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ABSTRACT
This paper proposes a method to improve statistical spoken dialogue systems and specifically it aims to provide a way for early
detection of unsuccessful dialogues using the audio stream. If an
interaction is predicted as unsuccessful, this information could be
used to update the policy or to forward the call to a human agent. A
dataset of interactions between Amazon Mechanical Turk workers
and a statistical spoken dialogue system is used. A total of 702
dialogues are recorded. Then, mel-frequency cepstral coefficients
(MFCCs) are extracted from the user’s speech signal, forming a
“feature image” which is then given as input to a convolutional
neural network comprising of 9 layers. The reported accuracy is
94.7%, and the system manages to predict that a dialogue will be
unsuccessful for the 97.9% of the cases. With respect to accuracy,
there is an improvement of 17.2%, compared to our previous work
on predicting dialogue quality. We observe that for our task, convolutional neural networks can model temporal correlations given
context information and that the cepstral domain is a useful and
compact representation for convolutional neural networks.
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1

INTRODUCTION

Statistical Spoken Dialogue Systems (SDS) form a very active research area due to their many applications, such as phone banking,
tutoring, assisted living, intelligent virtual agents, human-robot
interaction, health care, and speech-driven interactive mobile applications. However, one major roadblock in SDS prototyping is
the significant effort required for estimating the performance of a
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dialogue system. For example, dialogue success is difficult to determine, since real users are often unwilling to extend the interaction
in order to give feedback or they do not even have a clear target
into mind when interacting with the SDS. Using crowd-sourced
subjects and then asking for their subjective rating has also proven
to be problematic with respect to consistency [8] [25]. To overcome
those drawbacks an innovative way of predicting success in spoken
dialogue systems using the audio channel of the user is introduced.
To the best of the authors’ knowledge there has been no research
towards the direction of exploiting the audio channel per se for
predicting dialogue quality, although there are some studies that
propose the use of the emotion of the speech an indirect quality
measure [18]. Most efforts within the quality evaluation community
are towards defining user satisfaction metrics [32] or estimators of
the dialogue performance [5]. Regarding the means to achieve the
aforementioned quality estimation, researchers have resorted to
the use of dialogue features, such as speech acts [33] or belief state,
act, and turn-level features [24] [29] or linguistic features [23]. In
all those cases, the audio channel is neglected altogether.
However, the invaluable contribution of the audio channel towards the improvement of SDS experience can be seen in previous
works that exploit the audio channel, although with alternative
objectives, outside the scope of predicting dialogue success. For
example, the system in [6] uses pitch, energy and duration features
to discriminate between 8 dialogue acts. The ultimate aim is to
understand the structure of spoken language. In [4], prosodic and
timing features are used to understand dialogue structure. In an additional work [26], prosodic and spectral features are used to detect
sarcasm aiming to create a dialogue agent that is able to understand
sarcasm. Additionally, phonetic distances have been used in [16]
to locate repetition as a symptom of problematic communication.
More recently, the authors of [14] calculated the mean intensity, jitter, shimmer, noise to harmonic ratio and speaking rate. Then, they
matched the Text-to-Speech output to the input for each feature
and showed that the synthesised English speech was better liked.
In all those works, the speech signal has been used to augment the
statistical SDS’ efficiency.
Using the audio channel for predicting the dialogue success has
distinct advantages, namely:
• it introduces no overheads. The user is interacting with the
system anyway. So, subsequent errors due to problematic
subjective ratings are avoided.
• speech signals properties are not dependent of the subject
of the conversation for the case of information seeking (also
known as slot-filling) problem, i.e. they are domain-independent;
so there is no need or cost to retrain the proposed system
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Figure 1: A typical statistical SDS architecture.
in order to use it to a different domain, for example to move
from hotel booking to sales.
• it is not affected by the size, defined as the number of actions
and slots of the SDS in hand
• acoustic feature computation may introduce no overheads,
since a plethora of such features are computed for ASR anyway.

