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US 10,867,616 B2 
1 

NOISE MITIGATION USING MACHINE 
LEARNING 

CROSS-REFERENCE TO RELATED 
APPLICATION 

This application is a continuation of U.S. patent applica­
tion Ser. No. 16/012,565 filed on Jun. 19, 2018, the contents 
of which is incorporated by reference in its entirety. 

TECHNICAL FIELD 

The subject technology relates to systems and methods for 
reducing background noise and in particular, for deploying 
machine learning models to detect and attenuate unwanted 
background noises ( audio artifacts) in teleconference and 
videoconference settings. 

INTRODUCTION 

2 
drawings are incorporated herein and constitute a part of the 
detailed description. The detailed description includes spe­
cific details for the purpose of providing a more thorough 
understanding of the technology; however, it will be clear 

5 and apparent that the subject technology is not limited to the 
specific details set forth herein and may be practiced without 
these details. In some instances, structures and components 
are shown in block diagram form in order to avoid obscuring 
certain concepts. 

10 

Overview 

Existing active noise cancellation techniques are ineffec­
tive in many situations where it is desirable to reduce noise, 

15 such as in public spaces, outdoor areas, or near highways or 
airports, etc. Passive noise reduction (e.g., noise blocking/ 
absorption) is typically used for these situations, but passive 
approaches have limited bandwidth and when used incor­
rectly, can result in acoustically unpleasant conditions, such 

20 as an overly damped ("dead") sounding room. Thus, passive 
and currently available active noise cancellation techniques 
are unsuitable for many situations where noise cancellation 
is desirable. 

Passive noise control techniques such as earplugs, thick 
walls, and sound-absorbing ceiling tiles are well known. 
However, such passive solutions are undesirable for many 
situations in which noise cancellation or suppression is 
desired as they can be uncomfortable, bulky, unsightly, or 25 

ineffective. More recently, active noise cancellation (ANC) 
techniques have been developed whereby a speaker emits a 
sound wave designed to cancel out offensive noise via 
destructive interference. 

In some environments, it is possible to use machine 
learning (ML) models (classifiers) to identify and selectively 
eliminate undesired noises on an audio channel. However, 
high-accuracy ML models are computationally expensive to 
deploy and can therefore be difficult to implement in real­
time and on light-weight computing devices used for trans-

However, legacy ANC technologies are limited in appli- 30 

cability. They are suitable only for small enclosed spaces, 
such as headphones, or for continuous or highly periodic low 
frequency sounds, such as machinery noise. Further, due in 
part to a dependency on complex signal processing algo­
rithms, many ANC technologies are limited cancelling noise 35 

that comprises a small range of predictable frequencies ( e.g., 
relatively steady-state and low-frequency noise). 

mitting audio communications, such as smartphones, and 
Internet Protocol (IP) telephony devices. 

The disclosed technology addresses the forgoing limita-
tions of ML noise filtering techniques by providing a multi­
layered ML based solution for detecting and attenuating 
unwanted audible features (background noises or audio 
artifacts). Aspects of the technology address the limitations 
of deploying high-accuracy ML models by utilizing com­
putationally inexpensive (light weight) preliminary classifi­
ers to reduce the detection of false-positives. By realizing BRIEF DESCRIPTION OF THE DRAWINGS 

Certain features of the subject technology are set forth in 
the appended claims. However, the accompanying drawings, 
which are included to provide further understanding, illus­
trate disclosed aspects and together with the description 
serve to explain the principles of the subject technology. In 
the drawings: 

FIG. 1 conceptually illustrates an example environment in 
which some aspects of the technology can be implemented. 

FIG. 2 illustrates a flow diagram of an example process 
for implementing a machine-learning (ML) based noise­
attenuation process of the disclosed technology. 

FIG. 3 illustrates a table associating attenuation quantities 
(dB) with noise-detection probabilities, according to some 
aspects of the technology. 

FIG. 4 illustrates a block diagram of example hardware 
components that can be used to implement a noise-attenu­
ation delay, according to some aspects of the technology. 

FIG. 5 illustrates example hardware components that can 
be used to implement some aspects of the subject technol­
ogy. 

DETAILED DESCRIPTION 

The detailed description set forth below is intended as a 
description of various configurations of the subject technol­
ogy and is not intended to represent the only configurations 
in which the technology can be practiced. The appended 

40 significant reductions in false-positive noise detections, 
additional higher-accuracy ML models can be implemented 
to accurately classify remaining background (sound) fea­
tures. 

