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ABSTRACT

Social ambiance describes the context in which social interac-
tions happen, and can be measured using speech audio by counting
the number of concurrent speakers. This measurement has enabled
various mental health tracking and human-centric IoT applications.
While on-device Socal Ambiance Measure (SAM) is highly desir-
able to ensure user privacy and thus facilitate wide adoption of the
aforementioned applications, the required computational complex-
ity of state-of-the-art deep neural networks (DNNs) powered SAM
solutions stands at odds with the often constrained resources on mo-
bile devices. Furthermore, only limited labeled data is available or
practical when it comes to SAM under clinical settings due to vari-
ous privacy constraints and the required human effort, further chal-
lenging the achievable accuracy of on-device SAM solutions. To
this end, we propose a dedicated neural architecture search frame-
work for Energy-efficient and Real-time SAM (ERSAM). Specifi-
cally, our ERSAM framework can automatically search for DNNs
that push forward the achievable accuracy vs. hardware efficiency
frontier of mobile SAM solutions. For example, ERSAM-delivered
DNNs only consume 40 mW - 12 h energy and 0.05 seconds pro-
cessing latency for a 5 seconds audio segment on a Pixel 3 phone,
while only achieving an error rate of 14.3% on a social ambiance
dataset generated by LibriSpeech. We can expect that our ERSAM
framework can pave the way for ubiquitous on-device SAM solu-
tions which are in growing demand.

Index Terms— social ambiance, neural arch search

1. INTRODUCTION

Social ambiance, which describes the context of an environment
where social interactions are happening, can be measured via
speech audio [1, 2]. Among the widely used social ambiance
measure (SAM) solutions, counting the number of concurrent
speakers around an individual has been verified to be associated
with their mental health symptoms (e.g., depression and psychotic
disorders) [1]. While deep neural networks (DNNs) have enabled
accurate SAM in mental health tracking by counting concurrent
speakers [1], it is still challenging to achieve continuous, real-time,
and on-device DNN-based SAM, which is highly desirable for pre-
serving user privacy and thus ensuring wide adoption of the afore-
mentioned mental health tracking. First, powerful DNNs are often
complex while mobile/wearable devices are very limited in both
computational and memory resources, e.g., deploying the wav2vec2
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Fig. 1: DNNs searched by our ERSAM outperform state-of-the-art
DNN-based SAM: achieving the best accuracy vs. hardware effi-
ciency trade-offs while meeting the requirements of being energy-
efficient and achieving real-time latency. Here a smaller volume
of each data point’s 3D cuboid corresponds to a better accuracy vs.
hardware efficiency trade-off.

DNN [3] on a Pixel 3 phone [4] for speech recognition requires
2200 mW [5] power consumption vs. only 700 mW [6] allowed by
the Pixel 3 phone [4]. Second, training DNNs usually requires a
large amount of labeled data to achieve a satisfactory task accuracy,
whereas SAM users expect DNNs to be trained locally on a device
with limited data (e.g., less than 8 hours of training data [7]), due
to both the privacy concern and prohibitive human effort needed to
collect clinical SAM audio data.

To close the aforementioned gap between the required compu-
tational complexity for DNN-based SAM and the limited resources
on mobile/wearable devices, it is critical to develop compact DNNs
that ensure (i) real-time latency (e.g., < 5 seconds of processing
time for an audio segment of 5 seconds [1]) for timely usage of the
generated SAM information (e.g., real-time intervention), (ii) con-
strained energy (< 700mW - 12h [6]), and (iii) an acceptable SAM
accuracy under the aforementioned low-resource settings. Thanks to
the recent success of both (i) Hardware-aware Neural Architecture
Search (HW-NAS) [8] in developing DNN models with optimal
accuracy vs. hardware efficiency trade-offs [8, 9, 10] and (ii) knowl-
edge distillation in leveraging pre-trained giant models to boost the
achievable accuracy of compact DNNs [11, 12], it is natural to
consider them for continuous, real-time, and on-device DNN-based
SAM solutions. However, existing HW-NAS and knowledge distil-
lation techniques are not directly applicable for meeting the above
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requirements for the following reasons: (i) prior HW-NAS works
mainly focus on computer vision or natural language processing
tasks [8, 9], where the search space of existing HW-NAS works
might not be optimal or even feasible for DNNs dedicated to SAM
due to their differences from SAM in terms of 1) input modalities
(e.g., images vs. audio), 2) commonly used operators (e.g., 2D
convolution vs. 1D convolution), and 3) dataset size (e.g., 150 GB
ImageNet [13] with > 1 million images vs. 1 GB dataset with
only 8 hours of audio); and (ii) the large cost of querying the giant
models required by vanilla knowledge distillation techniques makes
knowledge distillation impractical to be used on a local edge/mobile
device.