In the work presented here, the detection of unsuccessful dialogues is done by feeding Mel-frequency cepstral coefficients
(MFCCs) of the user’s utterance to convolutional neural networks
(CNNs). A total of 702 dialogues are used, 70% of which are used for
training and the rest 30% for testing. Those dialogues are collected
using a statistical SDS which interacts with users through Amazon
Mechanical Turk [1]. The aim is to locate the unsuccessful dialogues [13] [31] as early as possible, since that would be of practical
meaning to real-world applications, so as to forward to a human
agent for example or to update the policy to ask for alternative
information for instance via implementing a user model [15] or for
updating the reward function. Also, if a dialogue is detected not to
be progressing effectively, other parts of ths SSDS, other than the
policy can be updated. For example, the NLG may be more detailed
or the TTS can be adapted to the user, thus exhibiting entainment
[14]. To achieve the early intervention, just the first 5 turns are
retained. From those turns, MFCCs are extracted and then concatenated to form a matrix of 12 (coefficients) x 5 (turns). Those can
be seen as “feature images”, which are then fed as input to CNNs.
The latter neural networks have proved to be efficient initially for
image processing tasks, [11] [28] [30], whereas lately also their
suitability for audio classification problems has been studied [2] [3]
[9] [21] [27]. The CNN architecture chosen for this paper includes
two convolution layers and one max-pooling layer. A final overall
accuracy of 94.7% is reached, whereas 97.9% of the unsuccessful
testing calls are classified correctly.
The rest of the paper is organised as follows: in Section 2 a
description of the research question is given along with the details
of the dataset we study and then in Section 3 the extracted features
along with the CNN architecture is detailed. Results are presented
in Section 4; conclusions and future work are detailed in Section 5.

2 PROBLEM FORMULATION
2.1 Research Question
A typical statistical SDS architecture can be seen in Figure 1. In
conventional systems, the speech signal is used just for Automatic
Speech Recognition (ASR) transcription and then it is discarded.
What this paper proposes is an alternative exploitation of the speech
signal: a system that takes as input acoustic features, extracted
directly and real-time from the user’s speech and produces as output
a prediction on whether the dialogue at hand will be unsuccessful.
This is depicted by the blue line in Figure 1.
In specific, the aim is to predict well in advance when a dialogue
will be a failure. Here with failure we mean that either i) the user
hanged up, or ii) the interaction reached the maximum number of
turns, that is 30 for this specific scenario, or that iii) the retrieved
item is not one that complies with the set of preferences given to the
user for the specific dialogue. Accordingly, here success is the task
success and not related to the user satisfaction. By predicting the
unsuccessful dialogues, interactions that are predicted to fail can be
handled in a different way, as explained in the Introduction Section.
The concern is on predicting the unsuccessful dialogues, rather that
the successful ones, since the unsuccessful dialogues demand an
intervention. That is, the cost of misclassification between the two
categories is not the same. Also, an early intervention is speculated
to increase more the user satisfaction, rather than a late one. For that
reason, we decided to use just the first few turns of each dialogue.
An additional advantage of retaining more than one turns is related
to the system’s ability to recognise recovery from error. Training
over a number of turns, rather than just one turn, is more possible
to lead to a system that learns to identify cases when a failed turn
recovery is possible. The number of turns is determined by the
histogram presented in Figure 2, where the blue bars correspond to
the case of successful and the red ones to the case of unsuccessful
dialogues. It can be deducted from Figure 2 that not all the turns
have the same information burden for predicting the success. The
median number of turns is 6 and distribution of the number of
call is left-skewed, with a limited number of calls having a high
turn number. In addition, the calls that have more than 5 turns are
mostly unsuccessful. In fact, the median number of successful turns
is 5. For all those reasons, we retain just the first 5 turns.
So, the research question is whether or not the first 5 turns can
be predictive of the dialogue failure.
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Dataset

