c) Intelligibility of the cued conversation is significantly increased under the

system on conditions (two-sided paired t-test, p-val < 0.05) (d) Attending to the cued
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396 conversation is easier under the system on conditions (two-sided paired t-test, p-val < 0.0001).
397 (e) Participants can localize talkers in space equally well in all conditions. (f) No significant

398 difference in voice quality ratings was observed between the system off condition vs the system
399 on with separated speech condition. However, participants rated the voice quality of the system
400 on with clean speech condition to be relatively higher (two-sided paired t-test, p-val < 0.05).

401  Error bars in all plots indicate the standard error of mean.

402

403 To evaluate the performance of the proposed system, an online Amazon MTurk experiment was
404  conducted with 24 native speakers of American English with self-reported normal hearing. The
405 participants listened to simulated output of the proposed system using the neural signatures
406 obtained by concatenating the channels from all the three subjects, for a total of 15 trials, five for

407  each of the following conditions, in a blind fashion:

408 1. System Off: The raw mixture stimuli that was played to the subjects from whom neural
409 data was recorded.

410 2. System On (Separated): Mixture in which the attended talker, as determined by the
411 neural signatures, was enhanced using the output of the binaural speaker-separation
412 model.

413 3. System On (Clean): Mixture in which the attended talker was enhanced using clean
414 ground truth speech.

415

416  Enhanced mixtures were generated by suppressing the un-attended talker and the background
417  noise in the mixture by the same scale factor such that the resulting power difference between
418 the attended and the unattended talker was 9 dB. Like the iEEG patrticipants, the MTurk

419  participants were also instructed to follow the cued conversation and press space bar on their
420  keyboards upon hearing the repeated words in the conversation being followed. After each trial,

421  the participants were asked to rate the difficulty of following the cued conversation on a scale

24


https://doi.org/10.1101/2024.02.05.579018

bioRxiv preprint doi: https://doi.org/10.1101/2024.02.05.579018; this version posted February 6, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

422  from 1 (very difficult) to 5 (very easy) and the quality of voices in the conversation on a scale
423  from 1 (bad) to 5 (excellent). To also test the intelligibility of the conversations, the participants
424  were also asked to respond to a multiple-choice question based on the content of the cued

425  conversation after each trial. A short localization task was also included at the end of each trial
426  to determine if the attended talker can be localized post enhancement.

427

428  Figure 5 summarizes the results. As shown in Figure 5a, under both the “system on” conditions,
429 the repeated word detection accuracy in the cued conversation is enhanced when compared to
430 the “system off” condition (two-sided paired t-test, p-val < 0.001), whereas for the uncued

431  conversation (Figure 5b), the detection accuracy is reduced (two-sided paired t-test, p-val <
432  0.01). This means that the system helps track the cued conversation and prevents unintentional
433 tracking of the uncued conversation. We also find that intelligibility of the cued conversation is
434  significantly enhanced under the “system on” conditions (Figure 5c, two-sided paired t-test, p-val
435 < 0.05). No significant differences are observed between the clean and separated versions of
436 the “system on” condition. Ease of attending to the cued conversation increases from “system
437  off” condition to “system on with separated speech” condition (two-sided paired t-test, p-val <
438  0.0001) to “system on with clean speech” condition (two-sided paired t-test, p-val < 0.01), as
439  shown in Figure 5d. Surprisingly, no differences in voice quality of the talkers in the cued

440  conversation were observed between the “system off” and the “system on with separated

441  speech” condition (Figure 5f). However, participants rated the voice quality in the “system off
442  with clean speech” condition higher than the other two (two-sided paired t-test, p-val < 0.05).
443  These results indicate that a scope for improvement exists for the speaker-independent binaural
444  speech separation model and its upper bounds (when there is ideal separation) are captured by
445  the “system on with clean speech” condition. The ability to localize talkers in space, as shown in
446  Figure 5e, was comparable across all the three conditions highlighting retention of the attended

447  talker spatial cues when the system is turned on. In summary, the system helps follow the
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448  conversation of interest, increases its intelligibility and the ease of attending to it while also
449  preserving spatial cues.

450  Part B: Objective

451
a. Percoptual evaluation of b. Extended short-time objactive
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453  Figure 6: Improved objective quality and intelligibility. (a and b) Both PESQ and ESTOI scores
454  increase from “system off” condition to “system on with separated speech” condition to “system
455  on with clean speech” condition (two-sided paired t-tests, p-val < 0.0001). Error bars in all plots
456  indicate the standard error of mean.