A process of the disclosed technology can include a 
45 computer-implemented method for receiving a first set of 

audio segments from an audio capture device, analyzing the 
first set of audio segments using a first machine learning 
model to identify a first probability that one or more back­
ground (noise) features exist in the first set of audio seg-

50 ments, and if the first probability exceeds a first predeter­
mined threshold, analyzing the first set of audio segments 
using a second machine learning model to determine a 
second probability that the one or more background features 
exist in the first set of audio segments. In some aspects, the 

55 process can further include steps for attenuating at least one 
of the one or more background features if the second 
probability exceeds a second predetermined threshold. 

Description 
60 

Using machine learning (ML) models it is possible to 
accurately detect (classify) unwanted audio artifacts on an 
audio channel, and to perform the signal processing neces­
sary to attenuate the noises in a marmer that is undetectable 

65 by the human ear. As such, ML models can be used to 
identify unwanted background noises (e.g., sirens, typing 
sounds, crying babies, etc.), and to remove the noises from 
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communication channels, such as in a teleconference or 
videoconference settings. As discussed above, one limitation 
of conventional ML approaches to noise mitigation is that 
fast and accurate noise classification can be computationally 
expensive, making it difficult to deploy such technologies 5 

in-line with legacy telephony equipment. 
The disclosed technology addresses the computational 

limitations of deploying high-accuracy ML models by using 
a multi-layered approach. As discussed in further detail 
below, sounds having a low-probability of being background 10 

noises can be quickly filtered using a light-weight prelimi­
nary (first) ML model. By reducing the set of total sound 
events to be processed/classified, higher-probability back­
ground events can be efficiently screened using a subsequent 
( second) ML model that is more accurate and robust than the 15 

first ML model. As discussed in further detail below, noise 
filtering using a multi-layered ML approach can be imple­
mented based on assigned classification probabilities. 

In some approaches, probabilities are assigned to audible 
events, e.g., designating their respective probability for 20 

constituting unwanted background noises. Audible events 
associated with noise-classification probabilities below a 
predetermined threshold can be ignored, whereas events 
with noise-classification probabilities above the threshold 
are provided to a second (more accurate) ML model for 25 

additional filtering. The second ML model, which performs 
a more accurate (and computationally expensive) classifi­
cation, can be used to assign a second noise-classification 
probability to each background features. Subsequently, 
those features associated with noise-classification probabili- 30 

ties exceeding a second threshold can be selected for 
removal/attenuation. 

Attenuation for positively identified noise events (un­
wanted background artifacts) can be based on associated 
event probabilities. For example, sound events associated 35 

with higher noise-classification probabilities can be more 
greatly attenuated than events associated with lower noise­
classification probabilities. Additionally, as further dis­
cussed below, attenuated noises can be buffered, such that at 
a time when desired sounds ( e.g., user speech noises) are 40 

detected, the desired sound can be inserted into the audio 
channel, for example, using "time squeezing" and played at 

4 
Dictionary Leaming algorithm, an Incremental Principal 
Component Analysis (PCA) algorithm, a Latent Dirichlet 
Allocation algorithm, and/or a Mini-batch K-means algo-
rithm, etc. 

FIG. 1 conceptually illustrates an example environment in 
which some aspects of the technology can be implemented. 
Specifically, FIG. 1 provides a block diagram of an envi­
ronment for providing conferencing capabilities. Although 
FIG. 1 illustrates client-server network environments l00a/ 
b, other embodiments of the technology can include other 
configurations including, for example, peer-to-peer environ­
ments. 

FIG. 1 illustrates an acoustic attenuation system 120 that 
is implemented in a communication path between various 
communication devices (e.g., 122i, 1222 , ... 122m and 142) 
located at various geographic locations, such as through 
deployment on one or more networks 110a, 100b. Commu­
nication devices (e.g., 122i, 1222 , ... 122m and 142) can 
take any from factor, such as a portable device, laptop, 
desktop, tablet, etc. In FIG. 1, conference room 130 is in one 
such location containing portable device 142. However, as 
will be appreciated by those skilled in the art that commu­
nication devices (e.g., 1221 , 1222 , ... 122n) do not neces­
sarily need to be in a specific or common geographic 
location (room). Additionally, although acoustic attenuation 
system 120 is illustrated as being connected to the commu-
nication devices via a network (e.g., networks ll0a/b), it is 
understood that attenuation system 120 can be locally imple­
mented with respect to any of the described communication 
devices. For example, acoustic attenuation system may be 
connected directly to one or more of communication devices 
1221 , 1222 , ... 122n and/or locally coupled to portable 
device 142, for example, via one or more components 
provided in conference room 130, e.g., device assistant 132, 
or audio/video (A/V) input device 134, etc. 

