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Executive Summary 
MixedEmotions aims to develop a platform able to recognize emotions from multilingual 
multi-modal (audio, video, and text) data. This deliverable (D4.1) focuses on the 
multilingualism aspect of the project through audio content. The content of this 
deliverable is twofold: first we investigate and compare cross-lingual emotion 
recognition for “the same language”, “within language family”, and “between language 
families.” Second, we propose a transfer learning method to enhance emotion 
recognition between different languages (corpora) in order to re-use the knowledge 
gained for one language and apply it to another language. The implementation of the 
method in the MixedEmotions platform is awaiting final platform specification. 

1 Introduction 
Automatic emotion recognition from speech has matured close to the point where it 
reaches broader commercial interest. One of the last major limiting factors is the ability 
to deal with multilingual inputs as will be given in a real-life operating system in many if 
not most cases. As in real-life scenarios speech is often used mixed across languages 
such as when using, e. g., English expressions in one’s own (non-English) language, 
more experience will be needed in performance effects of cross-language recognition. In 
Section 2 we overview the languages covered in emotion and speech recognition 
research and investigate the performance of emotion recognition between the corpora in 
the same language, within same language family, and between different language 
family.  
Moreover, in the MixedEmotions platform, since audio data could be in different 
languages, aiming to develop models for each language could be infeasible due to 
unavailability of ground truth labels as well as variety in the recording conditions (e. g., 
microphone, studio, home). In Section 3, we propose a transfer learning method to cope 
with this limitation. Therefore, we can re-use the information/model obtained in one 
source (which is annotated) for another source (which is not annotated). We have used 
‘canonical correlation analysis (CCA)’ for this goal. CCA tries to reduce dissimilarity 
between two distributions. To validate the method, pair-wise transfer learning between 
four emotional speech corpora with different languages (English, German, Italian, and 
Polish) is evaluated. We compare our approach with another state-of-the-art method 
(Shared-Hidden-Layer Auto-Encoder). On average the proposed method yields higher 
classification performance. 

2 Cross-Language Acoustic Emotion Recognition: An Overview and 
Some Tendencies1 

In this section we first provide an overview on languages covered in the research on 
emotion and speech finding that only roughly two thirds of native speakers’ languages 
are so far touched upon. We thus next shed light on mismatched vs. matched condition 

                                            
1 The content of this section is from: 
Feraru, Silvia Monica, Dagmar Schuller, and Björn Schuller. "Cross-Language Acoustic 
Emotion Recognition: An Overview and Some Tendencies." The sixth International 
Conference on Affective Computing and Intelligent Interaction (ACII), 2015  
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emotion recognition across a variety of languages. By intention, we include less 
researched languages of more distant language families such as Burmese, Romanian or 
Turkish. Binary arousal and valence mapping is employed in order to be able to train 
and test across databases that have originally been labelled in diverse categories. In the 
result – as one may expect – arousal recognition works considerably better across 
languages than valence, and cross-language recognition falls considerably behind 
within-language recognition. However, within-language family recognition seems to 
provide an ‘emergency-solution’ in case of missing language resources, and the 
observed notable differences depending on the combination of languages show a 
number of interesting effects. 