457

458 In addition to subjective evaluation, we also performed an objective evaluation where the same
459  system simulated outputs in the subjective evaluation were compared with their corresponding
460 clean to-be-attended conversation waveforms (as reference) to calculate narrowband MOS-
461 mapped Perceptual Evaluation of Speech Quality*® (PESQ) and Extended Short-Time Obijective
462 Intelligibility** (ESTOI) scores. As expected, in Figure 6, we see a significant improvement in
463  these scores as we progress from “system off” condition to “system on with separated speech”

464  condition to “system on with clean speech” condition (two-sided paired t-tests, p-val < 0.0001).
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465 DISCUSSION

466

467  We introduced a novel AAD experimental paradigm that diverges from existing studies by
468 incorporating concurrent conversations with natural turn-takings where talkers move in space
469  amidst background noise. This approach represents a substantial advancement in creating
470  realistic auditory scenarios for AAD research. Our binaural speaker separation system

471  successfully separated these dynamic conversations into individual streams while preserving
472  talker spatial cues. Additionally, the speech separation system provides real-time talker

473  trajectories to the AAD algorithm, enhancing its decoding accuracy. The use of the repeated
474  word detection task across the conversations provided a robust ground truth label for the
475  attended conversation with a high temporal resolution and explained AAD performance on a
476  trial-by-trial basis. Evaluations of the proposed system revealed improved tracking of the

477  attended conversation and increased its intelligibility while preserving the perceived location of
478  each talker in space.

479

480 The primary aim of this study was to address the limitations of previous AAD research that

481  predominantly assumed two stationary talkers®!%-*1314

, thereby restricting the applicability of
482  such research to real-world scenarios. In realistic acoustic scenes, we normally listen to

483  simultaneous conversations which can involve multiple talkers. Our research extends previous
484  work by replacing concurrent talkers with concurrent conversations involving natural turn-taking.
485 By introducing a speaker-independent speech separation model that leverages both spatial and
486  spectro-temporal information, our research marks a significant step toward creating an

487  immersive listening experience that closely mimics natural environments. This model not only
488  separates the speech of moving talkers but also allows listeners to accurately track their

489 locations, an aspect crucial for realistic AAD applications. An essential contribution of our study

490 s that incorporating real-time talker trajectories estimated by the speech separation algorithm in
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491  addition to spectro-temporal information can improve AAD accuracy*®**=’. Further research is
492  needed to distinguish listener motion-induced from talker motion-induced acoustic change and
493  how it could be encoded differently in the human auditory cortex®-°.

494

495  Another contribution of our study is introducing a behavioral task of repeated word detection
496  across conversations, allowing us to identify the actual attended conversation with high

497  temporal resolution. This method addresses a common issue in previous AAD studies where
498  subjects' attention could inadvertently shift to the unattended stream?*, leading to mislabeled
499 data and affecting the training and evaluation of AAD models. By incorporating a behavioral
500 measure into our experiment design, we have enhanced the accuracy of determining the

501 attended talker or conversation. In future AAD studies with moving talkers, a higher degree of
502 temporal resolution can be achieved by asking the subjects also to report the spatial trajectory
503 of the conversation followed. Additionally, further research is needed to investigate the

504 difference between endogenous and exogenous auditory attention switches and how they may
505 be decoded differently*°.

506

507  While our study focused on neural activity in the high gamma band, incorporating low-frequency
508 neural activity, which has been shown to track motion and attention, could improve AAD

509  accuracies. Prior invasive** and non-invasive'*** AAD studies have shown signatures of

510 auditory attention (via tracking of the envelope of the attended speech) in the lower frequencies
511 (1 -7 Hz). A recent study® also showed that low-frequency neural activity also tracks the

512  location of the attended talker, especially in delta (< 2 Hz) phase and alpha (8-12 Hz) power.
513 Including low-frequency neural signals might provide a more comprehensive understanding of
514  the neural underpinning of auditory attention and enhance the performance of AAD systems.

515
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516 A critical aspect of future research should involve transitioning to a real-time, closed-loop

517  system. This requires the integration of speech separation and AAD components to work

518 synchronously in a causal, real-time manner. Furthermore, determining how to optimally

519  manipulate the acoustic scene based on the decoded attended talker remains an area for

520 further investigation. Such acoustic modifications should help the listener follow the attended
521  conversation while still maintaining the ability to switch to the unattended one. Our experiment
522  design could be further aligned with real-world scenarios by introducing more complex motion
523  patterns for talkers, such as radial motion and motion pauses. This would add a layer of

524  complexity to the auditory scene, presenting conversations with time-varying power and

525  potentially challenging the current speaker separation model. Addressing this challenge may
526  involve retraining or fine-tuning the model on datasets with these characteristics.

527

528 A brain-controlled hearing device that can quickly and accurately adapt to changes in the

529 listener's attention is a challenge that may be more effectively addressed with invasive neural
530 recording techniques. However, a critique of our approach is the reliance on invasive neural
531 recordings which might be perceived as less accessible. Considering the rapid advancements in

532  speech BCl research involving invasive neural recordings*?

, these methods are becoming
533 increasingly common and feasible. The precision and speed offered by invasive recordings are
534  currently unmatched by non-invasive techniques, making them essential for exploring the upper
535 limits of AAD performance. While future research continues to explore less invasive or

536  alternative neural recording methods, our current focus on invasive recordings is crucial for
537 advancing the field and setting benchmarks for performance of these systems and establishing
538 minimum required performance for listeners to prefer AAD functionality.

539

540  Our study contributes significantly to AAD research and brain-controlled hearing devices by

541  introducing more realistic experimental paradigms and advancing the technology toward
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542  practical applications. The insights from this research enhance our understanding of auditory
543  attention in complex environments and pave the way for future innovations in assistive hearing

544  technologies.
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545 METHODS

546

547  Participants

548

549  The study had a total of three human participants of which two (Subjects 1 and 2) were from
550  North Shore University Hospital (NSUH) and one (Subject 3) was from Columbia University
551 Irving Medical Center (CUIMC). All participants were undergoing clinical treatment for epilepsy.
552  Subjects 1 and 2 were both implanted with subdural electrocorticography (ECoG) grid and

553  stereo-electroencephalography (SEEG) depth electrodes on their left-brain hemispheres.

