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Abstract

We develop a meeting record system which can automatically identify the speakers
and create the transcript for the meeting. We use deep clustering to do speaker
identification combining with open source speech recognition API. Specifically,
we use deep embedding and standard clustering algorithms to solve the speaker
identification problem. This is more efficient than normal approach to this kind
of problem. We are currently working on embedding part of the problem. The
evaluation is based on signal-to-distortion ratio and sparse non-negative matrix
factorization is used as the baseline. We would expect the model be successful not
only in dialogue data but also in the data of mixture of three or more speakers.

1 Introduction

Meetings are important modern activities in communication and collaboration. It is a great way to
collect information, exchange opinions, resolve conflicts, and make decisions. By itself, meetings
contain huge amount of rich information and the maximum level of capturing information in meeting
becomes vitally important to improve work efficiency. The most common way to capture information
during meeting is simply by taking notes. However, manual way of note taking is inefficient and it is
barely possible to record everything said in the meeting by hand. An application that can record the
meeting efficiently and accurately is in need. If this application can be developed, work efficiency
can be hugely improved. People can recall the content in the meeting, review the decision made or
revisit the deferred items with ease. Moreover, the recording can help people who do not attend the
meeting get informed as well. Therefore, the objective of this project is to develop a model to record
the meeting.

Meeting record problem can be divided into two sub-problems, speaker identification and speech
recognition. The project aims to identify which person is speaking and create a transcript of the
meeting. For the solution to speech recognition problem is widely studied and developed well, the
project uses the open-source API of speech recognition directly. The methodology used in the project
focuses on speaker clustering, which means to cluster the features from audio stream so that the
audio streams from the same person is clustered together. It is not a simple clustering problem, as the
objective types may be unknown. Hence, it cannot be solved by conventional clustering methods,
such as k-means.

The problem of speaker identification can be approach as a partition-based segmentation problem.
For audio data, we use a set of time-frequency coordinates, which define “elements”. “Elements”
can be viewed as feature vectors storing fractional information of the signal. Particularly, for this
problem, object class labels are required. The task is to learn directly from partition labels.

There have been tremendous studies on solutions to this segmentation problem. There are two
typical approaches. The first approach is to segment the “elements” of audio data into a target
speaker dominated regions. It can be based on classifiers, generative models, or deep neural networks.
Although this approach is proven to performs well with known object classes, it does not address



problem raised in this paper with unknown object types. Another approach is spectral clustering.
By constructing a similarity graph and forming the graph Laplacian, we use standard clustering
methods on the relevant eigen-vectors of the Laplacian. Spectral clustering does not require the
points to cluster tightly. However, it is computationally expensive unless the graph is sparse and the
affinity matrix can be constructed efficiently. In this paper, we use "deep clustering", which uses deep
learning to cluster, to solve the speaker identification problem.

Contribution:

2 Problem Statement

Speaker identification and speech recognition are the two main problems to solve.

2.1 Speaker identification

Speaker identification problem is to identify which speaker each audio segment belongs to and it
involves two steps. The first step is embedding and the second step is clustering.

Embedding:

Clustering:

2.2 Speech recognition

3 Related Work

Automatic meeting record, converting audio recordings of meeting to text format, has long been
studied [1]. In this problem, speaker identification on closed speaker set or open speaker set and
speech recognition are two significant parts. According to [2], speaker identification is a good way of
indexing meeting records for further work. Identifying speakers on an open set, which clusters each
element defined in terms of time and frequency in audio recordings, is more practical and difficult
than that on a closed set, which classifies each element.

Various identification methods have been investigated. [3] shows that some methods combine audio
and video streams to identify speakers through face recognition or sound source location. For example,
[4] applies a pre-trained probability distribution of source location features. On the other hand, if only
audio stream is available, existing methods that use the limit information to realize speaker diarization
are based on hidden Markov models [5] or spectral clustering [6]. However, a major disadvantage of
spectral clustering is that it needs spectral factorization which causes high cost. Fortunately, deep
network shows powerful computational ability with high speed in various applications. For example,
with the development of deep learning, meeting recognition has been greatly improved by applying
RNN and DNN [7, 8]. A few works have been done to identify speakers only from audio stream
by combining traditional central clustering methods and deep networks, such as CNN [9], BLSTM
[10] and ResCNN [11] to outperform previous works. Our work in speaker identification component
analyzes and compares [10] and [11].

The second part of smart meeting record, speech recognition, has been well explored for a long
time and further developed recently to almost achieve the level of humanity [12, 13]. In order to
make speech recognition research easier for researchers and professionals, powerful and open-source
library such as SpeechRecognition [14] in Python can be utilized. It supports several engines and
APIs, and can translate spoken language into texts.

