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Abstract:

In this paper, we study how aspects of a given database influence the performance of
different approaches to emotion recognition, we performed cross experiments on the spontaneous
dialogue database AVEC2012 and the dialogue database activated IEMOCAP. We have discovered
that there is generally more DIS-NV in spontaneous dialogue than in acted dialogue. We also found
complex variations in nonverbal vocalizations in spontaneous dialogue that were overlooked when
designing data collection through play. Based on the distributions of the characteristics of Global
Prosodic, the distribution of volume and the quality of the voice in the activated dialogue has wider
ranges of values than in the spontaneous dialogue, and there is more variation in pitch in the activated
dialogue than in the spontaneous dialogue. We found that the IEMOCAP database which noted
emotions at the expression level benefited less from the use of the LSTM model than the AVEC2012
database which noted emotions at word level. This indicates that the ability of the LSTM to model a
long-term time context may be more useful for emotion recognition tasks on a small time scale rather
than on a time scale large.
Keywords: SVM, DIS-NV, Cross-Validation, spontaneous and acted dialogue.

1. INTRODUCTION
Most of the earlier work on emotion recognition has focused on experiences using a single database)).
Only a few studies have carried out cross-experiments to test the robustness of the characteristics or
models proposed. Previous cross-studies on emotion recognition suggest that it is often difficult to
generalize the effectiveness of features and models in different databases, especially when the type of
dialogue is different. For example, Eyben et al. (2015b) carried out experiments on the 6 most used
emotion databases, and their results showed that the performance ranking of 7 sets of standard acoustic
characteristics varies considerably between the databases. Likewise, Schuller et al. (2010a) built an
SVM model with LLD functionality to detect binary excitation and valence, and tested the recognizer
of emotions in several databases, including spontaneous and active dialogue. The results of Schuller
et al. (2010a) illustrate the great influence of the type of dialogue and the difficulty of predicting
emotions in spontaneous dialogue. The investigation by Zeng et al. (2009) also highlighted the fact
that the emotions in the acted dialogue are more acoustically exaggerated than the emotions in the
spontaneous dialogue, which raises the question whether the performance of the emotion recognizers
trained in the acted dialogue can decrease considerably when applied to a more natural setting.
Therefore, they suggested collecting databases of more spontaneous dialogue emotions, which would
lead to emotion recognizers that could be better generalized to natural interaction scenarios.
1.1 Distribution of Emotion Annotations
To study the difference between spontaneous and acted dialogue, we compared the distribution of
emotional annotations in the spontaneous AVEC2012 database and the acted IEMOCAP database.
The AVEC2012 and IEMOCAP databases noted emotions with different patterns. The AVEC2012
database scored emotions at the word level, while the IEMOCAP database scored emotions at the
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expression level. We keep the annotation of emotions at the word level of the AVEC2012 database
when we study the distribution of emotions and perform emotion recognition experiments. However,
by studying the DIS-NV distributions and the acoustic characteristics, we reduced the sample of
AVEC2012 data from the word level to the expression level and plotted descriptive statistics at the
expression level for the two databases.
1.2 Distribution of Emotions in Spontaneous Dialogues
Figure 1 illustrates the distributions of the original continuous emotion annotations at the word level
in the AVEC2012 database. Figure 2 illustrates the distributions of the discrete emotion annotations
transformed at the word level in the AVEC2012 database. For each emotion dimension in Figure 2,
the three bars from left to right respectively represent the low (dark blue), medium (red) and high
(light blue) categories.
As we can see, for the emotional dimensions of excitement, power and valence, the middle category
is significantly larger than the other two categories of emotion. This indicates that the emotions in