554  Subject 3 only had sEEG depth electrodes implanted over their left-brain hemisphere. The
555 electrode targets for these participants were determined purely based on clinical requirements.
556  The participants provided informed consent as per the local Institutional Review Board (IRB)
557  regulations.

558

559  Neural Data Pre-Processing + Hardware

560

561 The neural data of participants from NSUH (Subjects 1 and 2) were recorded using Tucker-
562  Davis Technologies (TDT) hardware using a sampling rate of 1526 Hz. The neural data of the
563  participant from CUIMC (Subject 3) was recorded using Natus Quantum hardware using a

564  sampling rate of 1024 Hz. Left and right channels of the audio stimuli played to the participants
565  were also recorded in sync with neural signals to facilitate segmenting of neural data into trials
566  for further offline analysis.

567

568 Neural data was pre-processed and analyzed using MATLAB software (MathWorks). All neural
569 data was first resampled to 1000 Hz and then montaged to a common average reference to

570 reduce recording noise®. The neural data was then further downsampled to 400 Hz. Line noise
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571  at 60 Hz and its harmonics (up to 180 Hz) were removed using a notch filter. The notch filter
572  was designed using MATLAB's fir2 function and applied using filtfilt with an order of 1000. In
573  order to extract the envelope of the high gamma band (70 - 150 Hz), the neural data was first
574 filtered with a bank of eight filters, each with a width of 10 Hz, spaced consecutively between 70
575 Hz and 150 Hz*. The envelopes of the outputs of these filters were obtained by computing the
576  absolute value of their Hilbert transform. The final envelope of the high gamma band was

577  obtained by computing the mean of the individual envelopes yielded by the eight filters and
578  further downsampling to 100 Hz.

579

580 Speech responsive electrodes were determined by comparing neural samples (of the high

581 gamma envelope sampled at 100 Hz) recorded in response to speech with those recorded in
582  response to silence. For each trial, 25 samples corresponding to silence were randomly chosen
583 ina[t=-0.4sto-0.1s]window, with t = 0 s being the onset of speech. Similarly, 25 samples
584  corresponding to speech were drawn from a window [t = 0.1 s to 1.6 s]. These samples were
585 accumulated across trials and a t-statistic (between speech and silence samples) was

586 computed for every electrode. Electrodes with a t-statistic above 5 were considered to be

587 speech-responsive and retained for further analysis.

588

589  Stimuli Design and Experiment

590

591 The experiment consisted of 28 multi-talker trials with a mean trial duration of 44.2 s (SD = 2.0
592  s). The total experiment lasted 26 minutes. Every trial consisted of two concurrent and

593 independent conversations (one to-be-attended, one to-be-ignored) that were spatially

594  separated and continuously moving in the presence of diotic background noise. The to-be-
595 ignored conversation started 3 s later than the to-be-attended conversation. The participants

596  were cued to attend to the conversation that started first.
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597

598 A total of eight native American English voice actors (four male, four female) were recruited to
599  voice these conversations. These conversations were based on general daily life situations (see
600 Supplementary Table S1 for conversation transcripts). Every trial consisted of four talkers: two
601 for the to-be-attended conversation (say A and B), two for the to-be-unattended conversation
602 (say C and D). The to-be-attended conversation had one turn-taking (talker switch) at the 50%
603 trial time mark whereas the to-be-ignored conversation had two turn-takings: one at the 25%
604 trial time mark and the other at the 75% trial time mark. Thus, the talker in the to-be-attended
605 conversation would transition from A to B and the talker in the to-be-ignored conversation would
606 transition from C to D to back to C.

607

608 To check to which conversation a participant might be attending, repeated words were artificially
609 inserted in both the to-be-attended and the to-be-ignored conversations. Participants were

610 asked to press a button upon hearing a repeated word in the conversation that they were

611 following. The conversation transcripts were force aligned with the audio recordings of the voice
612  actors using the Montreal Forced Aligner tool**. The repeated words were inserted in the

613  conversations based on the following criteria:

614

615 e The number of repeated words to be inserted in a conversation of a trial was determined
616 by dividing the trial duration (in seconds) by 7 and rounding the result.

617 e For every trial, an equal number of repeated words were inserted in the to-be-attended
618 and the to-be-ignored conversations.

619 e A word could be repeated only if its duration was at least 300 ms.

620 e To make repeated words sound smooth and natural, a Hanning window of 30 ms was
621 applied to both sides of the audio segment corresponding to the repeated word.
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622 e The audio segment corresponding to a repeated word was also prefixed and postfixed
623 with 200 ms of silence.

624 e The time interval between the onsets of two repeated words in a conversation was

625 constrained to lie between 5.5 st0 9.5 s.

626 e There was always one repeated word whose onset was within 1.5 s post talker switch in
627 the to-be-attended conversation. This was done to check if participants tracked the

628 switch in talkers in the to-be-attended conversation.