As further illustrated in FIG. 1, conference room 130 
includes a conference assistant device 132, a display input 
device 134, and a display 136. Display 136 can be a monitor, 
a television, a projector, a tablet screen, or other visual 
device that may be used during a conferencing session. 
Display input device 134 is configured to interface with 
display 136 and provide the conferencing session input for 
display 136. Display input device 134 may be integrated into 
display 136 or separate from display 136, for example, 

a normal volume level. As such, sounds at the beginning of 
words or sentences are not inadvertently attenuated, thereby 
improving the overall intelligibility human speech. 45 through communication with display 136 via a Universal 

Serial Bus (USB) interface, a High-Definition Multimedia 
Interface (HDMI) interface, a computer display standard 
interface, e.g., Video Graphics Array (VGA), Extended 

It is understood that the described techniques can be 
applied to a variety of machine learning and/or classification 
algorithms, and that the scope of the technology is not 
limited to a specific machine learning implementation. By 
way of example, implementations of the technology can 50 

include the deployment of multi-layered ML models based 
on one or more classification algorithms, including but not 
limited to: a Multinomial Naive Bayes classifier, a Bernoulli 
Naive Bayes classifier, a Perceptron classifier, a Stochastic 
Gradient Descent (SGD) Classifier, and/or a Passive Aggres- 55 

sive Classifier, or the like. 
In some aspects, ML models can be configured to perform 

various types of regression, for example, using one or more 
regression algorithms, including but not limited to: a Sto­
chastic Gradient Descent Regressor, and/or a Passive 60 

Aggressive Regressor, etc. ML models can also be based on 
clustering algorithms (e.g., a Mini-batch K-means clustering 
algorithm), a recommendation algorithm (e.g., a Miniwise 
Hashing algorithm, or Euclidean LSH algorithm), and/or an 
anomaly detection algorithm, such as a Local outlier factor. 65 

Additionally, ML models can employ a dimensionality 
reduction approach, such as, one or more of: a Mini-batch 

Graphics Array (XGA), etc., a wireless interface, e.g., Wi-Fi, 
infrared, Bluetooth, etc., or the like. 

Conference assistant device 132 is configured to coordi­
nate with the other devices in conference room 130 to start 
and maintain a conferencing session. For example, confer­
ence assistant device 132 may interact with portable device 
142 associated with one or more users to facilitate a con­
ferencing session, either directly or via networks ll0a/b. 

Portable device 142 may be, for example, a smart phone, 
tablet, laptop, or other computing device. Portable device 
142 may have an operating system and run one or more 
collaboration service applications that facilitate conferenc­
ing or collaboration, and interaction with conference assis-
tant device 132. In practice, networks ll0a/b can be con­
figured to support communications between users of any of 
devices 1221 , 1222 , ... 122m and 142. In some approaches, 
acoustic attenuation system 120 is configured to identify and 
mitigate unwanted background noises on an audio channel 
provided by networks ll0a/b during such communications. 
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In particular, acoustic attenuation system 120 can include 
hardware and software modules necessary to implement a 
multi-layered machine-learning noise mitigation process of 

6 
figured to receive, audio segments from an audio channel. In 
some approaches, the first ML model is a relatively light­
weight ( computationally inexpensive) classifier configured 

the disclosed technology. Attenuation system 120 can be 
configured to intercept real-time audio segments of audio 5 

information transmitted between two or more of devices 
1221 , 1222 , ... 122n, and 142. The audio segments are 
analyzed using a preliminary (first) ML model, which 
assigns a first (noise-classification) probability to back­
ground features (sounds) in the audio segments. The noise- 10 

classification probabilities for each background feature cor­
respond with a probability that the associated feature (noise) 

to quickly evaluate audio features contained in the received 
audio segments. As discussed above, the first ML model can 
be configured to associate background (sound) features 
detected in the audio segments with probabilistic indicators 
that those features represent unwanted background noises. 
As such, the first ML model can function as a classifier­
based filter. 