spontaneous dialogue are soft or neutral most of the time, which is consistent with the previous finding
that strong emotions are difficult to induce in spontaneous dialogue. Another interesting observation
is that most of the data was rated as low or medium expectation, indicating that speakers often show
signs of uncertainty during spontaneous dialogue. This is consistent with the previous finding that
DIS-NVs are common in spontaneous, unscripted conversations. When compiling the AVEC2012
database, four virtual agents with different personality conceptions were used. Using Prudence, the
silent and neutral virtual agent, can increase the number of neutral or non-emotional data instances in
AVEC2012 database. The peak of the power and valence distribution located on the positive values
axis in Figure 1 also indicates that it is difficult to conceive of a credible virtual agent that induces
negative emotions in the participants.
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Figure 1:Word-Level Continuous Emotion Distribution on the Spontaneous AVEC2012
Database
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Figure 2: Word-Level Discrete Emotion Distribution on the Spontaneous AVEC2012
Database
1.4 Distribution of Emotions in Acted Dialogues
Figure 3 illustrates the distribution of emotion annotations at the level of the discrete expression transformed
in the IEMOCAP database. In Figure 3, the red bars represent the instructions collected by acting without a
hyphen and the blue bars represent the instructions collected by acting with a hyphen. The three columns
from left to right on each graph respectively represent the low, medium and high categories of each emotional
dimension. The y-axis in the figure is the percentage of the total number of data instances.
Compared to the distributions of emotions on the spontaneous AVEC2012 database (Figure 2), the categories
of emotions are more balanced on the IEMOCAP database played. This indicates the advantage of collecting
databases on emotions by acting, which means that the data is more balanced (Zeng et al., 2009). An
interesting observation is that there are fewer statements with low excitation or low power than statements
with medium and high excitation or power. This reflects the fact that when collecting the IEMOCAP
database, the game scenarios were biased towards more active and dominant situations (for example, an
intense argument to customer service). The emotion annotation distributions for utterances collected by
scripted or unscripted actions are approximately the same, which is likely due to a similar scenario design
in both cases. The difference between the annotation distributions of emotions on the AVEC2012 database
and the IEMOCAP database indicates that spontaneous and acted dialogues are different in terms of the
speaker's emotional status.
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1.6 Distribution of DIS-NVs
Figure 3: Utterance-Level Emotion Distribution on the Acted IEMOCAP Database
Here we study the differences between spontaneous dialogue and active dialogue in terms of DIS-NV in
speech. As Trouvain (2014) suggests, DIS-NVs are more common in spontaneous and unscripted dialogue.
Actually, the actors are trained to be fluent and the DIS-NVs are often not included in the scripts to collect
the scripted dialogue. Therefore, we expect fewer expressions with DIS-NV in the IEMOCAP dialog-driven
database than in the spontaneous AVEC2012 database.
To compare the occurrences of DIS-NV in the spontaneous and acted dialogue, we report the percentage of
declarations containing each type of DIS-NV in the two databases in Table 1. "FP" represents a full break,
"FL" represents padding, "ST" represents a stutter, "LA" represents a laugh, "AB" represents an audible
breath. As we can see, reports with full pause, laughter and audible breathing are less frequent in the activated
IEMOCAP database than in the spontaneous AVEC2012 database. This is in line with previous results.
However, padding and stuttering are more common in unwritten expressions in the IEMOCAP database.
This indicates that, compared to acting with a script, acting without a script is more like spontaneous dialogue
in terms of the number of dysfluences in sentences.

Databases

FP(%)

FL(%)

ST(%)

LA(%)

AB(%)

AVEC2012

32.0

14.7

9.4

11.9

2.7

IEMOCAP (non-scripted)

14.9

33.0

10.1

2.4

0.8

IEMOCAP (scripted)