2.1 Overview 
A number of studies have investigated the effects of multiband cross-language human 
emotion production and perception, e. g., [1]–[3] showing partially considerable 
language effects. Similarly, automatic recognition of emotion across languages has been 
approached showing the challenge of this task, cf., e. g., [4]–[6]. This is well in 
agreement with related speech processing task experiences across languages [7]. 
However, already in language acquisition of children, affect plays a crucial role as they 
prefer listening to happy speech, making it likely that affect generalises across language 
to some degree [8], which is also given evidence to in [9]–[12]. In this contribution, we 
thus shed light on mismatched vs. matched condition emotion recognition across a 
variety of languages. To this end, let us first review the current state-of play in 
availability of speech emotion databases and automatic recognition research focussing 
on language diversity. Luckily, the number of databases dealing with voice 
characteristics such as emotion is increasingly covering various languages. Many 
databases have recently been developed in this field, making cross-lingual studies more 
and more feasible. However, many if not most of them are restricted, and only a few 
can be freely accessed. Today approximately 3,000 to 6,000 languages are spoken by 
humans. A group of languages that descends from a common ancestor is known as a 
language family. The most spoken languages in the world today belong to the Indo-
European family (which includes languages such as English, Spanish, Russian); to the 
Sino-Tibetan languages, (which include Mandarin Chinese, Cantonese and many others), 
to Semitic languages (which include Arabic, Amharic, and Hebrew), and to Bantu 
languages (which include Swahili, Zulu, Shona, and hundreds of other languages spoken 
throughout Africa). The purposes of the databases can be very broad. The emotions can 
reflect real differences in their vocal expression from speaker to speaker, from culture to 
culture [13], and across genders and situations. Depending of the goals of the database, 
many factors vary such as the number of speakers, the spoken language, the type of 
dialect, the gender of speakers, and the types of emotional states. Some features may 
be consistent across studies, others may be quite variable. The easiest way to collect 
emotional speech with known labels is to have actors which can simulate it. In fact, 
good actors can generate emotional speech such that listeners classify it with high 
agreement. For example, acted material studied in [14], produced human recognition 
rates of 78% for hot anger, 76% for boredom, and 75% for interest, though scores for 
other emotions were lower with an average recognition rate of 48% across 14 emotions. 
Clearly, however, there are differences between acted and non-acted emotional speech 
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[15], which is why one wishes for the latter if 
the use-case is in an every-day-usage 
environment. Unfortunately, such non-acted 
emotions are less predictable and they can be 
difficult to collect in large sample volumes of 
various subjects with a specific emotional state. 
Inducing or enacting emotions is thus an often 
chosen avenue. The ideal case might be 
naturalistic emotional behaviour from real-life 
situations. However, such data are mostly 
private, and data found on the Internet, radio, 
and television on the other hand is often 
copyright-protected.  
Let us now give an overview on which 
languages covered in the research on data and 
recognition of emotion and speech. Table 2-1 
gives a rough overview on languages that have 
been explored in automatic speech emotion 
recognition or where (validated) data is 
available – it also shows the percentage of the 
world’s native speakers covered by the 
language and its rank in terms of this 
percentage of native speakers in the world. 
Beyond the languages shown picked from the 
list of the 100 languages with the highest 
number of native speakers according to the 
Swedish Nationalencyklopedin 2010, some 
further languages are found in studies dealing 
with computational analysis of emotional speech 
such as Danish [16], Finnish [17], Hebrew [18], 
[19] or Slovenian [20]. Besides, some 
databases exist that by intention have pseudo-
language character – the most prominent 
example likely being the GEMEP corpus [21] 
that was featured in the Interspeech 2013 
Computational Paralinguistics Challenge [22]. 
This makes it evident that almost half of the 
world’s population is not yet covered lending 
hope to the usability of closely related 
languages to cover up for others. Beyond this 
overview in numbers, let us give some examples on characteristics of some 
representative emotional speech database next again emphasising on language diversity 
in order to provide a better impression on the variability of protocols followed and 
emotion categories contained: The emotional speech database in Japanese described in 
[13] consists in vowel consonant vowel (VCV) segments for each of the three emotions 
anger, sadness, and joy. These segments can generate any accent pattern of Japanese. 
The VCVs were collected from a corpus of 400 linguistic unbiased utterances. The 

Table 2-1) Overview of the most spoken 
languages by percentage of native 
speakers (NS) in the world and according 
rand (source: NATIONALENCYKLOPEDIN 
2010). These languages are covered in the 
literatures. This covers for 66% of the 
world’s native language speaking 
population. 