In some aspects, the first ML model can associate each 
background feature in the audio segments with a probability 
score, such as 0.05, to indicate a 5% chance that the 
background feature represents an undesired background 

is an undesired audio artifact. 
In some aspects, the first probabilities calculated for each 

sound event can be used to filter low-probability background 
features, i.e., to remove sounds that have a low probability 
of being background noises. To perform filtering, each sound 
event associated with a probability less than a predetermined 
threshold amount can be ignored. By way of example, sound 
events that fall below a 30% chance of constituting 
unwanted background noises can be ignored. On the other 
hand, sound events associated with a probability that is 
greater than the predetermined threshold may be provided to 

15 noise, or 0.80 to indicate an 80% chance that the background 
feature represents an undesired noise. In some aspects, 
probability scores may be appended to audio segment data, 
for example, as metadata tags. In other aspects, probability 
scores may be stored to an associative memory structure, 

20 such as a database or table. 

a secondary ML model. Further to the above example, sound 
events having a greater than 30% chance of constituting 25 

unwanted background noises may be provided to a second 
ML model. 

Subsequently, the audio segments are evaluated to deter­
mine if the detected background features can be ignored, 
e.g., if they have a low probability of constituting unwanted 
background noises (206). Filtering of irrelevant background 
features is performed using a probability threshold. For 
example, probability scores assigned by the first ML model 
can be compared against a (first) predetermined threshold. 
Background events associated with probability scores below 
the (first) threshold are deemed to have a low chance of 

As discussed in further detail below, the second ML 
model can provide higher accuracy classification as com­
pared to the first ML model. The second ML model, there­
fore, can process each sound event and assign a second 
probability to each event, i.e., corresponding with a prob­
ability that the event constitutes an unwanted background 
noise. As in the above example, sound events associated 
with probabilities exceeding a second (predetermined) 
threshold) can be selected for attenuation, whereas sound 
events that do not exceed the second threshold can be 
identified as constituting normal speech and ignored. 

FIG. 2 illustrates an example process 200 for implement­
ing a multi-layered ML noise-attenuation technique of the 
disclosed technology. Process 200 begins when audio seg­
ments are generated from a sound signal (202). Audio 
segments can be generated from sampling a noise signal 
provided, for example, from an audio capture device or other 
device. Although aspects of the technology are contemplated 
for deployment in a telecommunications setting (e.g., in an 
audio channel of a teleconference or video conference), the 
disclosed technology is not limited to such implementations, 
as such, the audio segments may originate from virtually any 
audio capture device, such as an A/V interface, a portable 
electronic device, and/or conference assistant device, as 
discussed above, without departing from the scope of the 
technology. 

The audio segments each represent an interval of sound 
data, such as 1 second audio clips. Audio segments can be 
sampled from audio information passing over a communi­
cations channel, for example, as between two or more of 
devices 122i, 1222 , ... 122m and 142, discussed above. In 
some aspects, the audio segments represent samples taken at 
sliding time intervals, such as 1 second segments sampled 
every 10 ms. Audio segment lengths and sampling rates 
(temporal segment spacing) can vary, depending on the 
desired implementation. 

30 being unwanted background noises, and can be ignored 
(return to 202). However, background events associated 
with probability scores above the (first) threshold can be 
selected for further analysis using a second ML model (208). 

The second ML model can be a classifier having greater 
35 noise detection accuracy than the first ML model. As such, 

the second ML model can be computationally more expen­
sive to operate. However, the second ML model receives a 
smaller total number background features because a signifi­
cant number are filtered by the first ML model. As a result, 

40 the second ML model can be deployed and implemented in 
real-time communications, without disrupting or distorting 
audio exchange. The second ML model can be configured to 
analyze received audio segments and to assign second set of 
probability scores to each identified background (sound) 

45 events, e.g., to quantitatively indicate a probability that the 
corresponding event is an unwanted background noise 
(208). 

Probabilities assigned by the second ML model for each 
of the background sound features can be compared to a 

50 second threshold to determine if noise attenuation should be 
performed for that background feature (210). If the prob­
ability associated with the background feature is less than 
the second threshold, then the sound may be ignored, i.e., no 
action is taken (202). Alternatively, if the probability asso-

55 ciated with the background feature is greater than the second 
predetermined threshold, then the background event may be 
reduced in volume (dB) using an attenuation module (212). 
In some approaches, the attenuation module can perform 
on-the fly signal processing for the corresponding audio 

60 segment such that there is no loss or distortion in audio 
quality. As such, background noises can be effectively 
filtered in real-time (or near real-time) such that user expe­
rience is improved by removal of extraneous background 

After the real-time audio segments are generated, the 
segments are provided to a first ML model (204). The first 65 

ML model can be implemented using software and/or hard­
ware modules deployed on any device coupled to, or con-

noises, but not negatively affected by audio delays. 
It is understood that the thresholds ( e.g., the first threshold 

and second threshold) may be automatically configured, or 
manually set, for example, by a system administrator or by 
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default system settings. In some aspects, the first/second 
threshold may be tuned or adjusted based on considerations 

8 
proper chronological time, favoring the preservation of 
purposeful sound events over the attenuation of unwanted 
background noise. 