Our key contribution is a new framework, called neural archi-
tecture search for Energy-efficient and Real-time SAM (ERSAM),
which achieves continuous, real-time, and on-device DNN-based
SAM, as elaborated below.

* We develop and validate a dedicated HW-NAS and knowl-
edge distillation framework called ERSAM to develop DNN-
based SAM solutions towards meeting SAM’s real-world ap-
plication driven requirements.

* ERSAM Enabler 1: The proposed ERSAM integrates a
hardware-aware search space dedicated to SAM by lever-
aging the cost profiling observations from state-of-the-art
DNN-based SAM models on mobile phones.

e ERSAM Enabler 2: We propose an efficient knowledge distil-
lation scheme to be embedded into both the search and train-
ing processes of our ERSAM framework’s HW-NAS engine,
that enables the feasibility of developing compact yet effec-
tive DNNs for SAM on the local edge by only making neces-
sary queries to the giant teacher model.

* ERSAM performance: As shown in Fig. 1, our ERSAM
framework’s delivered DNNs fulfill all the above require-
ments, achieving (i) 0.05 seconds (< 5 seconds [1]) latency
for an audio segment of 5 seconds, (ii) 40 mW - 12 h (< 700
mW - 12 h [6]) energy consumptioﬁ)n a Pixel 3 phone, and
(iii) 14.3% error rate ({ 3.6% than the state-of-the-art work of
ﬁnting the number of speakers [14]) under the low-resource
setting of 8 hours (< 8 hours [7]) training data.

2. RELATED WORKS

2.1. SAM based on counting concurrent speakers

Speech audio can provide important information about social am-
biance, and can be applied to finding social hot spots [15], event con-
texts [2][16], and children’s language environments [17, 18]. Specif-
ically, [2] measures social ambiance by inferring the occupancy and
human chatter levels in local business scenarios; [16] characterizes
social ambiance from overlapping conversational data in a crowded
environment. More recently, the number of concurrent speakers
around an individual has been verified to be associated with men-
tal health symptoms [1]. The number of simultaneous speakers is
leveraged as a proxy for the overall social activity in the associated
environment based on the assumption that concurrent speakers pro-
vide fine-grained information of social ambiance [1].

Meanwhile, several recent studies [14, 19] have shown that
DNNs can achieve state-of-the-art accuracy in predicting the num-
ber of concurrent speakers as compared to non-DNN solutions.
However, they either (i) can only estimate up to five speakers, which
cannot cover all social scenarios in daily life, or (ii) require more

than 30 hours of training data, which can be challenging to ac-
quire and label for SAM under clinical scenarios. In contrast, our
proposed ERSAM can automatically deliver DNNs that perform
energy-efficient and real-time SAM, based on a small-scale train-
ing dataset which favors preserving privacy and timely feedback to
fulfill the requirements of SAM under clinical scenarios.

2.2. Hardware-aware neural architecture search

HW-NAS has been proposed with the aim of automating the search
for efficient DNN structures under target hardware efficiency con-
straints (e.g., energy or latency on target devices) [20]. Besides
the early works based on reinforcement learning [21, 22], [8, 23]
develop differentiable HW-NAS following [24] to significantly im-
prove search efficiency. More recently, [9, 10] propose to jointly
train all sub-networks within the search space in a weight-sharing
supernet and then locate the optimal architectures under different
cost constraints without re-training or fine-tuning, thus reducing the
cost of the whole search and training pipeline as compared to pre-
vious HW-NAS solutions. However, all these HW-NAS works are
dedicated to computer vision or natural language processing appli-
cations and cannot be directly applied to SAM, due to the differ-
ences in input modalities, commonly used operators and dataset size.
Note that although there exist prior works that apply NAS to speech
recognition [25, 26, 27], none of them target developing continu-
ous, real-time, and on-device DNN-based SAM that meets all the
requirements mentioned in Sec. 1.

