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Abstract

The proper representation of emotion is critical to automatic
classification systems. In previous research, we demonstrated
that emotion profile (EP) based representations are effective for
this task. In EP-based representations, emotions are expressed
in terms of underlying affective components from the subset
of anger, happiness, neutrality, and sadness. The current study
explores cluster profiles (CP), an alternate profile representa-
tion in which the components are no longer semantic labels, but
clusters inherent in the feature space. This unsupervised clus-
tering of the feature space permits the application of a system-
level semi-supervised learning paradigm. The results demon-
strate that CPs are similarly discriminative to EPs (EP classifica-
tion accuracy: 68.37% vs. 69.25% for the CP-based classifica-
tion). This suggests that exhaustive labeling of a representative
training corpus may not be necessary for emotion classification
tasks.

Index Terms: Emotion Profiles, Agglomerative Hierarchical
Clustering, Emotion Representation, Emotion Classification

1. Introduction

Interactive affective technologies require detailed models of hu-
man emotion for accurate user state determination. These mod-
els are commonly trained using supervised learning algorithms.
However, such algorithms typically require labeled training
corpora, the collection of which is often expensive and time-
intensive. This study presents a system-level semi-supervised
approach to user-specific emotion-classification using a novel
Cluster-Profile (CP) representation of emotion.

In user-adapted emotion classification systems, two types
of data are necessary: a large amount of emotional data from
multiple speakers and a smaller amount of data from the target
speaker. The labels from the target speaker are directly relevant
to the classification task while those from the disjoint speakers
are needed only for training. An approach requiring only the
labels of the target speaker’s utterances would drastically reduce
the time needed for database preparation.

In previous work, we demonstrated the efficacy of an
Emotion-Profile (EP) based representation for classification [1,
2]. EPs are a quantitative representation of the affective content
of an utterance in terms of the presence or absence of a set of
component emotions. In these studies the components of the
profile were the semantic, or categorical, labels: angry, happy,
neutral, and sad. However, it is not clear that the profiles must
be constructed using these types of semantic components.

In this study we investigate a system-level semi-supervised
approach for emotion classification. The classification system
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is broken down into four steps: speaker-independent feature
selection, speaker-independent clustering, speaker-independent
profile generation, and speaker-dependent classification. The
feature selection method is the unsupervised Principal Feature
Analysis (PFA), an extension of Principal Component Analysis,
also used in [3,4]. The data are clustered using unsupervised
agglomerative hierarchical clustering of the emotional space.
These clusters are used to train cluster-specific Support Vector
Machines (SVM) whose output are the components of the CPs.
Finally, the emotion content of the utterance is assessed by clas-
sifying over the generated CPs. The system is semi-supervised
because the feature selection, clustering, and profile genera-
tion are unsupervised while the final classification step is super-
vised. The unsupervised portion establishes a data-dependent
representation for the affective test data using the majority of
the training data. The final supervised classification utilizes the
generated CPs for Naive Bayes classification.

The CP classification method outperforms the EP classifi-
cation by 0.88% absolute (69.25% vs. 68.37%). This result
demonstrates the efficacy of the CP-based classification sys-
tem. The CPs represent emotional utterances in n-components,
where n is the number of clusters. This comparable perfor-
mance of the CP and EP representations suggests that given
training sets with expressions from a non-disjoint set of emo-
tion classes, it may be necessary to label only a subset of the
data. These results cannot be compared directly to any pub-
lished work due to the final speaker-dependent classification
step. However, this performs comparably to fused GMM-HMM
method presented in [4] (62.42%). The novelty of the current
work lies in its new definition of a profile and an assessment of
the necessity of the semantic profile dimensions utilized in the
EPs.

2. Description of Data
2.1. IEMOCAP Database

The discriminative power of the CP-representation is evaluated
using the USC IEMOCAP database, collected at the Univer-
sity of Southern California (USC) [5]. This dataset is dyadic
and interactive, recorded using a mixed elicitation strategy
of emotionally-targeted scripted and improvisational scenarios.
There are a total of five dyadic mixed-gender pairs of actors (10
actors total). The recordings include audio, video, and motion-
capture measurements (hands, head, face). The motion-capture
data was recorded for one actor at a time in each dyadic pair to
allow for a greater fidelity in recording. As a result, only the
half of the utterances have associated motion-capture data.