In another example, time frame 10 (305) and time frame 
of accuracy and user experience. The amount of amplitude 
attenuation for a particular background sound feature can be 
based on the probability assigned by the second ML model. 
That is, for background features for which there is a high­
confidence that the sound is an unwanted background noise 
(a high probability), attenuation can be greater than for 
background features for which there is a lower-confidence 
(lower associated probability). 

5 11 (306) correspond with sounds that have low probabilities 
of constituting unwanted background noises, relative to time 
frame 6 and 7. For example, in time frame 10 (305), the 
probability of the corresponding sound constituting 
unwanted background noise is 0.6, or 60%. As a result, 

As discussed in further detail with respect to FIG. 3, 
attenuation can be applied to a subsequent audio segment 
based on an unwanted noise probability computed for a 
current segment. In such approaches, all background events 
from the audio segments may be buffered. When desired 
speech/noises are detected, the buffered segment can be 
re-inserted into the audio channel at its proper time at full 
volume i.e., by removing the delay and thereby time squeez-

10 attenuation of the sound volume applied in time frame 11 
(306) is only 12 dB, reducing the raw volume for that time 
frame from 50 dB to 38 dB at output. In some approaches, 
where the noise probability is exceedingly low, no attenu­
ation is performed. For example, as illustrated in table 302, 

15 the noise probability in frame 11 (306) is very low, i.e., 0.01 
or 1 %-the resulting noise attenuation in subsequent frame 
12 is O dB. 

ing the sound into the audio channel. By placing desired 
sounds into the audio stream in at their chronological time, 20 

and at full volume (attenuation removed), sounds at the 
beginning of words/sentences can be preserved, thereby 
improving the user experience. 

FIG. 3 illustrates an example timing diagram 300 of a 
pressure wave including sound events 301 that are juxta- 25 

posed with a table of statistics 302 for different timeframes. 
Specifically, table 302 illustrates various characteristics 
relating to the sound events 301, including: noise probabili­
ties, raw volume (dB), attenuation (dB), and output volume 
( dB). Statistical characteristics for the sound events 301 are 30 

organized by time frame, that is, chronologically in 1 second 
non-overlapping time segments. However, as discussed 
above, the time frames and corresponding audio segments 
can be of virtually any duration, and may overlap. For 
example, the time frames may be organized as half-second 35 

intervals that are sampled every 10 ms. 
The example of FIG. 3 illustrates how a noise-attenuation 

process can be performed using background noise probabil-
ity scores. That is, sounds (background features) having a 
higher probability of being unwanted background noises can 40 

be more greatly attenuated than those having a lower prob­
ability. In the example of FIG. 3, colunms 303, 304, 305, and 
306 illustrate statistics captured at time frames 6, 7, 10, 11 
respectively. As illustrated, noise probability, raw volume, 
attenuation, and output volume statistics are provided for the 45 

corresponding sound event in the respective time frame. 
As discussed in further detail below, noise attenuation can 

be performed on the fly (in real-time) or performed after a 
pre-determined offset. Delaying attenuation of background 
noises can help preserve speech quality, for example, by 50 

avoiding attenuation of sounds that occur at the beginning of 
words or syllables. By way of example, in colunm 303, 
corresponding with time frame 6 (column 303), the prob­
ability of unwanted background noise for sounds in the 
corresponding time frame is 0.95 or 95%. Due to an attenu- 55 

ation delay between time frames 6 and 7 (column 304), an 
attenuation of 19 dB is applied in time frame 7, based on the 
noise probability calculated in time frame 6 (e.g., 95%). As 
such, in time frame 7, the raw volume of 70 dB is reduced 

The probability of noise for each time frame in table 302 
can be a numeric value assigned to an audio segment (time 
frame) using a ML model, such as second ML model 208, 
discussed above. However, it is understood that implemen-
tations of the disclosed noise reduction technology are not 
limited to two-layer ML architectures. For example, three or 
more ML models or classifiers can be implemented, without 
departing from the scope of the technology. 