7.8

15.9

2.9

0.9

0.4

Table 1: Percentages of Utterances with DIS-NV in Spontaneous and Acted Dialogue
1.7 Additional DIS-NVs.
The DIS-NVs that we annotate are only a subset of all the DIS-NVs that occur in speech. Here we study the
influence of the inclusion of other common DIS-NV types. Find out more in particular, we note speech
repairs (SR, when the speaker is corrected), turn times (TT, silent pause at the start of a lap) and extensions
(PL, prolonged pronunciation of a syllable) as DIS-NV additional to the IEMOCAP database. The
percentage of reports containing these additional DIS-NVs is shown in Table 2. As we can see, compared to
FP, FL and ST shown in Table 1, SR and PL are less frequent in the IEMOCAP database.
We also performed cross-validation experiments 10 times with an SVM model (C-SVC with RBF kernel) to
compare the performances of our original DIS-NV set containing 5 DIS-NV (FP, FL, ST, LA, AB) and the
extended DIS-NV package that includes the three additional DIS-NVs (FP, FL, ST, LA, AB, SR, TT, PL)
in the IEMOCAP database. We report the results (F1 measurements) in Table 5.3. As we can see, adding
these additional DIS-NVs does not improve the performance of emotion recognition. The original DIS-NV
set of 5 DIS-NV constantly outperforms the extended DIS-NV set of 8 DIS-NV.1 Therefore, in later
experiments, we continued to use the DIS-NV set of origin of 5 DIS-NV.

Databases
IEMOCAP (non-scripted)
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IEMOCAP (scripted)

1.0

35.1

1.3

Table 2:

Percentages of
Utterance with Additional DIS-NV in IEMOCAP Database

Models

Arousal(%)

Power(%)

Valence(%)

Mean(%)

Original DIS-NV set

36.3

40.7

32.8

36.6

Expanded DIS-NV set

35.6

38.0

29.9

34.5

Table 3: Using Additional DIS-NVs for Emotion Recognition on IEMOCAP Database
1.8 Distribution of DIS-NVs in Spontaneous and Acted Dialogues
We have examined the complete pause and laughter distributions as examples of DIS-NV to explore the
differences between spontaneous and acted dialogue. To study Regarding the distribution differences in more
detail, we have plotted DIS-NV in the IEMOCAP database without hyphen and with hyphen separately. As
an Expectation Emotion Dimension annotation is missing in the IEMOCAP database, we only trace here
distributions full of pause and laughter in the dimensions Excitement, Power and Valence.
To compare the distribution in different types of dialog boxes, we draw smooth density graphs with lines
representing the AVEC2012 database, the non-hyphenated subset of the IEMOCAP database and the subset
with hyphen of the IEMOCAP database, respectively in Figures 4 and 5. In these figures, the x-axis
represents the percentage of the total duration of an instruction that is a DIS-NV, the y-axis represents the
percentage of instructions that have the value on the x-axis. We limit the maximum value of the y axis to 0.8
to zoom in on expressions containing DIS-NV. The histograms of all DIS-NV distributions in the two
databases can be found in section C.1 of appendix C.
1.9 Distribution of Filled Pauses in Spontaneous and Acted Dialogues
As shown in Figure 4, the blue (IEMOCAP with hyphen) and green (IEMOCAP without hyphen) lines stop
before the x axis reaches 0.68, while the pink line (AVEC2012) reaches 1.0 on the x axis. Keep in mind that
in these figures, the x-axis represents the percentage of the total length of a paused sentence. This shows that
there are no expressions containing more than 70% complete pause in the activated IEMOCAP database,
while in the spontaneous AVEC2012 database, there are expressions which are complete pause. This reflects
the fact that during the data collection, the IEMOCAP database used professional actors, who are trained to
have fewer gaps than the general public involved in the data collection.
The filled breaks in the unscripted, hyphenated IEMOCAP dialog have similar distributions in Figure 4,
except that there are fewer filled breaks in the hyphen performance dialog than in the dialog unscripted
performance dialog or spontaneous dialogue (the blue line reaches to 0 in and axis before the green line in
all the graphs in Figure 4). Although Busso et al. (2008) argue that acting without script is similar to
spontaneous dialog, as we can see, there are fundamental differences in the full pause distributions between
the dialog of spontaneous action (the red lines) and the unscripted ( the green lines).
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Figure 4: Filled Pause Distribution on Arousal, Power, Valence in Utterances
1.10 Distribution of Acoustic Features:
In addition to the distribution of speakers' and DIS-NV's emotions in speech, in this section, we study the
acoustic differences between spontaneous and acted dialogue by studying the distribution of the global
prosodic characteristics of Bone et al. (2014) in both databases. We study the IEMOCAP instructions
separately with hyphen and without script for a more detailed understanding. Because the waiting dimension
annotations are missing in the IEMOCAP database, we only compare the distributions in the dimensions of
excitation, power and valence between the two databases in this section. The distributions of GP
characteristics in the Hold dimension in the AVEC2012 database and the smoothed density graphs of all GP
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characteristics in the two databases can be found in section C.2 of Appendix C.
1.10.1 Distribution of Log Pitch:
As shown in Table 4, the distribution of the central register tone is more skewed and has a lower standard
deviation in spontaneous dialogue than in dialogue without hyphens or hyphens. These observations
indicate that the distribution of mean register tone values has more variation in the acting dialogue than in
the spontaneous dialogue.
Databases