26 —30 September 2010, Makuhari, Chiba, Japan



{ Trained System

Labeled
Test Data
(To Train

Naive Bayes

Classifier)

AHC

Clustering

Output

Labeled CPs

+2
- j l /

1 Output N Generated CP |
S N C1: 41, dist 2 *ZH Naive
Train Binary SVMs > Cot A dist2
C3: -1, dist1

C1 vs. Not Lo

C2 vs. Not C4: 41, dist 1 -2

C3 vs. Not

C4 vs. Not

Figure 1: The CP-based classification system diagram. This example demonstrates the correct classification of a nonprototypical angry

utterance (a mixture of anger and sadness).

The data were evaluated using two labeling strategies: cat-
egorical and dimensional labeling. Dimensional labels capture
the properties of an affective utterance such as valence (posi-
tive vs. negative) and activation (calm vs. excited). Categorical
labels are assignments of semantic labels (e.g., angry, happy,
neutral, etc.). The ten categorical labels in this dataset are: an-
gry, happy, neutral, sad, frustrated, excited, surprised, fearful,
disgust, and other. Each utterance was labeled by at least two
dimensional evaluators and at least three categorical labelers.
The categorical labels were exclusively used in this study.

3. Emotion and Cluster Profiles

Profile-based representations describe affective utterances over
a set of affective components rather than in terms of a single
mathematical (e.g., a valence of ‘3’) or semantic (e.g., ‘angry’)
label. This added flexibility is beneficial when the emotional
character of the speech is subtle. In previous work [1,2], EPs
were implemented as four-dimensional representations of emo-
tion. The dimensions expressed the degree of presence or ab-
sence of each of the emotions: angry, happy, neutral, and sad.
This subset was chosen to minimize affective overlap in our ex-
perimental dataset. In the current work, we explore profile gen-
eration using an unsupervised component-generation approach
(Figure 1).

3.1. Description of the Train and Test Sets

The dataset considered consists of 4,806 utterances across the
ten emotional labels and ten-speakers. The profile generation
(“training”) is speaker-independent while the final classification
(“testing”) is speaker-dependent (Figure 1). For each speaker,
the training data (for unsupervised clustering and profile gener-
ation) consist of all of the utterances not spoken by the speaker.
These data contain unlabeled emotions from all 10 emotion cat-
egories. The testing data consist only of utterances spoken by
the speaker from the set: angry, happy, neutral, and sad.

3.2. Unsupervised Clustering for CPs

The feature space is clustered using the unsupervised agglomer-
ative hierarchical clustering (AHC) over the unlabeled training
data. This hierarchical clustering strategy circumvents the ini-
tialization issues common to other clustering approaches (e.g.,
k-means or GMM-EM [6, 7]). AHC is a bottom-up process,
which is more computationally efficient than top-down (divi-
sive) clustering. Research has demonstrated that AHC can be
applied to many clustering tasks and is effective. This cluster-
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ing approach is of particular popularity in the field of speaker
clustering and diarization [8].

Initially, AHC considers each data point a cluster. Then, at
every iteration, it selects the closest pair of clusters to merge.
This merging procedure continues until a pre-set stopping crite-
rion is satisfied. Generalized likelihood ratio (GLR) [9] is used
to measure inter-cluster distance at every stage of AHC. The
stopping criterion is a manually pre-set number of clusters, n.
This work will explore the utility of considering different num-
bers of clusters in the CP construction.

3.3. Construction of a Profile

EPs and CPs are both constructed using the output from Sup-
port Vector Machines (SVM). The efficacy of SVMs has been
demonstrated in emotion classification [10-14]. SVM is a max-
imum margin classifier that projects input data into a higher di-
mensional space to find an optimal separating hyperplane be-
tween two classes. The distance from one point in the projected
space to the hyperplane can be interpreted as the confidence
of the classifier’s assessment. Points closer to the hyperplane
are representative of data that are more easily confused in the
projected-space. These points represent utterances that cannot
be as confidently labeled as utterances further from the decision
hyperplane.

In the CP approach, n speaker-independent binary self vs.
other SVMs are trained for each of the clusters generated using
AHC. Each cluster-specific SVM returns a membership value
(£ 1) and a distance from the hyperplane. The profiles are cre-
ated by weighting the membership by the raw distance from the
hyperplane. A sigmoid function is often used to convert the
range of SVM hyperplane distances to the range 0—1. However,
the raw distances were retained because pilot studies demon-
strated the efficacy of utilizing the raw, rather than the sigmoid-
transformed, distances in the profile-based representations. The
final profile is an n-dimension representation of the n-classifier
confidences.