FIG. 4 illustrates a block diagram of example hardware 
components of a system 400 that can be used to implement 
an audio attenuation delay, according to some aspects of the 
technology. System 400 includes an audio input module 402 
(audio in) that is coupled to a noise detector 404 and a signal 
delay module 408. Noise detector 404 is additionally 
coupled to an attenuation and delay controller 406 that, in 
turn, is coupled to both signal delay module 408 and an 
amplifier 410. 

In practice, audio signals, such as audio segments 
received from an audio capture device, are provided by 
audio input module 402 to noise detector 404 and signal 
delay module 408. Noise detector 404 can be configured to 
implement a multi-layered ML model, discussed above. For 
example, noise detector 404 may include software, firm­
ware, and/or hardware used to implement a process similar 
to process 200, discussed with respect to FIG. 2. 

Detection of unwanted background noises (e.g., the iden­
tification of background features with high noise probabili­
ties) can be indicated to attenuation and delay controller 406 
by noise detector 404. Attenuation and delay controller 406 
is configured to provide control signals to delay module 408 
and amplifier 410 to selectively delay and background 
features that are identified as high-probability background 
noises. For example, for a given audio segment, attenuation 
of an identified background noise can be performed by delay 
module 408 and amplifier 410, such that volume attenuation 
is performed gradually. By increasing attenuation over time, 
device 400 can help to maintain, the fidelity of natural 
human speech sounds, for example, by preserving the vol­
ume of all noises occurring at the beginning of a word or 
syllable. 

FIG. 5 illustrates an example device 500 that can be used 
to implement a noise-reduction technique of the subject 

to an output volume of 51 dB. 60 technology. Device 500 includes multiple hardware compo­
nents that are communicatively connected via connection 
505, which can be a physical bus, and provides a direct 
connection into processor 510, such as in a chipset archi-

In this approach, sounds existing in frame 6 (303) and 
frame 7 (304) can be buffered. Thus, if sounds in frame 7 
(304) are attenuated, but include sounds that should not be 
attenuated, such as normal speech sounds, then frame can be 
inserted into the audio channel with the delay (and attenu- 65 

ation) removed. That is, the original sounds contained in 
frame 7 can be preserved and provided at full volume in their 

tecture. Connection 505 can also represent a virtual connec­
tion, networked connection, or logical connection. 

Device 500 can be a distributed system that performs 
functions described in this disclosure can be distributed 
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within a datacenter, multiple datacenters, a peer network, 
etc. Depending on the desired implementation, one or more 
of the described system components can represent one or 
more such components, each performing some or all of the 
functions for which the component is described. Addition­
ally, the components can be physical or virtual devices, such 
as virtual machines (VMs) or networking containers. 

Device 500 includes at least one processing unit (CPU or 
processor) 510 and connection 505 that couples various 
system components, including system memory 515, such as 
read only memory (ROM) and random access memory 
(RAM), to processor 510. Device 500 can include a cache of 
high-speed memory connected directly with, in close prox­
imity to, or integrated as part of processor 510. Processor 
510 can include any general purpose processor and a hard­
ware service or software service, such as services 532, 534, 
and 536 stored in storage device 530, configured to control 
processor 510 as well as a special-purpose processor where 
software instructions are incorporated into the actual pro­
cessor design. Processor 510 can be a self-contained com­
puting system, containing multiple cores or processors, a 
bus, memory controller, cache, etc. A multi-core processor 
can be symmetric or asymmetric. 

To enable user interaction, computing system 500 
includes an input device 545, which can represent any 
number of input mechanisms, such as a microphone for 
speech, a touch-sensitive screen for gesture or graphical 
input, keyboard, mouse, motion input, speech, etc. Comput­
ing system 500 can also include output device 535, which 
can be one or more of a number of output mechanisms 
known to those of skill in the art. In some instances, 
multimodal systems can enable a user to provide multiple 
types of input/output to communicate with computing sys­
tem 500. 

Device 500 can include communications interface 540, 
which can generally govern and manage the user input and 
system output. Communications interface 540 can include 
one or more wired or wireless network interfaces, for 
example, that are configured to facilitate network commu­
nications between one or more computer networks and 
device 500. There is no restriction on operating on any 
particular hardware arrangement and therefore the basic 
features here may easily be substituted for improved hard­
ware or firmware arrangements as they are developed. 
Storage device 530 can be a non-volatile memory device and 
can be a hard disk or other types of computer readable media 
which can store data that are accessible by a computer, such 
as magnetic cassettes, flash memory cards, solid state 
memory devices, digital versatile disks, cartridges, random 
access memories (RAMs), read only memory (ROM), and/ 
or some combination of these devices. Storage device 530 
can include software services, servers, services, etc., that 
when the code that defines such software is executed by the 
processor 510, it causes the system to perform a function. In 
some aspects, a hardware service that performs a particular 
function can include the software component stored in a 
computer-readable medium in connection with the necessary 
hardware components, such as processor 510, connection 
505, output device 535, etc., to carry out the function. 