629 e The onset of the first repeated word in a trial was constrained to lie between 5 - 8 s from
630 trial start time. This first repeated word could occur either in the to-be-attended

631 conversation or the to-be-ignored conversation.

632 e The minimum time gap between a repeated word onset in the to-be-attended

633 conversation and a repeated word onset in the to-be-ignored conversation was set to be
634 at least 2.5 s. This was done to prevent simultaneous overlap of repeated words in the
635 two conversations and to allow for determining to which conversation a participant was
636 attending to.

637

638  Google Resonance Audio software development kit (SDK) was used to spatialize the audio
639  streams of the conversations®®. The trajectories for these conversations were designed based

640  on the following criteria:

641

642 e The trajectories were confined to the frontal half of the horizontal plane of the subject in
643 a semi-circular fashion. In other words, the conversations were made to move on a
644 semi-circular path at a fixed distance from the subject spanning -90 degrees (right) to
645 +90 degrees (left).

646 e The trajectories were initially generated with a resolution of 1 degree and a sampling
647 rate of 0.5 Hz using a first order Markov chain.
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e This Markov chain had 181 states (-90 degrees to +90 degrees with a resolution of 1
degree). All states were equally probably of being the initial state.
e The subsequent samples of a trajectory were generated with a probability transition
matrix shown in Supplementary Figure S3.
e The resulting trajectories were smoothed with a moving average of five samples and
then stretched to span the whole frontal half plane.
e The trajectories were further upsampled using linear interpolation to 10 Hz.
e A pair of trajectories corresponding to a pair of conversations in a trial also followed the
following criteria:
o The spatial separation between the conversations when the second conversation
starts was set to be at least 90 degrees.
o The spatial separation between the conversations during the talker switch in the
to-be-attended conversation was ensured to be at least 45 degrees.
o The correlation of the two trajectories were ensured to be less than 0.5.
e A total of 1000 trajectory sets (each with 28 pairs, one for each of the 28 trials) were
generated based on the above criteria.
e To have the trajectories span a uniform joint distribution, the set with the highest joint

entropy (computed with a bin size of 20 degrees) was chosen as final.

In addition to the two conversation streams, a single channel background noise was duplicated
for both left and right channels introduced in the auditory scene. For every trial, the background
noise was either pedestrian noise®* or speech babble noise®. When mixing the three streams
the power of the two conversation streams were always kept the same. The power of the
background noise stream was suppressed relative to the power of a conversation stream by
either 9 dB or 12 dB. Trial parameters such as background noise type, its power level and voice

actor assignments were all counterbalanced across the trials. Stimuli was delivered to the
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674  participants with a sampling rate of 44.1 kHz through stereo earphones (Panasonic RP-

675 HJE120).

676

677  Speaker-Independent Binaural Speech Separation

678

679  Cross-Domain Features

680

681  Although the encoder outputs E* and ER contain both spectral and spatial information, we added
682 interaural phase difference (IPD) and interaural level difference (ILD) as additional features to
683 increase speaker distinction when speakers are at different locations®***. Specifically, we

684 calculated cos(IPD), sin(IPD), and ILD € RF*H,

685

686  cos(IPD) = cos(LYL — LYR),

687  sin(IPD) = sin(2Y" — 2YR),

688  ILD = 10logyo(|Y"| @ [YR|),

689

690  where Y&, YR € RF*H are the STFT output of y", yR, respectively, F is the number of frequency
691  bins, and @ is element-wise division operation. The hop size for calculating Y and YR is the
692 same as that for E- and ER to ensure they have the same number of time frames, even though
693 the window length in the encoder is typically much shorter than that in the STFT. Finally, we
694  concatenated these cross-domain features into[E", ER, cos(IPD), sin(IPD), ILD] € RGN+3F)xH ag
695 the input to the binaural speech separation module.

696

697
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698  Training and Development Datasets

699

700 For the training and development sets, we generated 24,000 and 2400 9.6-second binaural

701  audio mixtures, respectively. Each mixture comprised of two moving speakers and one diotic
702  background noise. The moving speech stimuli were created using the methods described in the
703  Stimuli Design and Experiment section. Speech was randomly sampled from the Librispeech
704  dataset™. For half of the training data, we chose pairs of trajectories that spanned uniform

705  distribution (quantified by joint entropy); and for another half of the training data, we chose pairs
706  of trajectories whose average distance difference was smaller than 15 degrees to enhance the
707  separation model's ability to handle closely spaced moving speakers. We randomly chose noise
708  from DEMAND dataset®®. The SNR, defined as the ratio of the speech mixture in the left

709  channel to the noise, ranged from -2.5 to 15 dB. All sounds were resampled to 16 kHz. We

710 emphasize that the model is speaker-independent as the speakers involved in the testing phase
711  (the voice actors) were not part of the training dataset (Librispeech), ensuring the

712  generalizability and applicability of our system across diverse speakers.