Language %NS Rank 
Mandarin 14.40 1 
Spanish 6.15 2 
English 5.43 3 
Hindi 4.7 4 
Arabic 4.43 5 
Portuguese 3.27 6 
Bengali 3.11 7 
Russian 2.33 8 
Japanese 1.90 9 
Punjabi 1.44 10 
German 1.39 11 
Malay/Indonesian 1.16 14 
Telugu 1.15 15 
Vietnamese 1.14 16 
Korean 1.14 17 
French 1.12 18 
Marathi 1.10 19 
Tami 1.06 20 
Urdu 0.99 21 
Persian 0.99 22 
Turkish 0.95 23 
Italian 0.90 24 
Cantonese 0.89 25 
Thai 0.85 26 
Gujarati 0.74 27 
Polish 0.61 30 
Pashto 0.58 31 
Burmese 0.50 38 
Sindhi 0.39 47 
Romanian 0.37 50 
Dutch 0.32 57 
Assamese 0.23 67 
Hungarian 0.19 73 
Greek 0.18 75 
Czech 0.15 83 
Swedish 0.13 91 
Balochi 0.11 99 
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utterances were analysed to derive a guideline for designing VCV databases, and to 
derive an equation for each phoneme, which can predict its duration based on its 
surrounding phonemic and linguistic context. Twelve people judged the database and 
they recognised each emotion with a rate of 84%. The Swedish emotional speech 
database featured in [23] contains speech in 9 emotion categories: joy, surprise, 
sadness, fear, shyness, anger, dominance, disgust, and neutral. Different nationality 
listeners classified the emotional utterances to an emotional state. The listener group 
consisted of 35 native Swedish speakers, 23 native Spanish speakers, 23 native Finnish 
speakers, and 12 native English speakers. The non-Swedish listeners were Swedish 
immigrants and all had knowledge of Swedish, of varying proficiency. An emotional 
speech corpus in Hebrew studied the following emotions: anger, fear, joy, sadness or 
disgust from a group of 40 students (19 males and 21 females). The speakers recalled 
an emotional event and tried to experience the same feelings as in the original event. It 
was measured also three physiological variables: the electromyogram, the heart rate 
and galvanic skin resistance. The goal was to determine a set of criteria that could 
represent each emotion [18]. The Russian affective language database consists of 10 
sentences with different syntactic, structural and discourses types, which were read by 
61 (12 male and 49 female) persons, aged between 16 and 28 years who are native 
speakers of Russian. The recordings were made following six affective-emotional states: 
neutral/unemotional, surprise, happiness, anger, sadness, and fear [24]. All the data 
were recorded on a portable Digital Audio Tape-recorder. The database serves as a 
source for developing and training a system of emotions recognition in Russian and 
provides data for designing a new system of Russian intonation description. The Italian 
database of emotional speech described in [25] includes isolated emotions and 
‘combined emotions’. The first part contains a set of Italian non-sense words, acted in 
the ‘big six’ emotional states – anger, disgust, fear, happiness, sadness, surprise, and 
added neutral, with three different intensity levels (low, medium, high). The second part 
includes significant examples of transitions from an emotional state to another during 
speech. 
A further part contains long sentences with a good coverage of Italian phonemes. The 
Interface database is a multilingual collection of emotional speech. The aim of this 
database is to study the emotional speech as well as to analyse the emotion 
characteristics for speech synthesis and for automatic emotion classification purposes. 
They studied the big six emotions. The neutral tone was defined as a reference to 
emotional speech. The recordings were made by actors. The databases consist of 175–
190 sentences for each language. The recordings have been performed in silent rooms 
using high quality condenser microphones. The English Interface database contains 
8,928 sentences, Slovenian 6,080 sentences, French 5,600, and Spanish 5,520 
sentences [20]. These examples highlight the difficulties one is faced with when trying 
to research language effects in automatic speech emotion recognition: The corpora 
come with varying emotion categories and models, different number of speakers and 
samples, different chunking in time, different acoustic conditions, different degrees of 
naturalism, different spoken content variability reaching from prompted to free speech, 
to name but a few co-influencing factors that will be hard if not impossible to rule out 
entirely in cross-language analysis. 
In the section 2.2 we present a number of further speech databases which are freely 
accessible on the Internet (some of them with an end user license agreement) and were 
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thus selected in the experiments we describe later. They give results of our analyses 
regarding cross-language emotion recognition. The section 2.4 of this contribution then 
includes brief discussions and conclusions.	

2.2 Speech databases 
Eight languages are covered in the databases described next that were selected for 
computational experiments on cross language emotion recognition in the ongoing. Given 
the above described high variability in databases, these were chosen to be I) including 
clean speech and II) rather prototypical given the challenge of cross-language emotion 
recognition. Further selection criteria of these are availability, good overlap in contained 
emotion categories, and coverage of different (partially overlapping) language families. 
Obviously, one would wish for much more languages, more equal conditions, and other 
factors, but the sheer availability is the bottleneck in the young discipline of cross-
language emotion recognition. As these sets come in different emotions, a mapping 
between categories is needed and is fulfilled here by binary arousal and binary valence 
mapping per emotion category. The chosen mapping is not unique but chosen in an 
intuitive manner. The chosen mapping is shown below for each database as follows: 
“emotion category (+/- Arousal / +/- Valence, # instances)”. This mapping procedure 
was first suggested in [26] and has been repeatedly followed since when it comes to 
cross-corpus emotion analyses. 