2.3. Efficient knowledge distillation

Although knowledge distillation [11] is commonly used to boost the
achievable accuracy vs. inference efficiency trade-offs of compact
DNN:gs, it requires more training time due to the extra overhead of
querying larger teacher models [12, 28]. While there exist prior
works that focus on efficient knowledge distillation, they either (i)
only focus on the data efficiency [29, 30] instead of the efﬁciency?f
the training latency or energy, or (ii) are only designed for or veri-
fied on computer vision tasks with specially designed image opera-
tors [31]. Specifically, [30] leverages the insight that teacher models
are not always perfect and bypasses the wrong predictions of teacher
models to improve the accuracy of student models. Different from
all the prior works mentioned above, our proposed efficient knowl-
edge distillation scheme (i) presents a different insight, which is the
improved accuracy of the larger teacher model over the small student
model is caused by the case when the smaller models are wrong and
uncertain while the larger models are correct and certain and (ii) tar-
gets compressing training/search cost. o

3. THE PROPOSED ERSAM FRAMEWORK

Overview. As shown in Fig. 2, our ERSAM accepts training data
and corresponding labels of limited size, hardware-aware network
operators, and a costly teacher model as inputs, and then automat-
ically generates a dedicated DNN to enable continuous, real-time,
on-device DNN based SAM. ERSAM integrates two enablers: (i) a
hardware-aware search space dedicated to SAM based on the cost
profiling observations of state-of-the-art DNN based SAM models
on mobile phones, and (ii) an efficient knowledge distillation scheme
to be embedded in the search and training process by only making
queries when the student model is uncertain under the given input
data. Specifically, during each iteration, we sample one sub-network
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Table 1: Macro-architecture of our designed hardware-aware hard-
ware search space for SAM.

Operator Type H #Channels  #Repeats  Kernel Size  Stride
1D Conv. 16 - 32 {1} 10 5
1D Conv. 32-64 {1} 8 4
1D Conv. 64 - 128 {1,2,3} 4 2
1D Conv. 128-256  {1,2,3} 1 1
1D Conv. 128-256  {1,2,3} {1,2,3} 1
1D Conv. 128-256  {1,2,3} {4,5,6} 1
1D Conv. 128-256  {1,2,3} {7.8,9} 1
1D Conv. 128-256  {1,2,3} {10, 11,12} 1

from the search space, and then pass the training data to the sam-
pled sub-network. If the measured uncertainty based on the sampled
sub-network’s predictions is higher than a pre-defined threshold, the
query to the teacher model will be enabled, and the corresponding
back-propagation will be performed to incorporate an extra distilla-
tion loss [11]. Otherwise, the training will be the same as the stan-
dard training process without knowledge distillation. Note that ER-
SAM is built on top of a weight-sharing NAS [9, 10], which trains
all the sub-networks in a weight-sharing supernet and then locates
the optimal one under different cost constraints without re-training;
thus, the search cost is shared by training the supernet.

3.1. Enabler 1: Hardware-aware search space design

As pointed out in prior works, even for DNNs that have the same
width, depth, or input resolution, the real hardware-cost (e.g., latency
and/or energy) can be quite different on a target device [33, 34].
Thus, a hardware-aware search space is critical for achieving our tar-
get continuous, real-time, and on-device DNN-based SAM. Specifi-
cally, we first analyze the latency of each operator in wav2vec [32],
a state-of-the-art speech recognition model. As shown in Fig. 3, the
bottleneck operator, marked with a red circle in Fig. 3, has a cost
that is > 35% of the whole model’s latency on a Pixel 3 phone. We
find that the above cost-dominant operator features both a large ker-
nel size (i.e., 8) and input sequence length (i.e., 0.2 of the original
input sequence length), while maintaining the same channel size as
other operators (i.e., 512). As such, we design a hardware-aware
search space for SAM that is abstracted from the model architec-
ture of wav2vec [32], while avoiding cases where a large channel
size, kernel size, and input sequence length simultaneously exist
within the same operator. The developed search space in our ER-
SAM framework, inspired by our cost profiling observations on mo-
bile phones, is summarized in Tab. 1.
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Fig. 2: Overview of our proposed ERSAM framework.

