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Abstract. Abstract. This paper deals with the clustering task for Russian texts
obtained using automatic speech recognition (ASR). The input for processing are
recognition result for phone call recordings and manual text transcripts for these
calls. We present a comparative analysis of clustering results for recognition texts
and manual text transcripts, make an evaluation of how recognition quality affects
clustering and explore approaches to increasing clustering quality by using stop
words and Latent Semantic Indexing (LSI).
Keywords: clustering, speech-to-text, recognition result clustering, Latent Se-
mantic Indexing, information retrieval, stop words

1 Introduction

The development of Internet communication and multimedia raises the issue of search-
ing and structuring data not only in textual form, but also in the form of sound recordings,
graphics and video. Spoken content retrieval is becoming increasingly important and this
fact motivates extensive research on techniques and technologies in this area [1]. There
are two approaches to solving this task. The first one involves transforming speech into
text and further processing of text data. The second one is based on analyzing the acous-
tic signal itself without preliminary transformation of speech into text [2]. This paper
uses the first approach.

Our aim is to group together documents that are thematically close, and to classify
documents on different topics into different groups. We explore possible approaches to
clustering Russian data produced by a speech-to-text system.

Our results demonstrate an extremely small influence of recognition word error rate
(WER) of about 20–35% for Russian database. For clustering algorithms we also found
a substantial improvement in clustering quality if high-frequency words, excepting
context words (keywords) are removed.

In natural language processing it is common to use methods for detecting and using
latent features of documents, for instance, Latent Semantic Indexing (LSI) [3]. We
explored the possibility of improving clustering quality by means of LSI for a database
of near-spontaneous speech with a large overlap of high frequency words between
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documents. We demonstrate that using LSI leads to an improvement in the results of
the EM (Expectation Maximization [4]) clustering algorithm but does not make much
difference for k-means [5]. This fact shows that using LSI does help to detect latent
features, however the overlap between clusters is retained in the semantic space built
using LSI.

2 The Goal of the Research

The goal of our research is to explore and evaluate different approaches to the task of
clustering Russian texts produced by speech-to-text conversion (namely, k-means [5]
and the EM (Expectation Maximization) [4] algorithms), as well as to estimate the
influence of recognition quality (100% versus 80–65%) on clustering results. We used
the implementation of these algorithms provided by the WEKA library (http://www.
cs.waikato.ac.nz/ml/weka/).

Our choice of algorithms was determined by the fact that k-means and EM are both
classical iterative optimization algorithms whose results depend on their initialization.
EM is less sensitive to mutual cluster overlapping than k-means, while k-means can
work more efficiently if clusters are separated well. Next task was to evaluate the
possibility of improving the results of each algorithm using LSI and a domain dependent
list of stop words.

We speculated that LSI would detect latent features in the documents, which would
make it possible to better identify thematically close documents. The stop list was
expected to help remove high-frequency words that did not define the topic and could
be treated as noise.

3 Experimental Data

A speech dataset was collected for the purposes of the research. The dataset consists of
spontaneous speech recordings (8kHz sample rate) recorded in different analogue and
digital telephone channels. The recordings were provided by Speech Technology Center
Ltd (www.speechpro.ru) and contain customer telephone calls to several large Russian
contact centers. All test recordings have manual text transcripts. In order to be able to
evaluate clustering quality, the test dataset was manually labeled with the most frequent
call topics. Each text document that contained a transcript of a call was analyzed by
three experts. In difficult cases the decision of attributing the text to a certain topic was
made by vote. The experts could attribute the text to one or several thematic categories
out of the list they were provided with. Only the recordings that were attributed to a
single topic by the majority of experts were later used for the test dataset.

As a result, we obtained a dataset of manually prepared text transcripts of the speech
recordings, which were divided into five thematic clusters.

We used the speaker-independent continuous speech recognition system for Russian
developed by Speech Technology Center Ltd [6,7] which is based on a CD-DNN-HMM
acoustic model [8]. The ASR system included interpolation of a general language model
(LM) trained on a 6GB text corpus of news articles (300kwords, 5 million n-grams) with
a thematic language model trained on a set of text transcripts of customer calls to the
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contact center (70MB of training data, the training and test datasets did not overlap).
We used Good-Turing smoothing (cutoff=1 for all orders of n-grams). Recognition
accuracy on the test dataset under these conditions was 80–65%. The recognition results
were used to create a second experimental dataset, which corresponded to the same
sound files as the first one but contained texts that were produced by using an automatic
(rather than manual) speech-to-text transformation with recognition accuracy below
100%.