2.2.1 German Language 
The Berlin Emotional Speech Database (Emo-DB) [27] database contains about 900 
utterances spoken in seven emotions by 10 different actors. There are the sound files 
itself, the label files (syllable label files and phone label files), information about the 
results of different perception tests (including the recognition of emotions, the 
evaluation of naturalness, the syllable stress and the strength of the displayed emotions) 
as well as some results of the measurements of fundamental frequency, energy, 
loudness, duration, stress and rhythm available in the distribution. The emotions and 
speech samples usually chosen in studies (according to a validation study [27]) are: 
anger (+/-,127), boredom (-/-,79), disgust (-/-,38), fear (+/-,55), happiness (+/+,64), 
sadness (-/-,53), and neutral (-/+,78). 

2.2.2 Danish Language 
The Danish Emotional Speech (DES) database contains recordings from 4 actors (2 male 
and 2 female) expressing 5 emotions, each for 30 sec, thus totalling 10 min of Danish 
emotional speech. The data was recorded in an acoustically damped sound studio at 
Aarhus theatre. A high quality microphone was used, which did not influence the 
spectral amplitude or phase characteristics of the speech signal. Between the operator 
room and the recording room, a window was placed so that the actors and the 
operators could see each other at all times. The following was recorded: 2 single words, 
9 sentences and 2 passages of fluent speech. The target voices should also record: 8 
passages, 10 sentences spoken with a neutral voice [16]. The emotions and instances 
after typical chunking in the database are: angry (+/-,52), happy (+/+,52), sad (-/-,52), 
surprise (+/+,52), and neutral (-/+,52).		
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2.2.3 English Language  
The Enterface database [28] contains recordings from 42 persons coming from 14 
different nationalities (e. g., Belgium, Turkey, France, Spain, Greece, Italy, and 
Slovakia), with a percentage of 81% male and 19% female speakers. Each subject was 
told to listen to six successive short stories, each of them eliciting a particular emotion. 
They had to react to each of the situations. The indication given to the subject was to 
be as emotional as possible. The emotions and usually chosen instances contained in the 
database are: anger (+/-,215), fear (+/-,215), happiness (+/+,212), sadness (-/-,215), 
surprise (+/+,215). 

2.2.4 Spanish Language 
The Spanish Emotional Speech (SES) database [29] contains three sets of emotional 
recording sessions and two neutral sessions; each session includes three paragraphs, 
fifteen short sentences, and thirty isolated words, which have been read by a 
professional Spanish actor, simulating four emotions; the short sentences of the first set 
of recording sessions (one of each emotion and the neutral style ‘one’) have been 
manually pitch-marked and phonetically-labelled; further, the first two paragraphs of the 
first set of sessions have been manually pitch-marked and phonetically-labelled, except 
for anger [30]. The emotions and instances from this database are: angry (+/-,9), 
happy (+/+,9), sad (-/-,9), and neutral (-/+,6). 

2.2.5 Romanian Language 
The Spoken Romanian Language (SRoL) database [30] includes more than 1,000 
recordings of spoken language, in different encoding formats and accompanied by 
annotations and extensive documentation. The database contains files with vowels, 
consonants, diphthongs, sentences with emotional states, linguistic particularities for the 
Romanian language, dialectal voices, and gnathosonic, and gnatophonic sounds. The 
registered sentences are: mother	 is	 coming	 (vine mama, in Romanian), who	 did	 that?	
(cine a facut asta, in Romanian), last night (Aseara, in Romanian), and you	came	to	me	
again	(ai venit iar la mine, in Romanian). The recordings were performed at a sampling 
frequency of 22 kHz with PCM signed (24 bits mono). The database contains also a 
recording technical protocol regarding information about the noise, the microphone 
used, the soundboard, and the corresponded drivers. The recordings are accompanied 
by the speaker profile and by a questionnaire concerning vocal pathology and objective 
factors for every speaker. The speakers are aged between 25–35 years; they are from 
the middle area of Moldova and have no manifested pathologies [31]. The emotions and 
instances in the database are: anger (+/-,77), joy (+/+,77), sadness (-/-,77), and 
neutral (-/+,77). 
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2.2.6 Turkish Language 
The BUSIM SPG Turkish Emotional Database [32] contains 484 utterances (121 
utterances per emotional state). The recordings were made by 11 different speakers (8 
females, 3 males) that recorded 11 different Turkish sentences, and each sentence was 
recorded four times. Each utterance was recorded at 16 kHz, 16 bits and 256 kbps [32]. 
The emotional states and instances recorded are: anger (+/-,121), joy (+/+,121), 
sadness (-/-,121), and neutral (-/+,121). 