4 Methodology

In our smart meeting record system (Figure 1), there are two major components to convert meeting
record audio stream to text format indexed by speakers: speaker identification, which identifies each
element of audio signals to each speaker in a meeting, and speech recognition, which converts words
and phrases in spoken language to a text format.
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Figure 1: Flow chart of the smart meeting record system

4.1 Speaker Identification Component

In speaker identification component, in order to avoid the high overhead of spectral clustering, we
combine traditional and simple clustering methods with deep neural networks to leverage their
learning power and high speed. In the training process, given the speaker label of each segment, an
embedding learning neural network model is trained offline. Then in the test process, a new piece of
audio stream can be put into the model to output embedding for each segment. Without the labels for
the new piece, a central cluster method is utilized here in order to cluster segments from the same
speaker into one group.

4.1.1 Deep Network Embedding

Numerous embedding methods, which represents an encoder to map elements to a multidimensional
embedding space, have been proposed. The object is that when two elements are from the same
speaker, the Euclidean distance between the two embeddings is small, while when two elements are
from different speakers, the distance is otherwise large. One commonly used method is to extract
embeddings from a hidden layer in a deep network for classification. However, the class-based
method is not suitable for this embedding task, because 1) there are a large amount of speakers in the
world, thus obstructing well-defined class labels, 2) there are not enough and uniform data in each
class to be trained in the training procedure, 3) it is not easy to generalize the model to new classes if
they are not included in the training data. Therefore, we compare the other two embedding methods
that utilize class connection of elements in [10] and [11], and implements the better method in our
system.

For deep clustering model in [10], after data preprocessing procedure, the feature matrix X of
segments is obtained from raw audio data. Each row of X is the feature vector of each element in
the segment. Because the audio stream is sequential data, bidirectional LSTM, one robust variant of
RNN, can be utilized in this case. There are four bidirectional LSTM layers, one fully connected layer
and one normalization layer in the deep network architecture, and TanH is chosen as the activation
function. The output of deep network is V ∈ RN×K , each row of which is the learned K-dimensional
unit-norm embedding of each element. At training time, parameters θ in the network are updated
according to the derivation of loss function:

C(θ) = |V V T − Y Y T |2W

=
∑

i,j:yi=yj

|vi − vj |2

di
+

∑
i,j:yi 6=yj

(|vi − vj |2 − 2)2

4
√
didj

−N (1)

where the matrix Y ∈ RN×C is an indicator whether an element belongs to a class (speaker), to be
specific, the entry yn,c = 1 when n-th element is in class c, otherwise yn,c = 0, and vi and yi are
the i-th row of matrix V and Y . And in the formula, | · |2W is defined as a weighted Frobenius norm,
in which W = d−

1
2 (d−

1
2 )T and d = Y Y T 1. In order to decrease the loss function, the distance

between vi and vj will converge to 0 if i-th and j-th elements are in the same class, or will converge
to
√
2 otherwise, which meets our goal above.
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For deep speaker model in [11], the deep network architecture and the loss function are different from
[10]. Because of CNNs’ effect in reducing spectral variations and modeling spectral correlations
and being inspired by the superior performance of ResNets [15], Residual CNN composed of four
residual CNN blocks, one fully connected layer and one normalization layer is designed as the deep
architecture. And the clipped rectified linear (ReLU) function is used as the activation function for all
of the layers. In addition, the triplet loss that takes in three samples is applied here. For every triplet
i, the feature vectors of an anchor segment xai , a positive segment xpi from the same speaker and a
negative segment xni from a different speaker are put into the deep architecture, and accordingly the
embeddings vai , vpi and vni are obtained. We intend to make updates to increase the similarity of the
anchor and the positive segment and decrease the similarity of the anchor and the negative segment.
The loss function for N triplets is:

C(θ) =

N∑
i=0

max(sani − s
ap
i + α, 0)

=

N∑
i=0

max(cos(vai , v
n
i )− cos(vai , v

p
i ) + α, 0)

(2)

where sani is the cosine similarity between the anchor and the negative segment, sapi is the cosine
similarity between the anchor and the positive segment and α is a defined minimum margin. To even
make the model better, softmax pre-training is applied to initialize the weights in the model, because
the cross entropy loss can converge more stably than the triplet loss.

4.1.2 Clustering

Since audio elements from the same speaker are close to each other in the embedding space, traditional
clustering methods are leveraged to cluster elements into groups, which represents a decoder to assign
elements to speakers. There are various kinds of clustering algorithms such as centroid models and
connectivity models. In these models, the typical representative algorithms are K-Means, which
partition elements into clusters with minimum mean of distances. Given an audio meeting record,
the number of participants in the meeting room may be not known in advance. In other words,
it’s ambiguous to choose the correct k for K-Means. In order to address the challenging task, two
practical solution can be utilized here. Wk is defined as the summation of L2 distance between every
element and the center point of its cluster:

Wk =

k∑
l=1

∑
i:C(i)=l

||xi − cl||2 (3)

If the graph of Wk against the number of clusters is plotted, the elbow point, which means when
x-coordinate becomes larger, the change of y-coordinate becomes much smaller, can be chosen.
Therefore, an appropriate number of clusters is determined.