3.2. Enabler 2: Efficient knowledge distillation scheme

The proposed efficient knowledge distillation scheme is based on our
observation that the improved accuracy of larger models over smaller
models for SAM is a result of the case where the smaller models
are wrong and uncertain but the larger models are correct and cer-
tain. Specifically, we compare the correct and wrong predictions of
a larger model called wav2vec [32] and a smaller counterpart, a uni-
formly scaled wav2vec with only 6 (0.3x) layers and 128 (0.25X)
channels, on the LibriSpeech-SAM dataset described in Sec. 4.1.
As shown in Fig. 4,
we can observe that the
more uncertain the smaller
model is, the more im-
provement can be gained
by switching to the larger
model from the smaller
one, as evidenced by the
sharp increase in the red
curve corresponding to the
case where only the large
model is correct. Such an
observation is also consis-
tent with recent findings
in natural language pro-
cessing tasks [35], i.e., the
larger models’ advantages
over smaller ones appear when the latter are not uncertain about the
input data. Leveraging the above observation, in the forward process
of our proposed efficient knowledge distillation scheme, we first ob-
tain the student model’s classification probability distribution, and
then compare it with the prior classification probability distribution
to measure the uncertainty of the current input data, which is defined
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Fig. 4: The percentage of cases when
varying the smaller model’s uncer-
tainties (AC: both correct, LC: only
the larger model correct, SC: only
the smaller model correct, and AW:
both wrong).

as follows: 5 . l n—1 o
sample = — log <n ;(m Y;) ) , €y
1 s—1
Sbaten = ~ ;} Ssample.is )

where Ssampie and Spqtcn denote the uncertainty score of one sam-
ple and a batch of samples, s is the batch size, Y; is the output proba-
bility of the model for class %, Y; is the prior probability of the labels
for class ¢, and n is the number of classes. To simplify the measure-
ment, all our experiments are based on the assumptlon that different
classes have the same prior probability, i.e., Y; = Y for any 7 and
j. As shown in Fig. 2, if Spatch, is larger than the pre- deﬁned thresh-
old, then a query to the teacher model will be made; otherwise, this
iteration will proceed with the standard training without knowledge
distillation. The proposed efficient knowledge distillation scheme
can achieve the same or even better accuracy compared with that
of training with vanilla knowledge distillation [11] yet at a similar
training speed as the standard training, as verified in Sec. 4.3.
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4. EXPERIMENTS RESULTS

4.1. Experiment settings

Dataset. To the best of our knowledge, there does not exist any
realistic dataset labeled with the number of simultaneous speakers.
Thus, we have synthesized a dataset with speech mixtures from Lib-
riSpeech corpus[36]. To create a k-speaker mixture, where k &€
{0,1,2,3,4,> 5}, we first generate a 15-30 minutes recording by
concatenating all the sentences from each speaker, and then ran-
domly select an audio segment from each recording. Finally, seg-
ments from k speakers are trimmed to 5 seconds and overlapped with
each other to generate a speech mixture which is labeled as speaker
count of k. Additionally, we include non-speech samples from the
TUT Acoustic Scenes dataset [37] in our training data when k =
0 for scenarios where no speech is detected. Following the proce-
dures above, 8 hours of speech mixtures are generated for training
and validation. Meanwhile, the test subset with 2 hours of data is
synthesized from a different set of speakers from LibriSpeech-test
subset. The synthesized dataset is denoted as LibriSpeech-SAM and
is used for all the experiments in this work. Specifically, to be fair
with each possible speaker count, the dataset features balanced class
distribution for both train and test subsets, i.e., ~ 1,000 samples for
each class in the training set and ~ 300 samples in the testing set.

Baselines and evaluation metrics. We consider the following
two models as our baselines: (i) (uniformly scaled) wav2vec [32],
one of the most common models for speech recognition. Because
the original wav2vec [32] exceeds the latency and energy budgets
for being real-time on mobile devices, we scale it down by reduc-
ing its number of channels and number of layers uniformly to fulfill
the requirements in Sec. 1; (ii) Countnet [14], the previous state-of-
the-art for counting the number of speakers. For a fair comparison,
we retrain it with the corresponding official implementation on our
LibriSpeech-SAM dataset, because its accuracy reported in [14] is
trained on a different dataset. Moreover, we leverage the following
evaluation metrics in all our experiments: (i) the error rate on the
test set of LibriSpeech-SAM; (ii) the latency of an audio segment
of 5 seconds on a Pixel 3 Phone; (iii) the energy consumption on a
Pixel 3 Phone when running all day (i.e., 12 h active time).

Experiment platforms. All the training and search processes
are performed on a workstation with a commonly-used NVIDIA
2080 Ti GPU to match the settings of the training on the local edge
(e.g., on personal desktops or laptops). The latency and energy con-
sumption of DNN’s inference are measured on a Pixel 3 Phone by
running the model using the official tflite benchmark binary [38] and
being monitored by the Qualcomm Snapdragon Profiler [39].