The dataset consists of 702 spoken dialogues between humans and
a statistical SDS. The users were recruited via Amazon mechanical
turk. The interactions of the Amazon mechanical turk workers concerned finding appropriate Toshiba laptops. Each person, therefore,
was given a set of preferences, as can be seen in upper part of Tables 1 and 2. Regarding the Toshiba laptop ontology it comprises 6
informable slots with a mena of 3 values per slot, and 3 requestable
slots. The person then interacted with the dialogue system until
the item was retrieved or until the person decided to hung up. The
dialogue is deemed successful if the Toshiba laptop retrieved at the
end of the interaction meets the criteria originally presented to the
user. An example of a successful dialogue can be seen in Table 1,
whereas the case of an unsuccessful dialogue is demonstrated in
Table 2. Regarding the technical details of the audio files, they are
stored in a wave format, the sampling rate is 16KHz, and the bit
rate is 256kbps mono.
Criteria: You want a laptop for business use that has a standard
battery rating. Make sure you get its weight, and its dimension.
System: Hello, I am here to help you find a suitable laptop.
Now please tell me your requirements.
User: Eh rm...
System: Sorry, I can’t hear you.
User: I want a laptop for business use with standard battery.
System: Satellite Pro C70-B-34L is a very good computer for
business computing. It has a standard battery.
User: What is the weight?
System: The weight of Satellite Pro C70-B-34L is 2.7 kg.
User: What is its dimension?
System: Satellite Pro C70-B-34L is a well designed computer,
it’s diagonal is about 19.4 inches.
User: Rm...
System: Satellite Pro C70-B-34L is a very good computer for
business computing.
User: Thank you, good bye.
Table 1: The transcript of a dialogue between an Amazon
mechanical turk worker and the statistical SDS for the case
of a successful dialogue.

Unsuccessful

2.2

Successful

Figure 2: Overlaid histograms of the number of turns for successful and unsuccesful dialogues.

Criteria: You want a laptop that has a large hard drive and an
exceptional battery rating. You don’t care the purpose of use
of the laptop. Make sure you get its weight, and its dimension.
System: Hello, I am here to help you find a suitable laptop.
Now please tell me your requirements.
User: I want an expensive laptop with a large hard drive.
System: Model number A-15N in the Portege family R30 series,
is a very good computer. It has a five hundred GB hard drive,
and its price is £1070.
User: And what is its weight?
System: Model number A-15N in the Portege family R30 series,
is a very good computer. It has a five hundred GB hard drive,
and its price is £1070.
User: How much does it weight?
System: The price of A-15N Portege is £1070.
User: What is its weight?
System: Portege-R30-A-15N, is a very good computer. It has a
five hundred GB hard drive, and its price is £1070.
User: How much does it weight?
System: The price of A-15N Portege is £1070.
User: Thank you, good bye.
Table 2: The transcript of a dialogue between an Amazon
mechanical turk worker and the statistical SDS for the case
of an unsuccessful dialogue.

Figure 3: Example “feature images”: the MFCC heatmaps for
the first 5 turns. The x axis of each heatmap is the number
of turn; there are 5 turns depicted. The y axis of the heatmap
is the number of MFCC; the first row corresponds to MFCC
1 and the last one to MFCC 13. In this figure, the top row is
for the unsuccessful calls and bottom row for the successful
ones.