713

714  Network Architecture and Training

715

716  The binaural separation, post-enhancement, and localizer modules were all with a causal

717  configuration of TasNet. For the linear encoder and decoder, we used 96 filters with a 4 ms filter
718 length (equivalent to 64 samples at 16 kHz) and 2 ms hop size. We used 5 repeated stacks

719  witch each having 7 1-D convolutional blocks in the TCN module, resulting in an effective

720 receptive field of approximately 2.5 s. When calculating cos(IPD), sin(IPD), and ILD in Section,
721  we set the STFT window size to 32 ms and the window shift to 2 ms. The binaural separation,

722  post-enhancement, and localizer modules were trained separately. The training batch size was
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set to 128. Adam®’ was used as the optimizer with an initial learning rate of 1e—3, which was

decayed by 0.98 for every two epochs. We trained each module for 100 epochs.
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727  Canonical Correlation Analysis

728

729  Canonical correlation analysis (CCA) was used to determine the attended talker. From the
730  stimuli side, the inputs involved talker spectrograms and trajectories. We chose a 20-bin mel
731  spectrogram representation obtained with a window duration of 30 ms and a hop size of 10 ms.
732  Audio was downsampled to 16 kHz before mel spectrogram extraction. The mel spectrograms
733  of left and right channels were concatenated along the bin dimension. All trajectories were
734  upsampled to 100 Hz from 10 Hz to match the sampling rate of the neural data. Trajectories
735  were pooled across all trials and normalized. Spectrograms were also normalized on a bin-by-
736  bin basis. We chose a receptive field size of 500 ms for neural data and 200 ms for stimuli
737  spectrograms and trajectories. The starting sample of these receptive fields were aligned in
738 time. Time-lagged matrices were then generated individually for neural data, trajectory and
739  spectrograms.

740

741  As done in a previous study®, principal component analysis (PCA) was applied individually to
742  time-lagged versions of both spectrogram and trajectory. PCA was also applied to the time-
743 lagged neural data matrix. The top PCA components explaining at least 95% of the variance
744 were retained. This was done to reduce the risk of overfitting in CCA.

745

746  CCA filters were trained to project PCA-reduced versions of the attended stimuli and neural data
747  to maximize their correlation. During inference, the trained filters were used to generate

748  correlations for each talker. Attended talker was decided based on voting by the preferences
749 indicated by the first three canonical correlations.

750

751  Correction for behavior: For trials in which two or more repeated words were detected in the

752  uncued conversation, the corresponding portions (bounded by button press timings) of the cued
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753  to-be-attended and uncued to-be-unattended stimuli were swapped before model training and
754  evaluation. For models trained without correction, no such swapping was done based on

755  behavior.

756

757 Psychoacoustic Experiment

758

759  The online psychoacoustic experiment to evaluate system performance was conducted with 24
760 normal hearing (self-reported) Amazon MTurk participants. These participants were native

761  speakers of American English based in the US. The experiment lasted for a total of 30 minutes
762  per participant and each participant was paid $10. All participants were required to wear stereo
763  earphones.

764

765  During the experiment, participants listened to trials and answered questions after each. The
766  task assigned to the participants during the trial was the same as that of the participants from
767  whom neural data was recorded: to attend to/follow the cued conversation (conversation that
768  starts first) and press spacebar upon hearing a repeated word in the conversation being

769  followed. jsPsych was used to design this web-based experiment.

770

771  Every participant listened to a total of 15 trials, 5 trials from each of the following conditions:
772  System On (Clean), System On (Separated) and System Off. Neural data was combined from
773  all the three subjects along the channel dimension to test the system. Since a few subjects
774  could have been paying attention to the uncued (to-be-unattended) stream in any given trial, to
775  prevent combining neural signatures across subjects when the subjects were attending to

776  different streams, we discarded trials in which at least one of the subjects had mistakenly

777  attended (tracked at least two or more repeated words) to the uncued (to-be-unattended)

778  stream. This resulted in 18 trials. For every MTurk participant, the selection of 15 trials from
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these 18 trials and their corresponding condition assignment (SysOn-Clean, SysOn-Sep, Sys
Off) were randomized. The order of presentation of these trials were also randomized with the
constraint that the first two trials had to be those with Sys Off condition. Throughout the

experiment, the participants were unaware of the conditions assigned to the trials.

After every trial, the participants were prompted with the following four questions:

1. Comprehension: A multiple choice question based on the content in the to-be-attended
conversation with a single correct answer.

2. Difficulty: Participants were asked to rate how difficult or easy it was for them to follow
the cued conversation on a scale from 1 to 5 (1 = very difficult, 2 = difficult, 3 = neutral, 4
= easy, 5 = very easy).

3. Sound Localization: The last three seconds of the trial was allowed to be replayed
multiple times by the participants. Participants were asked to indicate from one of five
equally partitioned sectors of the frontal half plane (left, front left, center, front right, right)
where the cued conversation ended.

4. Voice Quality: Participants were also asked to rate the quality of voices in the cued

conversation on a scale from 1 to 5 (1 = bad, 2 = poor, 3 = fair, 4 = good, 5 = excellent).

41


https://doi.org/10.1101/2024.02.05.579018

797

798

799

800

801

802

803

804

805

806

807

808

809

810

811

812

813

814

815

816

817

818

819

820

821

822

bioRxiv preprint doi: https://doi.org/10.1101/2024.02.05.579018; this version posted February 6, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

REFERENCES

1. Carhart, R. & Tillman, T. W. Interaction of Competing Speech Signals With Hearing Losses.
Arch. Otolaryngol. - Head Neck Surg. 91, 273-279 (1970).