Mean

Standard Deviation

Skewness

AVEC2012

0.412

0.172

-0.360

IEMOCAP (non-scripted)

0.487

0.195

-0.190

IEMOCAP (scripted)

0.480

0.199

-0.191

Table 4: Distribution of Log Pitch on AVEC2012 and IEMOCAP Databases
1.10.2 Distribution of Intensity
As shown in Table 5, the average intensity distribution is more skewed and has a lower standard deviation
in spontaneous dialogue than in dialogue performed without hyphens or hyphens. This indicates that the
volume of speech has a wider range in active dialogue than in spontaneous dialogue.
Databases

Mean

Standard Deviation

Skewness

AVEC2012

0.581

0.095

-0.647

IEMOCAP (non-scripted)

0.445

0.134

0.073

IEMOCAP (scripted)

0.455

0.134

0.232

Table 5: Distribution of Intensity on AVEC2012 and IEMOCAP Databases
1.10.3 Distribution of Voice Quality
Remember that the HF500 is calculated as the ratio of total energy greater than 500 Hz to low frequency
energy in a statement. As shown in Table 5.6, similar to the intensity, the HF500 distribution is more
asymmetrical and has a lower standard deviation in spontaneous dialogue than in dialogue performed without
hyphens or hyphens. This indicates that there are more variations in voice quality in the acting dialogue than
in the spontaneous dialogue.
Databases

Mean

Standard Deviation

Skewness

AVEC2012

0.570

0.395

0.750

IEMOCAP (non-scripted)

0.542

0.506

0.325

IEMOCAP (scripted)

0.400

0.463

0.747

Table 6: Distribution of Voice Quality on AVEC2012 and IEMOCAP Databases
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2. Experiment 1: Influence of Dialogue Type on Effectiveness of DIS-NV Features
In the previous sections, we illustrated the differences in the DIS-NV distribution and the acoustic variations
in spontaneous and acted dialogue. Our statistical analyzes show that compared to the spontaneous dialogue,
in the activated dialogue, there is less DIS-NV and more acoustic variation. In this section, we have carried
out emotion recognition experiments in the spontaneous databases AVEC2012 and IEMOCAP to study how
these differences between spontaneous dialogues and acted dialogues influence the effectiveness of the
emotion recognition functions in spoken dialogue.
2.1 Methodology
To study the influence of the type of dialogue on the effectiveness of the DIS-NV characteristics, we carried
out the recognition of emotions both in the spontaneous database AVEC2012 and in the performed
IEMOCAP database, and compared the experimental results (Tian et al., 2015a). We performed crossvalidation experiments 10 times for classification experiments and reporting of weighted F measures to avoid
the problem of unbalanced data. We assessed the importance of the differences in performance using the
paired permutation test (Menke and Martinez, 2004) with 100,000 randomizations.
2.2 Results
The results of the models for the recognition of unimodal emotions from the AVEC2012 database are
presented in Table 7. The results of the unimodal emotion recognition models in the IEMOCAP database
are presented in Table 8. "Average" represents the arithmetic mean of the results in all emotional dimensions.
Note that the IEMOCAP database did not provide wait annotations, so the results are missing in the wait
dimension for the IEMOCAP database. We include a reference model that predicts the majority class.
We also observed that the acoustic characteristics are more predictive of emotions than the lexical
characteristics in the actuated IEMOCAP database, while the lexical characteristics are more predictive than
the acoustic characteristics in the spontaneous AVEC2012 database. Our results indicate that the
effectiveness of the characteristics largely depends on the specific task of recognizing emotions, in particular
the type of dialogue.
Models