4.2. Compare with state-of-the-art

We summarize the comparison of our proposed ERSAM with the
previous state-of-the-art in both Tab. 2 and Fig. 1. We can observe
that ours can achieve the best error rate vs. hardware cost (e.g., la-
tency or energy consumption) trade-offs, verifying our ERSAM’s
ability to deliver continuous, real-time, and on-device DNN-based
SAM in an automatic manner without manually searching.

Table 2: Compare the DNN searched by our proposed ERSAM with
the previous state-of-the-art.

Method Error Rate on Latency on  Energy consumption
LibriSpeech-SAM (%)  Pixel 3 (ms) on Pixel 3 (mW-h)
Countnet [14] 16.7 492 422
(Uniformly Scaled) wav2vec [32] 17.4 50 40
ERSAM 14.3 47 38

4.3. Ablation study on the proposed efficient knowledge distilla-
tion scheme

To better understand the efficacy and efficiency of our proposed effi-
cient knowledge distillation scheme introduced in Sec. 3.2, we com-
pare it with the vanilla knowledge distillation [11] and the standard
training without any knowledge distillation in terms of the error rate
of the finally delivered DNN and the corresponding search and train-
ing time. As summarized in Tab. 3, we can observe that (i) the
vanilla knowledge distillation can achieve a lower error rate (e.g.,
1 2.4%) but with 2.95X of the search and training cost, as compared
to standard training (i.e., ERSAM w/o KD); (ii) our proposed ef-
ficient knowledge distillation achieves the lowest error rate among
all competitors while maintaining a similar (e.g., 1.05 %) search and
training cost with standard training. Such observations imply that
our proposed efficient knowledge distillation scheme can be used
as a plug-and-play module in HW-NAS, thanks to its advantage of
achieving a lower error rate than vanilla knowledge distillation with-
out requiring extra search and training costs.

Table 3: Comparison among ERSAM w/o knowledge distillation
(KD), w/ vanilla KD [11], and w/ our proposed efficient KD.

Search Cost

Method Error Rate on
LibriSpeech-SAM (%) (GPU hours)
ERSAM w/o KD 16.9 2.1
ERSAM w/ vanilla KD [11] 145 24) 6.2 (2.95 x)
ERSAM w/ our proposed KD 14.3 ({ 2.6) 2.2 (1.05 x)

4.4. Generalize to real-world scenarios

To simulate speech audio collected from realistic scenarios, we (i)
apply MUSAN noises [40] (12-18 dB) to each recording, (ii) include
domain shifts caused by recording devices using LibriAdapt [41],
and (iii) construct a few noisy SAM datasets following Sec. 4.1. As
summarized in Tab. 4, we can observe that the proposed ERSAM
can still achieve a low error rate under challenging settings and beat
the uniformly scaled wav2vec [3] in terms of achieved error rate vs.
hardware cost trade-offs (i.e., a |. 2.7% ~ 5.0% lower error rate under
similar latency and energy consumption).

Table 4: Generalize the DNN searched by our proposed ERSAM
and uniformly scaled wav2vec [3] to the dataset with noises and de-
vice diversity for simulating the scenarios of real-world application.

Error Rate (%) | (scaled) wav2vec [32]  ERSAM
LibriSpeech-SAM 17.4 14.3 (] 3.1)
LibriSpeech-SAM, Noisy 20.7 17.1 (1 3.6)
LibriAdapt-SAM on Pseye 30.4 275 2.9)
LibriAdapt-SAM on Respeaker 28.6 23.6 (1 5.0
LibriAdapt-SAM on Shure 28.7 25.9 (1 2.8)

5. CONCLUSION

In this work, we propose ERSAM, a dedicated framework for de-
veloping continuous, real-time, on-device DNN based SAM to meet
all three requirements on the execution latency (e.g., < 5 seconds),
energy (e.g., < 700mW - 12 h), and size of training data (e.g., audio
recordings of < 8 hours in total) towards practical adoption. This
framework consists of: (i) a hardware-aware search space dedicated
to SAM; and (ii) an efficient knowledge distillation scheme to be
embedded in the search and training processes. The DNN model
searched by our ERSAM achieves better accuracy vs. hardware effi-
ciency trade-offs than previous state-of-the-art works and fulfills all
the requirements towards continuous, real-time, on-device SAM.
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