2. Hamacher, V. et al. Signal Processing in High-End Hearing Aids: State of the Art,
Challenges, and Future Trends. EURASIP J. Adv. Signal Process. 2005, 152674 (2005).

3. Chen, J., Wang, Y., Yoho, S. E., Wang, D. & Healy, E. W. Large-scale training to increase
speech intelligibility for hearing-impaired listeners in novel noises. J. Acoust. Soc. Am. 139,
2604-2612 (2016).

4. Plomp, R. Noise, amplification, and compression: considerations of three main issues in
hearing aid design. Ear Hear. 15, 2-12 (1994).

5. Mesgarani, N. & Chang, E. F. Selective cortical representation of attended speaker in multi-
talker speech perception. Nature 485, 233-236 (2012).

6. O’Sullivan, J. et al. Neural decoding of attentional selection in multi-speaker environments
without access to clean sources. J. Neural Eng. 14, 056001 (2017).

7. Hershey, J. R., Chen, Z., Le Roux, J. & Watanabe, S. Deep clustering: Discriminative
embeddings for segmentation and separation. in 2016 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP) 31-35 (IEEE, Shanghai, 2016).
doi:10.1109/ICASSP.2016.7471631.

8. Luo, Y. & Mesgarani, N. Conv-TasNet: Surpassing ldeal Time—Frequency Magnitude
Masking for Speech Separation. [IEEEACM Trans. Audio Speech Lang. Process. 27, 1256—
1266 (2019).

9. Wang, Z.-Q. et al. TF-GridNet: Integrating Full- and Sub-Band Modeling for Speech
Separation. (2022) doi:10.48550/ARXIV.2211.12433.

10. Han, C. et al. Speaker-independent auditory attention decoding without access to clean

speech sources. Sci. Adv. 5, eaav6134 (2019).

42


https://doi.org/10.1101/2024.02.05.579018

bioRxiv preprint doi: https://doi.org/10.1101/2024.02.05.579018; this version posted February 6, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

823 11. Ceolini, E. et al. Brain-informed speech separation (BISS) for enhancement of target
824 speaker in multitalker speech perception. Neurolmage 223, 117282 (2020).

825 12. Borgstrém, B. J., Brandstein, M. S., Ciccarelli, G. A., Quatieri, T. F. & Smalt, C. J.

826 Speaker separation in realistic noise environments with applications to a cognitively-

827 controlled hearing aid. Neural Netw. 140, 136-147 (2021).

828 13. O’Sullivan, J. A. et al. Attentional Selection in a Cocktail Party Environment Can Be
829 Decoded from Single-Trial EEG. Cereb. Cortex 25, 1697-1706 (2015).

830 14, Geirnaert, S. et al. Electroencephalography-Based Auditory Attention Decoding: Toward
831 Neurosteered Hearing Devices. IEEE Signal Process. Mag. 38, 89-102 (2021).

832 15. Vandecappelle, S. et al. EEG-based detection of the locus of auditory attention with
833 convolutional neural networks. eLife 10, e56481 (2021).

834 16. Ciccarelli, G. et al. Comparison of Two-Talker Attention Decoding from EEG with

835 Nonlinear Neural Networks and Linear Methods. Sci. Rep. 9, 11538 (2019).

836 17. Kidd, G., Arbogast, T. L., Mason, C. R. & Gallun, F. J. The advantage of knowing where
837 to listen. J. Acoust. Soc. Am. 118, 3804-3815 (2005).

838 18. Han, C., Luo, Y. & Mesgarani, N. Binaural Speech Separation of Moving Speakers With

839 Preserved Spatial Cues. in Interspeech 2021 3505-3509 (ISCA, 2021).

840 doi:10.21437/Interspeech.2021-1372.

841  19. Patel, P. et al. Interaction of bottom-up and top-down neural mechanisms in spatial
842 multi-talker speech perception. Curr. Biol. 32, 3971-3986.e4 (2022).

843  20. Patel, P., Long, L. K., Herrero, J. L., Mehta, A. D. & Mesgarani, N. Joint Representation
844 of Spatial and Phonetic Features in the Human Core Auditory Cortex. Cell Rep. 24, 2051-
845 2062.€2 (2018).

846  21. Makov, S., Pinto, D., Har-shai Yahav, P., Miller, L. M. & Zion Golumbic, E. “Unattended,
847 distracting or irrelevant”: Theoretical implications of terminological choices in auditory

848 selective attention research. Cognition 105313 (2022) doi:10.1016/j.cognition.2022.105313.

43


https://doi.org/10.1101/2024.02.05.579018

bioRxiv preprint doi: https://doi.org/10.1101/2024.02.05.579018; this version posted February 6, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

849 22. Marinato, G. & Baldauf, D. Object-based attention in complex, naturalistic auditory

850 streams. Sci. Rep. 9, 2854 (2019).

851 23. Kirchner, W. K. Age differences in short-term retention of rapidly changing information. J.
852 Exp. Psychol. 55, 352-358 (1958).