2.2.7 Burmese and Mandarin Language 
This database includes short utterances covering the six archetypal emotions. A total of 
six native Burmese language speakers and, six native Mandarin language speakers (3 
females, 3 males, each) spoke 720 emotional utterances [33]. The speakers were 
recruited from university staff, postgraduate, and undergraduate students from two 
universities. Recording was executed in a laboratory room that was noise free. The 
speakers were left alone throughout the recording session. All speech data are coded at 
16 bit/sample and sampled at 22 kHz. The emotions and instances from the Burmese 
database are: fury (+/-,69), joy(+/+,69), surprise (+/+,69), and sadness (-/-,39), and 
from Mandarin database: fury (+/-,60), joy (+/+,60), surprise (+/+,60), and sadness (-
/-,60). 
 
The emotional speech databases analysed in this study are summarised in Table 2-2.  

2.3 Experimental results 
In this section, we want to demonstrate some tendencies of cross-language emotion 
recognition, as exemplified by the eight databases described in section 2.2. Overall, we 
train and test each database against each, resulting in 56 tuples, plus 8 intra-database 
runs in 10-fold cross-validation. For these experiments, we employ a well-standardised 
acoustic feature vector: The set used is our openSMILE toolkit’s (version 1.0.1) AVEC set 
[34] with 1,941 features brute forced by functional application to low-level descriptors 
(LLD). Details for the LLD and functionals are given in Table 2-3. The set of LLD covers 
a standard range of commonly used features in speech emotion recognition. The 
approach is based on brute-forcing by calculating LLD, adding their deltas coefficients, 
yet avoiding LLD/functional combinations that produce values which are constant, 
contain (very) little information, and/or high amount of noise (cf. [34] for details). 
Features are computed per whole speech clip. As machine learning algorithm we employ 

Table 2-2) Overview of the selected databases in the experiments (F/M: (Fe-)male subjects) 

Database Language Family Symbol #Arousal #Valence #m #f kHz 
    + - + -    
Emo-DB [27] German Germanic DE 248 246 352 142 5 5 20 
DES [16] Danish Germanic DK 104 156 156 104 2 2 20 
Enterface [28] English Germanic GB 215 857 427 645 34 8 16 
SES [29] Spanish Romanic ES 15 18 15 18 1 0 16 
SRoL [30] Romanian Romanic RO 154 154 154 154 11 8 22 
Busim [32] Turkish Turkic TR 242 242 242 242 3 8 16 
Mandarin [33] Mandarin Sino-Tibetan CN 60 180 120 120 3 3 22 
Burmese [33] Burmese Sino-Tibetan MM 69 177 108 138 3 3 22 
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one-vs- one class support vector 
machines (SVM) trained by 
sequential minimal optimisation 
with linear kernel and a 
complexity parameter of 0.5 using 
the WEKA 3 implementation [35]. 
The rationale behind these 
choices for the feature extraction 
and classification is highest 
reproducibility and 
standardisation, as these choices 
accompany the Interspeech and 
AVEC series of challenges on 
emotion recognition, cf., e. g., 
[36], [34]. 
Accordingly, no further 
optimisation is carried out to 
provide a transparent and re-
doable experiment rather than 
‘tweaking and tuning’ to ‘quench 
out’ some percentage points in 
accuracy. However, we found that 
the models are partially 
translating poorly across 
languages leading to considerably 
sub-chance level accuracies. This 
made it necessary to apply a 
simple rule-based inversion of the 
(binary) target classes for arousal 
and valence as follows: Based on 
10% of the target data, a decision 
is made whether or not to swap classes from the learnt model. In the results shown in 
Table 2-4 for binary arousal and valence classification, these decisions are highlighted by 
¬. In addition, overall mean results are given with and without this strategy. In these 
tables, the numbers outside the main diagonal represent the (mis-matched) cross-
language tests, i. e., one corpus is used as test set and another is used for training, 
each. On the main diagonal, results for within corpus classification based on cross-
validation is given – obviously only as a reference. 
As a measure of comparison, we use unweighted accuracy (UA), i. e., the recall per 
(each of the two) class divided by the number of classes (here simply two). This 
procedure has become popular in emotion recognition, as it well takes the usual 
imbalance across classes into account. Just as the feature extractor and classifier 
implementations, it has been used in various challenges in the field [34], [36]. 