3

METHOD

To tackle with the research question of whether or not the speaker
utterances derived by first 5 turns can be predictive of the dialogue
failure, we propose to extract low level audio features which are
then feed as input to neural networks, specifically convolutional
neural networks (CNNs). In specific, we extracted 13 MFCCs. For
the MFCC implementation we used the Auditory Toolbox [22], with
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• An input layer of size 13 x 5.
• A convolution layer of 100 filters (or feature maps) of size 2
x 2.
• A rectified linear unit (RELU) layer
• A pooling layer of size 4 x 2.
• A convolution layer of 100 filters of size 3 x 2.
• A RELU layer
• A fully connected layer with an output size of 2.
• A softmax layer
• A fully connected layer with an output size of 2 (as is the
number of classes).
This architecture can be graphically seen in Figure 4. Regarding the pooling layer, it performs max pooling and the stride is
4 x 2. Regarding the options for training the neural network, stochastic gradient descent with momentum is used as the learning
algorithm, the learning rate is 0.02 the batch-size is set to 200, and
the maximum number of epochs is 5000.

4

EXPERIMENTAL RESULTS

We used the aforementioned 702 dialogues, 70% of which are used
for training and the rest 30% for testing. The size of the corpus is
not large, however, this paper aims to serve as a proof of concept
and we are currently working actively towards collecting more
data. This is neither trivial nor low-cost. The dataset in unbalanced,
with 90% of the dialogues being unsuccessful and the remaining
10% successful. This can be attributed to i) the challenging nature

Input
layer
13x5

2x2 conv, 100

3x2 conv, 100

RELU

RELU

FC(2)

max-pooling 4x2
stride 4x2

softmax

FC(2)

Output

Figure 4: The proposed CNN architecture: 9 layers.
Table 3: Confusion matrix for the CNN using the 13 x 5
MFCC “feature images” when considering the first 5 user utterances.

True
outcome

a 512-sample FFT, 256-sample window, and the lowest frequency at
133.33 Hz. The use of MFCCs is a classic choice in speech processing,
and specifically for the human-machine dialogue case [7] [12] [17].
For each utterance we then retain the average value for each MFCC
coefficient over time. Averaging is a first solution; in the future
we are aiming to use more sophisticated feature summarisation
techniques, that construct the feature space automatically, such as
evolutionary algorithms. However, even just the simple averaging
can still provide basic information about changes in speaking style.
For example, it can detect a change in the frequency bands utilised,
which can be indicative for example of an user that is becoming
impatient. Also, a magnitude increase can be suggestive of a user
that is becoming angry, or bored, if a decrease is observed. Additionally, this feature can facilitate capturing the increase in the arousal
among successive utterances, where an abrupt change among successive utterances can be an indicator of a communication problem.
We then produce “feature images” by creating a matrix of 13
mean MFCCs along the 5 first turns. Accordingly, those “feature
images” have a size of 13x5. For visualisation purposes, those 13x5
feature images are presented as heat-maps in Figure 3 for both the
case of unsuccessful (top row) as well as the successful (bottom
row) calls.
Those “feature images” are then fed as input to CNNs. By using
a CNN we aim to find a structure to those “feature images”. Convolutional deep neural networks have consistently shown more
robustness to noise and background contamination [19]. One more
natural advantage of using CNN is that it’s invariant against translations of the variations in frequencies.
Here, the CNN is developed on Matlab Version 2016b (The MathWorks). Specifically, the architecture we resorted is:
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Unsuccessful
Successful