Arousal(%)

Expectancy(%)

Power(%)

Valence(%)

Mean(%)

Baseline

51.6

55.6

66.4

58.8

58.1

AVEC-LLD

52.4

60.8

67.5

59.2

60.0

IS10-LLD

52.9

60.8

67.6

59.2

60.1

eGeMAPS

56.9

60.1

73.4

66.8

64.3

GP

56.3

60.0

72.4

66.8

63.9

DIS-NV

55.9

61.4

74.7

66.8

64.7

PMI

55.7

60.7

73.0

66.8

64.0

CSA

57.5

59.8

73.0

67.1

64.4

Table 7: Unimodal Emotion Recognition with SVM on the Spontaneous AVEC2012
Database
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Models

Arousal(%)

Expectancy(%)

Power(%)

Valence(%)

Mean(%)

Baseline

31.7

#

28.7

27.0

29.1

LLD

65.2

#

53.8

53.5

57.5

eGeMAPS

60.9

#

52.2

49.4

54.1

GP

57.0

#

49.7

41.5

49.4

DIS-NV

36.3

#

40.7

32.8

36.6

PMI

47.8

#

48.1

32.9

42.9

CSA

47.0

#

47.2

29.5

41.2

Table 8: Unimodal Emotion Recognition with SVM on the Acted IEMOCAP Database
3. Experiment 2: Using Deep Learning for Unimodal Emotion Recognition
Here we studied the gain of using the deep and contextual LSTM model instead of the superficial and noncontextual SVM model. We have constructed unimodal models for recognizing LSTM emotions in the two
databases.
3.1 Methodology
The performances of the LSTM unimodal models in the AVEC2012 and IEMOCAP databases are presented
in tables 9 and 10. "Average" represents the arithmetic average of the results in the four dimensions of
emotion. LSTM models with a single hidden layer are used when building these unimodal models and the
number of memory cells was selected based on cross-validation experiments. We have included a basic
model which predicts the class majority. We conducted cross-validation experiments 10 times in both
databases and reported the F-weighted measures, and assessed the significance of the performance
differences using the matched permutation test with 100,000 randomizations.
3.2 Results and Discussion
As shown in Table 9, based on our previous results, the DIS-NV characteristics predict emotions in
spontaneous dialogue, in particular to predict the emotional dimension of expectation, 5 whether they are
used with the SVM model or the LSTM model. The lexical characteristics of CSA benefit more from the
use of the contextual LSTM model compared to the non-contextual SVM model and achieve the best overall
performance in the AVEC2012 database.6 Compared to the performance of the SVM models presented in
Table 7, the LSTM models improve performance in all emotional dimensions using each set of features. This
indicates the effectiveness of the deep and contextual LSTM model for the recognition of emotions in spoken
dialogue.
As shown in Tables 7 and 9, the IS10-LLD package produces similar or improved performance for the SVM7
and LSTM8 models compared to the AVEC-LLD package.
As shown in Table 10, according to our previous findings, the effectiveness of the characteristics varies
when the type of dialogue is different. Compared to the performance of the SVM models presented in Table
8, the LSTM models improve performance in all emotional dimensions by using the smallest sets of GP,
DIS-NV, PMI and CSA functions in the database. IEMOCAP. However, the performance of the LSTM
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model with LLD and the eGeMAPS feature set is worse than the SVM models. This may be due to the fact
that the LLD and eGeMAPS feature sets have higher dimensionality (1582 for LLD, 88 for eGeMAPS),
resulting in more complex LSTM models that have more parameters to optimize during training. There are
fewer training instances in the IEMOCAP database than in the AVEC2012 database (around 10,000 for
IEMOCAP, around 50,000 for AVEC2012), which may limit the optimization of LSTM models that use the
LLD and eGeMAPS feature set.
Another reason why the LSTM model does not offer significant performance gains may be that the
IEMOCAP database recorded data at the instruction level, while the AVEC2012 database recorded data at
the instruction level word. The long-term time context that the LSTM model tries to incorporate may not be
useful or necessary when the time scale of data instances is as long as an instruction. We also observed that
the characteristics inspired by knowledge work better than the statistical characteristics LLD in spontaneous
and acted dialogue in most cases, which is consistent with previous studies on the recognition of emotions.