2.4 Discussion and future work 

Table 2-3) Set of 31 LLD and 42 functionals. 1Not applied to 
delta LLD. 2For delta LLD the mean of only possitive values 
are applied, otherwise the arithmatic mean is applied. 3Not 
applied to voicing related LLD. 

Energy & spectral low-level descriptors (25) 
loudness (auditory model based), zero crossing rate, 
energy in bands from 250 – 650 Hz, 1 kHz – 4 kHz, 25 
%, 50 %, 75 %, and 90% spectral roll-off points, spectral 
flux, entropy, variance, skewness, kurtosis, 
psychoacousitc sharpness, harmonicity, MFCC 1–10 
Voicing related low-level descriptors (6) 
F0 (sub-harmonic summation (SHS) followed by Viterbi 
smoothing), probability of voicing, jitter, shimmer (local), 
jitter (delta: ‘jitter of jitter’), logarithmic Harmonics-to-
Noise Ratio (logHNR) 
Statistical functionals (23) 
(positive2) arithmetic mean, root quadratic mean, 
standard deviation, flatness, skewness, kurtosis, 
quartiles, inter-quartile ranges, 1 %, 99% percentile, 
percentile range 1 %–99 %, percentage of frames 
contour is above: minimum + 25%, 50%, and 90% of 
the range, percentage of frames contour is rising, 
maximum, mean, minimum segment length3, standard 
deviation of segment length3 
Regression functionals1 (4) 
linear regression slope, and corresponding approximation 
error (linear), quadratic regression coefficient a, and 
approximation error (linear) 
Local minima/maxima related functionals1 (9) 
mean and standard deviation of rising and falling slopes 
(minimum to maximum), mean and standard deviation of 
inter maxima distances, amplitude mean of maxima, 
amplitude mean of minima, amplitude range of maxima 
Other1;3 (6) 
Linear Prediction (LP) gain, LP Coefficients 1 – 5 
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Clearly, the results presented in Table 2-5 have to be taken with a grain of salt and 
interpreted with utmost care. They shall mostly serve as tendencies, given the 
limitations described above in more detail that one is faced with due to availability of 
multilingual emotional speech data these days. Comparing the values for UA and UA:	one 
sees an absolute delta of 3.3 (arousal) and 3.8 (valence) percent points for processing 
with and without additional post-processing of the learnt SVM models by rule-based 
model inversion based on a 10% sample of the data. This shows that on average, this is 
an efficient step when dealing with cross-language emotion recognition. Further, one 
can group the results by language families as indicated by the grids in Table IV. Average 
results for within and across language family recognition are shown in Table V. The 
absolute delta between within and across language family is 3.6 (arousal) and 7.3 
(valence) percent points UA. Comparing this to the overall mean recognition rate of 
arousal vs valence it shows that not only is arousal easier to recognise from acoustics – 
a well-known fact in the field (cf., e. g., [36]) – but also it seems that valence 
generalises less across language families. The additional summary of within language 
results should not be directly compared with these numbers, as it is not coming from a 
cross-corpus setting – rather, it serves to demonstrate again the easier recognition of 
arousal rather than valence. One also finds some interesting details in the result tables 
such as highly encouraging pairs of languages across language family, such as when 
training arousal on Burmese speech and testing on Danish leading to the best cross-
language family constellation in the table. Likewise, we conclude that cross-language 
and even cross-language family acoustic emotion recognition is feasible, but it will 
remain best to have a suited language resource at hand for each desired target 
language. Obviously, one needs to redo similar experiments with more languages under 
more equal conditions given data availability. For future work, we further consider 

Table 2-4) Unweighted accuracy (UA) for cross-language polarity recognition; train on one language, test 
on another language. Main diagonal (*): Intra-corpus cross-validation (not included in the means); ¬ 
indicated data-based model-inversion cases. 