For clarity of explanation, the illustrative system embodi­
ment is presented as including individual functional blocks 
including functional blocks labeled as a "processor" or 
processor 510. The functions these blocks represent may be 
provided through the use of either shared or dedicated 
hardware, including, but not limited to, hardware capable of 
executing software and hardware, such as a processor 510, 
that is purpose-built to operate as an equivalent to software 

10 
executing on a general purpose processor. For example, the 
functions of one or more processors may be provided by a 
single shared processor or multiple processors. (Use of the 
term "processor" should not be construed to refer exclu-

5 sively to hardware capable of executing software.) Illustra­
tive embodiments may include microprocessor and/or digi­
tal signal processor (DSP) hardware, read-only memory 
(ROM) 440 for storing software performing the operations 
discussed below, and random access memory (RAM) 450 

10 for storing results. Very large scale integration (VLSI) 
hardware embodiments, as well as custom VLSI circuitry in 
combination with a general purpose DSP circuit, may also be 
provided. 

The logical operations of the various embodiments are 
15 implemented as: (1) a sequence of computer implemented 

steps, operations, or procedures running on a programmable 
circuit within a general use computer, (2) a sequence of 
computer implemented steps, operations, or procedures run­
ning on a specific-use programmable circuit; and/or (3) 

20 interconnected machine modules or program engines within 
the programmable circuits. The system 400 can practice all 
or part of the recited methods, can be a part of the recited 
systems, and/or can operate according to instructions in the 
recited non-transitory computer-readable storage media. 

25 Such logical operations can be implemented as modules 
configured to control the processor 420 to perform particular 
functions according to the programming of the module. 

It is understood that any specific order or hierarchy of 
steps in the processes disclosed is an illustration of exem-

30 plary approaches. Based upon design preferences, it is 
understood that the specific order or hierarchy of steps in the 
processes may be rearranged, or that only a portion of the 
illustrated steps be performed. Some of the steps may be 
performed simultaneously. For example, in certain circum-

35 stances, multitasking and parallel processing may be advan­
tageous. Moreover, the separation of various system com­
ponents in the embodiments described above should not be 
understood as requiring such separation in all embodiments, 
and it should be understood that the described program 

40 components and systems can generally be integrated 
together in a single software product or packaged into 
multiple software products. 

The previous description is provided to enable any person 
skilled in the art to practice the various aspects described 

45 herein. Various modifications to these aspects will be readily 
apparent to those skilled in the art, and the generic principles 
defined herein may be applied to other aspects. Thus, the 
claims are not intended to be limited to the aspects shown 
herein, but are to be accorded the full scope consistent with 

50 the language claims, wherein reference to an element in the 
singular is not intended to mean "one and only one" unless 
specifically so stated, but rather "one or more." 

A phrase such as an "aspect" does not imply that such 
aspect is essential to the subject technology or that such 

55 aspect applies to all configurations of the subject technology. 
A disclosure relating to an aspect may apply to all configu­
rations, or one or more configurations. A phrase such as an 
aspect may refer to one or more aspects and vice versa. A 
phrase such as a "configuration" does not imply that such 

60 configuration is essential to the subject technology or that 
such configuration applies to all configurations of the subject 
technology. A disclosure relating to a configuration may 
apply to all configurations, or one or more configurations. A 
phrase such as a configuration may refer to one or more 

65 configurations and vice versa. 
The word "exemplary" is used herein to mean "serving as 

an example or illustration." Any aspect or design described 
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herein as "exemplary" is not necessarily to be construed as 
preferred or advantageous over other aspects or designs. 

What is claimed is: 
1. A noise attenuation system comprising: 
one or more processors; and 
a memory coupled to the one or more processors, with 

instructions stored therein which, when executed by the 
one or more processors, cause the one or more proces­
sors to perform operations comprising: 
receiving a set of audio segments from an audio capture 10 

device, the set of audio segments including a plural-
ity of features, 

analyzing the set of audio segments to yield a plurality 
of scores, comprising: 
first applying a first machine learning model to 15 

determine a first probability that the set of audio 
segments includes one or more undesired features 
of the plurality of features; 

second applying, in response to the first probability 
exceeds a first threshold, a second machine learn- 20 

ing model to determine a second probability that 
the set of audio segments includes one or more 
undesired features of the plurality of features; and 

attenuating, in response to the second probability 
exceeds a second threshold higher than the first 25 

threshold, at least one of the plurality of features. 
2. The noise attenuation system of claim 1, wherein the 

attenuating includes: 

12 
the at least one of the plurality of features based on at 
least one of the plurality of scores and a threshold. 