The performance of the cluster-based profile representation
will be compared to that of the pre-specified emotion-based pro-
file representation. In the EPs, the original clusters are defined
by the emotion labels: angry, happy, neutral, and sad. Binary
self vs. other SVMs are trained over each of the emotion clus-
ters. As in the CP formulation, the EPs are composed of the
membership function weighted by the distance from the hyper-
plane for each of the outputs for a given utterance. These pro-
files are four-dimensional.

The final step is performing classification over the gener-



’ ‘ Emotion EP Number of Clusters |
Baseline | 3 [ 5 [ 7 [ 9 [ 11 [ 13 T 15 [ 17 [ 19 |
Angry 0.73 0.51 0.60 0.64 0.64 0.68 0.68 0.69 0.68 0.69
F-Measure Happy 0.77 0.74 0.76 0.76 0.76 0.77 0.77 0.77 0.77 0.77
Neutral 0.45 0.34 0.40 0.49 0.49 0.53 0.54 0.54 0.53 0.53
Sad 0.69 0.52 0.60 0.67 0.67 0.70 0.70 0.70 0.70 0.70
Accuracy Weighted 0.68 0.57 | 0.62 | 066 | 0.66 | 0.69 | 0.69 | 0.69 | 0.69 | 0.69

Table 1: The CP-based classification results. The entries in bold font indicate the best accuracy or f-measure recorded.

ated profiles (both CP and EP). This n-dimensional classifica-
tion is performed using Naive Bayes. Gaussian Mixture Mod-
els, KNN, and Discriminant Analysis were also explored, but
were not as effective. Only Naive Bayes results will be reported.

4. Features Extraction and Selection

The EPs and CPs are constructed using utterance-level features
extracted from the audio and motion-capture modalities. The
statistics used in this study include: mean, maximum, min-
imum, range, variance, upper quantile, lower quantile, and
quantile range. All features were normalized using speaker-
dependent z-normalization. Utterances were rejected if any of
the audio or motion-capture features were undefined.

The set of audio features included: intensity, pitch, and
the first 13 Mel Filterbank Coefficients (MFB). Intensity and
pitch have been used successfully in emotion classification stud-
ies [15—18]. In this work, MFBs are also used. MFBs are less
common than Mel-Frequency Cepstral Coefficients (MFCC) in
emotion research. However, previous work has demonstrated
that MFB features are more effective for emotion classification
than MFCCs across all broad phoneme classes [19].

The motion-capture features utilized in this work are de-
rived from Facial Animation Parameters (FAP) [20]. These fea-
tures are part of the MPEG-4 standard and represent distances
between points on the face. The FAPs were adapted to the
motion-capture configuration used in the USC IEMOCAP data
recording. The facial features were broken into groups by facial
region. These regions included: mouth, cheeks, forehead, and
eyebrows. These features were also used in [2].

4.1. Feature Selection

The initial feature set has 685 features. The feature set size
is reduced using the unsupervised method of Principal Feature
Analysis (PFA) [21]. This feature selection technique has been
used successfully on the USC IEMOCAP dataset [3,4]. PFA is
an extension of Principal Component Analysis (PCA) in which
the generated PCA components are used to identify representa-
tive features in the original feature space. As in PCA, the top
p-eigenvectors are identified. The features are then clustered
using their projections over the top eigenvectors. The final fea-
ture set consists of the the features closest to each cluster mean.
The number of clusters was chosen empirically.

The feature sets were identified in a speaker-independent
fashion. For example, the selected features for Speaker 1 were
analyzed using the data from Speakers 2-10. The final feature
set size was 20-features.