Table 1 contains a description of both datasets. Each text in the dataset is the
recognition result for one short phone call, which is a text of small length. This means
that we are faced with the short text clustering task and it becomes difficult to gather
enough statistics to improve text processing [9,10].

Table 1. Text datasets

4 Text Pre-processing and Stop Words

Text pre-processing included lowering the case of all characters, removing punctuation
marks and deleting words that were found in fewer than three documents (collection
size 186 documents). We expected that this would remove words specific to a particular
speaker, as well as incorrectly recognized words. The experiments confirmed that using
this threshold improves clustering quality.

Stop words. Manual text analysis showed that most texts contain the same high-
frequency words and phrases, which carry no information about the clusters topic. For
instance, all texts contain greetings, goodbyes and thanks, as well as common function
words. Although the clusters are well segmented thematically (they do not belong to
similar topics), such uninformative words can introduce a lot of noise in the texts that
need to be clustered, and lead to high cluster overlapping. Table 2 shows the top 20 most
frequent words for each cluster. Words that carry information about the cluster topic are
given in bold.

These words are high-frequency expressions that are not informative and do not
refer to the contents of the document. We created a frequency lexicon using both the



Automatic Speech Recognition Texts Clustering 492

Table 2. Demonstrates the high rate of cluster overlap for common words

manual transcripts and the recognition results, after which an expert selected high-
frequency common function words from the lexicon and added them to the stop word
list. Removing stop words was expected to facilitate thematic clustering.We should note
that the list of high-frequency words was analyzed by an expert, and some words from
it were not added to the stop list. It is important because the call transcripts contain few
context words that reflect the topic. Deleting context words (such as “pensija” (pension),
“deti” (children), “dorogi” (roads)) deteriorates clustering quality, which cancels out the
effect of stop word removal. For this reason, adding all high-frequency words to the
stop list does not improve clustering quality (experiment result), and the list needs to be
edited by an expert.

5 The Algorithms

We use two algorithms that are well-known in the field of information retrieval:
k-means [5] and EM [4], in the implementation provided by the WEKA library. To
define the feature space we used the dataset lexicon obtained after text pre-processing.
Each document was represented as a vector in the obtained feature space. The weight
of the feature (word) in the document was estimated using tf-idf [11]. Both clustering
algorithms were given input information about the number of clusters, which equaled 5.
For k-means, we used the value 1−(cosine of the angle between document vectors [11])
to calculate the distance between documents. For EM, we set the minimum allowable
standard deviation 1.0E-6 and the maximum iteration number as 100.
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6 Evaluation

We used the classic clustering quality estimate based on combining information about
the cluster Precision and Recall [12,13], F-measure, we will sign it as F M :

F M =
∑

i

Gi

|D| maxj
Fi j , where Fi j =

2 · Pi j · Ri j

Pi j + Ri j
,

Pi j =
|Gi ∩ C j |

|Gi | , Ri j =
|Gi ∩ C j |

|C j | ,

(1)

G = {Gi }i=1,m is an obtained set of clusters, C = {C j }j=1,n is set of classes, defined
by experts, D – number of documents in the collection.

7 Experiments and Results

All experiments were performed on two versions of the same data collection: one
contained manual transcripts, the other contained recognition results (with 80–65%
recognition quality, see the description of the data in Section “Experimental Data” and
in Table 1).

7.1 Experiments Group 1

For these experiments, all documents were pre-processed without removing stop words.
Then the documents were clustered using k-means and EM algorithm. We also tested
the possibility of improving clustering quality by using LSI, due to mapping the feature
space to a lower dimensional semantic space.

7.2 Experiments Group 2

In this group of experiments, all documents were pre-processed and stop words were
removed. Then the documents were clustered using k-means and EM algorithm. In these
experiments we also tested the possibility of improving clustering quality by using LSI.

7.3 Results

For the Group 1 experiments we obtained the following results. Table 3 shows clustering
results for k-means and EM for the experimental conditions without removing stop
words. Since both algorithms do not have a single constant result and depend on the
initial solution, we performed 100 tests for each algorithm. For each test, we estimated
clustering quality using the FM (1). We then chose the highest (max) and lowest (min)
score for each algorithm, and calculated the average score for all 100 experiments (avg).
Table 3 demonstrates two conditions: when LSI was not used, and when LSI was used
(for the case of the optimal choice of semantic space dimensions).
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Table 3. Clustering results for k-means and EM on the manual transcript dataset and recognition
results dataset with and without LSI. Stop words were not removed

Figure 1 shows how mapping the initial feature space onto a lower-dimensional
semantic space (LSI) influences clustering results. We selected space dimensions of 2
to 49. First diagram shows the dependency of the average clustering result (avg) for
both algorithms on the dimension of the semantic space. Next diagram shows the same
dependency for the best clustering results (max). Average FM=0.36 and maximum
FM=0.46 were chosen as baseline because these values reflect the algorithms results
without stop word deletion and LSI. Both diagrams show clustering result both for
manual transcripts and for recognized text.