8. The computer-implemented method of claim 7, 
wherein the attenuating includes: 

identifying an audio artifact from among the plurality of 
features, 

attenuating a volume of the audio artifact, and 
buffering the at least one of the plurality of features. 
9. The computer-implemented method of claim 8, further 

comprising: 
retrieving the at least one of the plurality of features from 

the buffer for insertion into an audio channel using time 
squeezing. 

10. The computer-implemented method of claim 7, fur­
ther comprising: 

receiving another set of audio segments from the audio 
capture device when the second probability does not 
exceed the second threshold. 

11. The computer-implemented method of claim 7, 
wherein, 

the first probability is determined using a logistic 
regression model, and 

the second probability is determined using a deep 
neural network. 

12. The computer-implemented method of claim 7, 
wherein further comprising receiving another set of audio 
segments from the audio capture device when the first 
probability does not exceed the first threshold. 

identifying an audio artifact from among the plurality of 
features, 

attenuating a volume of the audio artifact, and 
buffering the at least one of the plurality of features. 

13. A non-transitory computer-readable storage medium 
30 comprising instructions stored therein which, when executed 

by one or more processors, cause the one or more processors 
to perform operations comprising: 

3. The noise attenuation system of claim 2, wherein the 
operations include retrieving the at least one of the plurality 
of features from the buffer for insertion into an audio 35 

receiving a set of audio segments from an audio capture 
device, the set of audio segments including a plurality 
of features; 

channel using time squeezing. 
4. The noise attenuation system of claim 1, wherein the 

operations include receiving another set of audio segments 
from the audio capture device when the second probability 
does not exceed the second threshold. 

5. The noise attenuation system of claim 1, 
wherein, 

the first probability is determined using a logistic 
regression model, and 

40 

analyzing the set of audio segments to yield a plurality of 
scores, comprising: 
first applying a first machine learning model to deter­

mine a first probability that the set of audio segments 
includes one or more undesired features of the plu­
rality of features; 

second applying, in response to the first probability 

the second probability is determined using a deep 45 

neural network. 

exceeds a first threshold, a second machine learning 
model to determine a second probability that the set 
of audio segments includes one or more undesired 
features of the plurality of features; and 

6. The noise attenuation system of claim 1, wherein the 
operations include receiving another set of audio segments 
from the audio capture device when the first probability does 
not exceed the first threshold. 

7. A computer-implemented method comprising: 
receiving a set of audio segments from an audio capture 

device, the set of audio segments including a plurality 
of features; 

50 

attenuating, in response to the second probability exceeds 
a second threshold higher than the first threshold, the at 
least one of the plurality of features based on at least 
one of the plurality of scores and a threshold. 

14. The non-transitory computer-readable storage 
medium of claim 13, wherein the attenuating includes: 

identifying an audio artifact from among the plurality of 
features, 

analyzing the set of audio segments to yield a plurality of 55 attenuating a volume of the audio artifact, and 
buffering the at least one of the plurality of features. scores, comprising: 

first applying a first machine learning model to deter­
mine a first probability that the set of audio segments 
includes one or more undesired features of the plu­
rality of features; 

second applying, in response to the first probability 
exceeding a first threshold, a second machine learn­
ing model to determine a second probability that the 
set of audio segments includes one or more unde­
sired features of the plurality of features; and 

attenuating, in response to the second probability exceed­
ing a second threshold higher than the first threshold, 

15. The non-transitory computer-readable storage 
medium of claim 14, wherein the operations include retriev­
ing the at least one of the plurality of features from the buffer 

60 for insertion into an audio channel using time squeezing. 
16. The non-transitory computer-readable storage 

medium of claim 14, wherein the operations include receiv­
ing another set of audio segments from the audio capture 
device when the first probability does not exceed the first 

65 threshold. 
17. The non-transitory computer-readable storage 

medium of claim 13, wherein the operations include receiv-
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ing another set of audio segments from the audio capture 
device when the second probability does not exceed the 
second threshold. 

* * * * * 

14 

IPR2026-00273 
Krisp Technologies EX1006 Page 15