Predicted outcome
Unsuccessful Successful
185
4
7
12

of the dialogue management task and ii) to the fact that parts of
the dataset were built with an suboptimal policy (that was then
improved via interaction with the user). Care was taken so that
the ratio of 90%/10% unsuccessful/successful dialogues is retained
in both the training and the test set. Dialogues are selected in a
random manner. This is in line with the purpose of the paper to
detect the unsuccessful dialogues that need intervention, rather
than discriminating between successful and unsuccessful ones. To
address the problem of imbalanced dataset, we followed the advice
found in the literature [10]: several figures-of-merit are reported, so
as to capture as many aspects of the system performance as possible;
the focus is on detecting just one class (the unsuccessful calls); and
the balanced case is reported (through random sub-sampling) for
the standard experimental configuration.
The confusion matrix when using the MFCC “feature images”
for the first 5 user utterances as input to CNNs described by Fig. 4
can be seen in Table 3. The overall classification accuracy is 94.7%,
F 1 measure is 68.6% whereas for the case of unsuccessful dialogues
97.9% of the testing calls are classified correctly and the remaining
2.1% is predicted as successful. For the case of successful dialogues,
although this is not the focus of this work, 63.2% of the cases are
correctly classified and the remaining 36.8%, although successful is
predicted as unsuccessful. If we reduce the test set to make it balanced, so as to have the same number of unsuccessful and successful
calls, then accuracy equals 71.1%. Given the nature of this work,
that is i) to early detect an interaction that will be unsuccessful and
ii) it’s better to predict and successful call as unsuccessful rather
than vice versa, the presented results are promising. Commending
on the number of layers of the CNN, the proposed architecture was
found to be the more efficient. Addition of more convolution layers
led to performance degradation.
A second set of experiments took place to examine the case
of using less user turns, that is producing predictions using less
data. In this case, two sub-cases are identified: in the first case, we
consider only using the user turns 1 to 3 and for the second case the
turns 3 to 5. Accordingly, the size of the “feature images” reduces
from 13 x 5 to 13 x 3 for both cases. The rest of the experimental
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Predicted outcome
Unsuccessful Successful
182
7
9
10

protocol remains the same, besides the CNN architecture that has
to be slightly modified so as to accommodate the updated input
size. The difference with the one presented in Figure 4, is that the
second convolution layer has a size of 2 x 2; and the pooling size is
4 x 1 instead of 4 x 2, since less turns are available.
When the first 3 turns are considered, the confusion matrix can
be seen in Table 4. The overall classification accuracy is 92.3% and
F 1 measure is 55.6%. For the case of unsuccessful dialogues 96.3%
of the testing calls are classified correctly and the remaining 3.7%
is predicted as successful. It can be deducted that when the first
3 user turns are exploited instead of the first 5 ones, there is a
relatively small drop of 1.6%, in the accuracy of correctly predicting
the unsuccessful calls.
When the last 3 turns are considered, that is the turns number 3,
4 and 5, the confusion matrix can be seen in Table 5. The overall
classification accuracy is 94.2%, F 1 measure is 68.4%, whereas for the
case of unsuccessful dialogues 96.8% of the testing calls are classified
correctly and the remaining 3.2% is predicted as successful. When
the last 3 user turns are taken into account instead of the first 5 ones,
there is a relatively small drop of 1.%, in the accuracy of correctly
predicting the unsuccessful dialogues. Overall, it can be deducted
that it is feasible to reduce the number of turns taken into account,
here from 5 to 3, with a relatively small drop in the accuracy.
A third set of experiments refers to using less MFCCs. That is
based on the fact that the first 3 MFCCs as well as the last one seem
to obtain values that are almost the same for both unsuccessful
and successful dialogues. Accordingly, we want to test their discriminative power. If those coefficients are omitted, then the size
of the “feature images” reduces to 9 x 3, where 9 is the original
MFCCs minus the 1st, 2nd, 3rd, and 13th coefficients. The rest of
the experimental protocol remains the same, besides the CNN architecture that has to be slightly modified so as to accommodate
the updated input size. Now the second convolution layer has a size
of 2 x 2. The respective confusion matrix can be seen in Table 6.
The overall classification accuracy is 92.3%, F 1 measure is 46.7%,
whereas for the case of unsuccessful dialogues 97.9% of the testing
calls are classified correctly and the remaining 2.1% is predicted as
successful. Compared to the previous case of using all the MFCCs,
it can be seen that using less MFCCs does not have an impact on
the case of unsuccessful dialogues, however, it has an adverse effect
for the case of successful ones. Given that MFCC computation is
not an expensive one and in many SDS systems such audio features
are computed anyway as part of the ASR, we propose to use the
larger “feature images” that contain all 13 MFCCs.
Let us note that although for this specific dataset we utilised
specifically the first 5 turns as a case-study, that is not to be the
case for a real SSDS. In that case, the turns window can slide over

True
outcome

Unsuccessful
Successful

Table 5: Confusion matrix for the CNN using the 13 x 3
MFCC “feature images” when considering the last 3 user utterances.