4.2 Speech Recognition Component

In addition to cluster people’s speech, we will also recognize people’s speech. we will call existing
API to complete this part of task, such as the pre-trained models in PyKaldi, and combine with result
of clustering system and recognition system to record the content of meeting. We may design our
own model to recognize speech if we perfectly complete the clustering job.

5 Experiment Setup

5.1 Dataset and Pre-processing

We run speaker identification experiments for both methods on an English Speech dataset called
LibriSpeech. The details of the dataset are given as follows:

• It is prepared by Vassil Panayotov assisted by Daniel Povey. It is collected from audiobooks
from the LibriVox project.
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• Table 1 lists information about the number of speakers and hours of speech for training and
testing dataset.

• Training-clean-360 consists of 921 speakers, among whom 439 are female and 492 are male,
and 363.6 hours of speech. On average, each speaker speaks 25 minutes.

• The evaluation partition, testing-clean comprises 40 speakers with half female and half
female. It comprises 40-hour speech. Each speaker talks 8 minutes on average.

spkr female male hrs min/spkr

training-clean-360 921 439 492 363.6 25
testing-clean 40 20 20 5.4 8

Table 1: LibriSpeech Dataset

To construct the final training data for the model, we randomly join two speakers’ speeches to form
dialogue. Each file in the training set is a wav file consisting of two speakers each saying one sentence
one after the other. The dialogue is randomly formed and we did not pay attention to genders or
length of each speaker’s talking.

When constructing the testing data, we pay special attention to gender-balance. One third of the
testing files consisting only male speakers and another one third comprising only female speakers.
The rest of one third is mixture of both female and male speakers.

For both training and testing data, we partition the data files into small segments and use each segment
as the input X for the model.

5.2 Baseline

To determine whether we should use embedding and which embedding methods are better. We use
K-means without any other layers as baseline methods. There’s no training process for the baseline
method. Raw input file was split into segments and we directly conduct K-means on these segments.

5.3 Training Methodology

For deep speaker model, the final input data were constructed by randomly picking one anchor
positive sample and 99 negative sample globally for each anchor, called "pair". Audio is converted
then to 64-dimensional Fbank coefficients, normalized to have zero mean and unit variance. As
stated in section 3, deep speaker model is trained in two stages: softmax pre-training and triplet loss
fine-tuning. In both stages, SGD was used with 0.99 momentum, with learning rate ranging from
0.05 to 0.005. The model is pre-trained for 10 epochs using minibatch of size 64 and fine-tuned with
triplet loss for 15 epochs with minibatch of size 128. In each epoch, we re-shuffle the training pairs.

For deep clustering model, the final input data were the segments themselves. Deep clustering model
is trained with BLSTM with loss function and architecture stated in Section 4. In the training stage,
SGD was used with 1e-4 learning rate. The model is trained for 15 epochs using minibatch of size
128. In each epoch, we re-shuffle the training data.

6 Experiment Results

6.1 Embedding Comparison

First, we compare whether it is good to have embedding. Figure 1 shows the t-distributed stochastic
neighbor embedding for no embedding, embedding with deep clustering model and embedding
with deep speakers model. The input data for no embedding TSNE is the original feature vectors.
Embedding with the model is the embedding results on the original feature vectors. From the figure
we can see in general, embedding is better than no embedding and the deep speaker model performs
better than deep clustering model.
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Figure 2: Visualization of input features before training

Figure 3: Embedding Visualization for three speakers data(two males and one female), accuracy =
78/80
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Figure 4: Elbowcurve for three speakers data

Figure 5: Embedding Visualization for two speakers data(one male and one female), accuracy =
133/137
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Figure 6: Elbowcurve for two speakers data(one male and one female)

Figure 7: Embedding Visualization for two speakers data(two male), accuracy = 204/212
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Figure 8: Elbowcurve for two speakers data(two male)

6.2 Gender Distribution

6.3 Determining the Number of Speakers (K)

7 Conclusion

Our project goal is to build a meeting record system which can automatically identify the speakers
and record their speeches. So far, we have looked over some relative work and understanding
the mathematical principle of methodology we will use in our model. And we will leverage the
best architecture and determine the unknown number of speaker to outperform the previous model.
We are currently working on mixtures of two people, finishing the dataset construction and data
preprocessing. Our current mission is to write embedding code and train with different structures.
Our future work includes evaluation and extension of dataset to mixture of 3 or more speakers.
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