853 24, Barker, J., Marxer, R., Vincent, E. & Watanabe, S. The third ‘CHIME’ speech separation

854 and recognition challenge: Dataset, task and baselines. in 2015 IEEE Workshop on
855 Automatic Speech Recognition and Understanding (ASRU) 504-511 (IEEE, Scottsdale, AZ,
856 USA, 2015). doi:10.1109/ASRU.2015.7404837.

857  25. Spahr, A. J. et al. Development and Validation of the AzBio Sentence Lists. Ear Hear.
858 33, 112-117 (2012).

859  26. Kavalerov, I. et al. Universal Sound Separation. in 2019 IEEE Workshop on Applications
860 of Signal Processing to Audio and Acoustics (WASPAA) 175-179 (IEEE, New Paltz, NY,
861 USA, 2019). doi:10.1109/WASPAA.2019.8937253.

862  27. Han, C., Luo, Y. & Mesgarani, N. Online Deep Attractor Network for Real-time Single-
863 channel Speech Separation. in ICASSP 2019 - 2019 IEEE International Conference on
864 Acoustics, Speech and Signal Processing (ICASSP) 361-365 (IEEE, Brighton, United

865 Kingdom, 2019). doi:10.1109/ICASSP.2019.8682884.

866  28. Kolbaek, M., Yu, D., Tan, Z.-H. & Jensen, J. Multitalker Speech Separation With

867 Utterance-Level Permutation Invariant Training of Deep Recurrent Neural Networks.

868 IEEEACM Trans. Audio Speech Lang. Process. 25, 1901-1913 (2017).

869  29. Wang, Z.-Q., Wang, P. & Wang, D. Multi-microphone Complex Spectral Mapping for
870 Utterance-wise and Continuous Speech Separation. IEEEACM Trans. Audio Speech Lang.
871 Process. 29, 2001-2014 (2021).

872  30. Doclo, S., Klasen, T., Van den Bogaert, T., Wouters, J. & Moonen, M. Theoretical

873 analysis of binaural cue preservation using multi-channel Wiener filtering and interaural

874 transfer functions. in International Workshop on Acoustic Signal Enhancement 1-4 (2006).

44


https://doi.org/10.1101/2024.02.05.579018

bioRxiv preprint doi: https://doi.org/10.1101/2024.02.05.579018; this version posted February 6, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

875 31. Swets, J. A. Signal Detection Theory and ROC Analysis in Psychology and Diagnostics:
876 Collected Papers. xv, 308 (Lawrence Erlbaum Associates, Inc, Hillsdale, NJ, US, 1996).
877  32. de Cheveigné, A. et al. Decoding the auditory brain with canonical component analysis.
878 Neurolmage 172, 206216 (2018).

879 33. Rix, A. W., Beerends, J. G., Hollier, M. P. & Hekstra, A. P. Perceptual evaluation of

880 speech quality (PESQ)-a new method for speech quality assessment of telephone networks
881 and codecs. in 2001 IEEE International Conference on Acoustics, Speech, and Signal

882 Processing. Proceedings (Cat. No.01CH37221) vol. 2 749-752 (IEEE, Salt Lake City, UT,
883 USA, 2001).

884  34. Jensen, J. & Taal, C. H. An Algorithm for Predicting the Intelligibility of Speech Masked
885 by Modulated Noise Maskers. IEEEACM Trans. Audio Speech Lang. Process. 24, 2009—
886 2022 (2016).

887  35. Kong, L. et al. Auditory Spatial Attention Representations in the Human Cerebral Cortex.
888 Cereb. Cortex 24, 773-784 (2014).

889  36. Deng, Y., Choi, I. & Shinn-Cunningham, B. Topographic specificity of alpha power during

890 auditory spatial attention. Neurolmage 207, 116360 (2020).

891 37. Krumbholz, K. et al. Representation of Interaural Temporal Information from Left and
892 Right Auditory Space in the Human Planum Temporale and Inferior Parietal Lobe. Cereb.
893 Cortex 15, 317-324 (2005).

894  38. Kondo, H. M., Pressnitzer, D., Toshima, I. & Kashino, M. Effects of self-motion on

895 auditory scene analysis. Proc. Natl. Acad. Sci. 109, 6775-6780 (2012).

896  39. Schneider, D. M. & Mooney, R. How Movement Modulates Hearing. Annu. Rev.

897 Neurosci. 41, 553-572 (2018).

898  40. Haro, S., Rao, H. M., Quatieri, T. F. & Smalt, C. J. EEG alpha and pupil diameter reflect
899 endogenous auditory attention switching and listening effort. Eur. J. Neurosci. 55, 1262-1277

900 (2022).

45


https://doi.org/10.1101/2024.02.05.579018

bioRxiv preprint doi: https://doi.org/10.1101/2024.02.05.579018; this version posted February 6, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

901 41. Zion Golumbic, E. M. et al. Mechanisms Underlying Selective Neuronal Tracking of

902 Attended Speech at a “Cocktail Party”. Neuron 77, 980-991 (2013).
903 42. Ding, N. & Simon, J. Z. Emergence of neural encoding of auditory objects while listening
904 to competing speakers. Proc. Natl. Acad. Sci. 109, 11854-11859 (2012).

905 43. Bednar, A. & Lalor, E. C. Where is the cocktail party? Decoding locations of attended
906 and unattended moving sound sources using EEG. Neurolmage 205, 116283 (2020).