Unsuccessful
Successful

Predicted outcome
Unsuccessful Successful
183
6
6
13

Table 6: Confusion matrix for the CNN using the 9 x 5 MFCC
“feature images” when considering the first 5 user utterances.

True
outcome

True
outcome

Table 4: Confusion matrix for the CNN using the 13 x 3
MFCC “feature images” when considering the first 3 user utterances.

Unsuccessful
Successful

Predicted outcome
Unsuccessful Successful
185
4
12
7

the dialogue and produce results as the the dialogue evolves. So,
for example, not only the turns 1-5 can be used to detect a problem
at the 5th turn, but also the turns 2-6, to detect a problem at the
6th turn, 3-7 to detect a problem at the 7th turn, 4-8 to detect a
problem at the 8th turn etc. The reason why for this specific work
we confined ourselves to the first 5 turns is the nature of the dataset.
As already stated, the dataset is a small one, collected not with the
optimal policy. Accordingly, as can be seen in Figure 2, there were
not many dialogues where we could consider for example turns 4-8.
However, this is not a limitation, and the method can be applied
over a sliding window along the dialogue.
Comparison with previous work is not available, due to the
novel area of this study. To the best of the author’s knowledge,
the only previous attempt has the one made by the authors of this
paper in [20]. In the case of [20], a larger dataset of 1456 calls was
used. However, here we had to select the 702 calls that included at
least 5 turns. In [20], instead of the first few turns, all the available
user turns are taken into account. Moreover, the audio features are
the root mean square and the pitch, for both of which statistical
properties are extracted, such as mean, minimum, maximum. To
take context into account, additional features between consecutive
turns are calculated as well. The best performing classifier is the
Gaussian Process Reggressor and the respective accuracy equals
77.5%. Accordingly, the proposed system accomplishes an absolute
17.2% improvement for the case of 13 x 5 MFCC “feature images”.
To discuss the limitations of this work, this system refers to a
slot-filling dialogue system that works on one specific domain, here
Toshiba laptops. Although it is expected to be transferable to other
slot-filling problems, such as hotel search or flight booking, the case
of an open-domain system will possibly require a more complex
adaptation, such as noise reduction, use of a greater number and
more diverse audio features and a dynamic number of turns to be
taken into account.

5

CONCLUSIONS AND FUTURE WORK

This paper tackles with the novel area of predicting if a statistical
SDS will fail, using only the first few user utterances. The problem
of estimating the accuracy of a dialogue system is an active research
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area, however, to the best of the authors’ knowledge, there is no
other research group that uses directly and exclusively the audio
channel. Specifically, we constructed “feature images” of consecutive MFCCs that were then given as input to CNNs. A high accuracy
of correctly predicting 97.9% of the testing calls as unsuccessful
is reported. It has also been shown that the system can produce
reliable results, even with less context, i.e. less user utterances. Thus
informative decisions can be made with as few as just 3 turns.
In the future, we plan to exploit a larger audio dataset. Given that
our SSDS is becoming more efficient, we expect to have a better
balanced dataset, to avoid over-fitting as well. We also aim to use
spectral domain features such as linear frequency spectograms or
mel spectrograms, since those are a natural fit for CNNs in terms
of natural interpretation and frequency discrimination. Finally, we
aim to incorporate the unsuccessful call prediction to the policy
manager to find a new way to optimise the system act, in case that
the call is predicted to be unsuccessful. Also, we plan challenge
our target value, that is the successful or unsuccessful dialogue and
examine the case of more fine-grained classes, i.e. the degree of
success. Additionally, one way to go forward is to take into account
not only the dialogue success, but also the user satisfaction.
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