Models

Arousal(%)

Expectancy(%)

Power(%)

Valence(%)

Mean(%)

Baseline

51.6

55.6

66.4

58.8

58.1

AVEC-LLD

56.5

61.6

72.1

66.4

64.2

IS10-LLD

57.1

61.4

72.7

67.1

64.6

eGeMAPS

56.2

60.3

72.6

66.8

64.0

GP

56.0

60.3

72.4

66.8

63.9

DIS-NV

56.2

65.9

72.8

67.3

65.5

PMI

56.0

62.7

72.3

66.7

64.4

CSA

58.1

61.7

75.2

70.2

66.3

Table 9: Unimodal Emotion Recognition with LSTM on the Spontaneous AVEC2012
Database

Models

Arousal(%)

Expectancy(%)

Power(%)

Valence(%)

Mean(%)

Baseline

31.7

#

28.7

27.0

29.1

LLD

53.7

#

46.2

38.6

46.2

eGeMAPS

60.1

#

52.2

46.6

53.0

GP

58.0

#

50.6

41.8

50.1

DIS-NV

41.6

#

37.8

34.0

37.8

PMI

48.8

#

48.7

32.9

43.5

CSA

50.0

#

48.1

44.5

47.5

Table 10: Unimodal Emotion Recognition with LSTM on the Acted IEMOCAP Database
4. Discussion
In this paper, we discuss the differences between spontaneous dialogue and active dialogue. We have
discovered that there is generally more DIS-NV in spontaneous dialogue than in acted dialogue. We also
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found complex variations in nonverbal vocalizations in spontaneous dialogue that were overlooked when
designing data collection through play. Based on the distributions of the characteristics of Global Prosodic,
the distribution of volume and the quality of the voice in the activated dialogue has wider ranges of values
than in the spontaneous dialogue, and there is more variation in pitch in the activated dialogue than in the
spontaneous dialogue. The dialogue gathered by the unscripted performance shares similarities with
spontaneous dialogue, while there are fundamental differences between scripted dialogue and spontaneous
dialogue.
Our intersomatic experiences have shown that the DIS-NV characteristics are less predictive of emotions in
the acted dialogue because there is less DIS-NV in the acted dialogue compared to the spontaneous dialogue.
However, this chapter only considered models for the recognition of unimodal emotions.
We also studied the gain of using deep and contextual LSTM models compared to the use of superficial and
non-contextual SVM models for the recognition of emotions. Our results show that although the LSTM
model performs better than the SVM model in most cases, optimization of the complex LSTM model may
be limited by the small amount of training data available. Therefore, it may be preferable to use the
knowledge-inspired functionalities with the LSTM model which have a lower dimensionality and therefore
fewer parameters to optimize. In the future, to further explore the benefits of using LSTM models for emotion
recognition, we would also like to compare the performance of an LSTM model using built-in layers derived
from data-based functionality low level with an LSTM model using inspiration inspired by Knowledge
Direct Characteristics. In terms of gaining the inclusion of temporal contexts, we found that the IEMOCAP
database which noted emotions at the expression level benefited less from the use of the LSTM model than
the AVEC2012 database which noted emotions at word level. This indicates that the ability of the LSTM to
model a long-term time context may be more useful for emotion recognition tasks on a small time scale (for
example, frame or word level) rather than on a time scale large (for example, statement or level of
conversation).
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