S. Experimental Methods

The goal of this work is to determine if an unsupervised data
clustering algorithm can find relevant clusters within the data
for use in the profile-based classification. A successful result
would indicate that exhaustive labeling of the training space is
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not necessary. Instead, the data-dependent clusters inherent in
the space can be used as components of the profile for a final
supervised training on a much smaller proportion of the data.
The EP-based classification is presented as a baseline per-
formance metric. The EPs are trained in a speaker-independent
fashion (e.g., EPs for Speaker 1 are trained using the data
from Speakers 2-10) over the semantic labels of angry, happy,
neutral, and sad. In CP-based classification the speaker-
independent training data are first clustered into n-clusters us-
ing the aforementioned clustering approach. The CPs are then
constructed using the output from the n-SVMs trained on each
cluster’s data (one SVM for each of the n clusters). In both
profile-based methods, the final emotion assessment is made us-
ing Naive Bayes over the generated profiles. The performance
of the Naive Bayes classifier is assessed using leave-one-out
cross-validation (see system diagram, Figure 1).

6. Results
6.1. EP Classification

The EP-based classification will serve as a comparative baseline
for the CP-based classification results. In the EP-based classifi-
cation, the accuracy was 68.37%. The emotion-specific results
can be seen in Table 1. The classes of anger, happiness, and
sadness were well recognized (f-measure > 0.69). The class of
neutrality was relatively poorly recognized. This trend is com-
mon in this database, where neutrality remains an emotion class
that is not well understood [2,4].

6.2. CP Classification

In this task, the maximal accuracy occurred with 15 clus-
ters. The maximal accuracy was 69.25% (Table 1). The emo-
tions of anger, happiness, and sadness were again well rec-
ognized (f-measure > 0.69). It should be noted that in the
CP-representation, the f-measure for the class of neutrality in-
creased to 0.54. This represents a 9% absolute and 20.00% rela-
tive improvement. This result suggests that CP-based represen-
tations are more effective for capturing inherently ambiguous
classes of emotion than EP-based representations.

It should be further noted that the CP-based classification
outperformed the EP-based classification by 0.88% absolute
(1.29% relative). This result is not statistically significant at
a = 0.05, indicating that the CP and EP representations are
both effective for emotion classification. This equivalence sug-
gests that it is not necessary to exhaustively label a large dataset
for user-adapted emotion classification tasks.

7. Conclusions

This paper presents a novel system-level semi-supervised tech-
nique to classify the emotion content of utterances using a
profile-based technique. The CP-based classification nonsignif-
icantly outperformed the EP-based classification by 0.88% with
15 clusters. This suggests that both data-driven and knowledge-



driven clusters are effective for profile generation. The CP-
based representation alleviates the need for exhaustive labeling
of the training corpus, requiring instead a labelling of a small
subset of the data.

CP-based classification required at least 11-clusters to
match the accuracy obtained by EP-based classification. The
f-measures obtained in the EP-based classification for angry,
happy, neutral, and sad was never obtained in the CP-based
classification for anger and required 11, 7, and 11 clusters re-
spectively for the classes of happiness, neutrality, and sadness.
This suggests that the EP-based representation is more compact
than this implementation of the CP-based representation. This
further suggests that the clusters generated from the semantic
labels of angry, happy, neutral, and sad are very effective for
capturing the affective feature properties of the utterances, sup-
porting the use of the components of anger, happiness, neutral-
ity, and sadness in the EP-based representation.

Although, as stated in the Introduction, the results presented
in this paper cannot be directly compared to previously pub-
lished methods, both the EP- and CP-based classification sys-
tems produce similar accuracies to those seen in the literature
(62.42%) [4]. This demonstrates that both profile-based repre-
sentations are effective for emotion classification tasks.

The results are presented on the USC IEMOCAP database.
Future research will investigate the relative robustness of the EP
or CP methods across multiple databases. The lower complex-
ity of the EP representation suggests that the emotional clus-
ters (angry, happy, neutral, and sad) may be a more orthogonal
“basis” representation in the IEMOCAP database. This may in-
dicate that the EP components are a more perceptually salient
representation than the CP components. However, the CP repre-
sentation in this database provides better functional definitions
for the components. Future work will investigate the relevance
of the EP and CP representations with respect to human percep-
tion. Future work will also include the analysis of additional
clustering methods to determine the effect of these techniques
on the classification accuracy of the system. Finally, we plan to
investigate user-personalization methods for the final emotion
assessment such as using Collaborative Filtering.

This study presents a foray into semi-supervised learning
for emotion classification. Semi-supervised emotion classi-
fication has the potential to make user-personalization more
tractable by incorporating unlabeled emotional data for deriv-
ing an affective representation. As affective interactive tech-
nologies continue to grow in popularity, these techniques will
only become more important.
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