For Group 2 experiments we obtained the following results. Table 4 demonstrates
clustering results for k-means and EMwhen stop words were removed, with and without
LSI. As in Table 3, we show the estimate for the best (max), worst (min) and average
(avg) clustering result over 100 tests.

Table 4. Clustering results for k-means and EM on the manual transcript dataset and recognition
results dataset with and without LSI. Stop words were removed
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Fig. 1. Dependency of clustering quality on LSI semantic space dimension. First: dependency
of the average score for 100 tests (avg). Next: best score (max). Ideal – result for manual text
transcripts, recognition – result for ASR results. Stop words were not removed

Figure 2 shows how using LSI and mapping the initial feature space onto a lower-
dimensional semantic space influences clustering results when stop words are removed
from the texts (2 to 49 dimensions). First diagram shows the dependency of the average
clustering result (avg) for both algorithms on the dimension of the semantic space. Next
diagram shows the same dependency for the best clustering results (max).

8 Discussion

Our results show that recognition quality has no strong influence on the k-means and
EM clustering results when comparing manual text transcripts and recognition results
with 80–65% accuracy. This shows that a decrease in recognition quality does not have
a strong influence on clustering if the accuracy is about 80–65% (it should be noted that
most data in the collection have recognition accuracy close to 80%).

Both algorithms show a similar result if we do not use stop word deletion and
LSI. Using LSI improves average clustering quality (avg) when stop words are not
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Fig. 2. Dependency of clustering quality on LSI semantic space dimension. First: dependency
of the average score for 100 tests (avg). Next: best score (max). Ideal – result for manual text
transcripts, recognition – result for ASR results. Stop words were removed

removed. However, for EM this improvement is practically stable on 2 to 49 –
dimensional semantic space, while for k-means the improvement is only observed
when the dimension is lower than 15; when the dimension increases further, clustering
quality begins to decline. This is probably due to the assumption that as semantic space
dimension increases, clusters begin to overlap more strongly. That has a negative effect
on k-means, which is more sensitive to cluster overlap than EM. K-means provides the
highest average score under the optimal semantic space dimension (avg FM=0.42 for
manual transcripts), however this value only slightly improves upon the best average
EM result (FM=0.41).

If we compare the best results (max) obtained with LSI, we observe a situation
similar to the average results (avg), although the difference in maximum results is more
pronounced than in average results.
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Removing stop words considerably improves k-means results, which illustrates
better cluster segmentation when a stop word list is used. EM results remain virtually
unchanged compared to baseline if we use stop words.

If we use both the stop word list and LSI we observe a steady increase in EM
results when semantic space dimension is increased (from 2 to 49). In case of k-means,
clustering results with LSI are worse compared to those without LSI, and the result
deteriorates steadily when semantic space dimension is increased. This is probably due
to the assumption that clusters overlap more in the semantic space than in the feature
space before its dimension decreases.

When we use both the stop word list and LSI, EM average result (avg) exceeds the
average result of k-means. The results for the best scores (max) when using both stop
words and LSI behave similarly to the average scores (avg). It should be noted that the
highest (max) clustering quality is reached when using k-means, stop word deletion and
no LSI (FM=0.58), which improves the EM result under the same conditions but with
LSI by 0.02.

To sum up, on average, the best results are demonstrated by EM when stop word
deletion and LSI are used.

9 Conclusion

Our research demonstrates that average clustering results of k-means and EM onmanual
transcripts and recognition results with 80-65% accuracy do not show a large difference.
Using a stop word list of high-frequency common function words (without context
words) leads to a substantial increase in k-means clustering quality if LSI is not used.
Removing stop words improves EM results if we use feature space mapping onto a
semantic space by means of LSI. In the latter case we observe stable improvements
in quality as the semantic space dimension increases from 2 to 49. The following
conclusions can be drawn from experiments. Using a list of stop words improves cluster
segmentation, which influences the performance of k-means and LSI. The use of the
latter improves the performance of the EM algorithm.

On average, the best results are achieved when using a domain dependent stop list,
LSI and the EM algorithm.
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