907  44. Willett, F. R. et al. A high-performance speech neuroprosthesis. Nature 620, 1031-1036
908 (2023).

909 45. Moses, D. A. et al. Neuroprosthesis for Decoding Speech in a Paralyzed Person with

910 Anarthria. N. Engl. J. Med. 385, 217-227 (2021).

911  46. Metzger, S. L. et al. Generalizable spelling using a speech neuroprosthesis in an
912 individual with severe limb and vocal paralysis. Nat. Commun. 13, 6510 (2022).

913 47. Metzger, S. L. et al. A high-performance neuroprosthesis for speech decoding and
914 avatar control. Nature 620, 1037-1046 (2023).

915 48. Akbari, H., Khalighinejad, B., Herrero, J. L., Mehta, A. D. & Mesgarani, N. Towards
916 reconstructing intelligible speech from the human auditory cortex. Sci. Rep. 9, 874 (2019).

917  49. Crone, N. E., Boatman, D., Gordon, B. & Hao, L. Induced electrocorticographic gamma

918 activity during auditory perception. Clin. Neurophysiol. 112, 565-582 (2001).
919 50. Edwards, E. et al. Comparison of Time—Frequency Responses and the Event-Related
920 Potential to Auditory Speech Stimuli in Human Cortex. J. Neurophysiol. 102, 377-386 (2009).

921  51. McAuliffe, M., Socolof, M., Mihuc, S., Wagner, M. & Sonderegger, M. Montreal Forced
922 Aligner: Trainable Text-Speech Alignment Using Kaldi. in Interspeech 2017 498-502 (ISCA,
923 2017). doi:10.21437/Interspeech.2017-1386.

924  52. Gorzel, M. et al. Efficient Encoding and Decoding of Binaural Sound with Resonance
925 Audio. in Audio Engineering Society Conference: 2019 AES International Conference on

926 Immersive and Interactive Audio (2019).

46


https://doi.org/10.1101/2024.02.05.579018

bioRxiv preprint doi: https://doi.org/10.1101/2024.02.05.579018; this version posted February 6, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

927 53. Wang, Z.-Q., Le Roux, J. & Hershey, J. R. Multi-Channel Deep Clustering:

928 Discriminative Spectral and Spatial Embeddings for Speaker-Independent Speech
929 Separation. in 2018 IEEE International Conference on Acoustics, Speech and Signal
930 Processing (ICASSP) 1-5 (IEEE, Calgary, AB, 2018). doi:10.1109/ICASSP.2018.8461639.

931 54. Gu, R. et al. End-to-End Multi-Channel Speech Separation. (2019)
932 doi:10.48550/ARXIV.1905.06286.

933  55. Panayotov, V., Chen, G., Povey, D. & Khudanpur, S. Librispeech: An ASR corpus based

934 on public domain audio books. in 2015 IEEE International Conference on Acoustics, Speech
935 and Signal Processing (ICASSP) 5206-5210 (IEEE, South Brisbane, Queensland, Australia,
936 2015). doi:10.1109/ICASSP.2015.7178964.

937  56. Thiemann, J., Ito, N. & Vincent, E. The Diverse Environments Multi-channel Acoustic
938 Noise Database (DEMAND): A database of multichannel environmental noise recordings. in
939 035081-035081 (Montreal, Canada, 2013). doi:10.1121/1.4799597.

940 57. Kingma, D. P. & Ba, J. Adam: A Method for Stochastic Optimization. (2014)

941 doi:10.48550/ARXIV.1412.6980.

942

47


https://doi.org/10.1101/2024.02.05.579018

bioRxiv preprint doi: https://doi.org/10.1101/2024.02.05.579018; this version posted February 6, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

943 ACKNOWLEDGEMENTS

944

945  This work was funded by grants from the National Institute of Health’s National Institute on

946  Deafness and Other Communication Disorders (NIH-NIDCD) and the Marie-Josee and Henry R.
947  Kravis Foundation.

948

949 AUTHOR CONTRIBUTIONS

950

951 VC, CH and NM designed the experiment. VC and NM analyzed the neural and behavioral data.
952 CH and NM developed the binaural speech separation model. ADM and GMM performed the
953  neurosurgeries. VC, SB and CS recorded neural data. VC, CH and NM wrote the manuscript
954  and made the figures. All others commented and suggested edits to the manuscript.

955

956 COMPETING INTERESTS STATEMENT

957

958 The authors declare no competing interests.

959

960 DATA AVAILABILITY STATEMENT

961

962  The dataset used for training speech separation models and the models themselves are made
963 available with the code on the GitHub repository. The intracranial electroencephalography

964 (iEEG) data that support these findings are also available upon request from the corresponding
965 author (N.M.). These data are shared upon request due to the sensitive nature of human patient
966  data.

967

968 CODE AVAILABILITY STATEMENT

48


https://doi.org/10.1101/2024.02.05.579018

bioRxiv preprint doi: https://doi.org/10.1101/2024.02.05.579018; this version posted February 6, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

969
970 The scripts used to train speech separation models and analyze neural data are made available

971 here: https://github.com/naplab/AAD-MovingSpeakers.

49


https://doi.org/10.1101/2024.02.05.579018