% UA 
test on: 

Arousal (train on:) Mean 
DE DK GB ES RO TR CN MM UA¬ UA 

DE 
DK 
GB 

97.3* 
50.7¬ 
56.4 

50.3 
95.0* 
62.6 

71.3¬ 
79.4 
87.7* 

54.6¬ 
60.0 
63.6 

50.0 
59.0 
59.7 

69.0 
50.0 
50.2 

60.9¬ 
78.3 
75.4 

68.7¬ 
85.7¬ 
71.1 

60.7 
66.2 
62.7 

44.8 
66.0 
62.7 

ES 
RO 

52.6 
63.1 

65.3 
68.0 

54.2 
78.9 

100* 
60.7¬ 

53.2 
87.3* 

51.8 
52.8 

77.0 
65.4 

76.4 
54.0 

61.5 
63.3 

61.5 
60.2 

TR 51.4 53.0 78.4 54.6¬ 56.8 88.4* 72.9 50.8 59.7 58.4 
CN 
MM 

72.0 
58.1¬ 

65.0 
57.4¬ 

76.8 
57.9 

72.7 
54.6¬ 

68.1 
51.9 

63.8 
53.0 

99.5* 
85.4 

92.6 
97.1* 

73.0 
59.8 

73.0 
54.0 

UA¬ 
UA 

57.8 
55.2 

60.2 
58.1 

71.0 
64.9 

60.2 
53.2 

57.0 
57.0 

55.8 
55.8 

73.6 
70.5 

71.3 
66.0 

63.4 
60.1 

61.1 

 Valence   
DE 
DK 
GB 

86.3* 
50.8 
71.0 

58.5¬ 
68.4* 
53.9¬ 

59.9 
59.6¬ 
79.4* 

54.5 
51.5 
51.5 

50.3 
52.5 
50.9 

51.6 
58.6 
51.2 

62.5 
55.5¬ 
54.6¬ 

54.4 
57.8¬ 
52.4 

56.0 
55.2 
55.1 

53.5 
48.6 
52.6 

ES 
RO 

58.3¬ 
61.3 

54.2 
52.0¬ 

61.3 
57.0¬ 

100* 
54.5 

50.0 
56.4* 

51.6 
54.2¬ 

57.1¬ 
55.0¬ 

64.3¬ 
54.0 

56.7 
55.4 

48.2 
50.2 

TR 67.2 57.3 50.4 51.6¬ 52.9 72.3* 50.5¬ 52.9¬ 554.7 53.3 
CN 
MM 

57.7¬ 
51.3¬ 

54.6 
51.6¬ 

54.2 
51.7 

54.5 
54.5 

50.7¬ 
53.6¬ 

54.9 
50.7¬ 

95.8* 
77.0 

83.7 
94.7* 

58.6 
55.8 

56.2 
53.7 

Mean UA¬ 
Mean UA 

59.7 
54.7 

54.6 
50.0 

56.3 
51.6 

53.2 
52.8 

51.6 
50.3 

53.3 
51.9 

58.9 
52.4 

59.9 
52.8 

55.9 
52.1 

52.1 
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transfer learning across 
languages of particular 
interest (next section), as 
has recently been shown 
successful to adapt adult 
emotional speech data to 
children’s speech [37] or 
even to train a speech emotion classifier with music [38]. 
 

3 Cross lingual speech emotion recognition using canonical 
correlation analysis on principal component subspace2 

The fast pace of progress in the ubiquitous Internet facilitates collection of more data in 
less time. This is beneficial for the machine learning domain where more data can 
represent better the feature distribution. However, the side effect is that the labels of 
the collected data may not be available and they need to be annotated by human effort. 
This could be costly, tedious, cumbersome, and time consuming. Semi-supervised 
approaches such as active learning try to reduce this effort by automatic labelling of the 
data which have a high probability in a class and get the label from human when the 
certainty is not adequate. Nevertheless, for big databases this approach will be also less 
practical. Instead, transfer learning (TL) approaches try to use the knowledge which is 
already gained from other databases and use this knowledge for a new database [39]. 
Therefore, no more human effort would be needed for the annotation. In addition, in TL 
there is no necessity to hold the assumption of having the same distribution for training 
and testing data. This is beneficial when the train and test data are not obtained in the 
same way (e.g., studio vs. real environment audio recording) or their modalities are 
different (e.g., image vs. speech). TL approaches are categorized based on the domain 
and the task of the source and the target corpora. If both domain and task are the same 
and the target corpus is not annotated, the problem is called domain adaptation [40]. 
Kernel Mean Matching (KMM) was proposed to deal with domain adaptation problems by 
directly estimating the resampling weights by matching training and test distribution 
means in a reproducing kernel Hilbert space [41]. Recently, it was applied to reduce the 
acoustic and speaker difference across training and test data for speech emotion 
recognition [42]. Moreover, Deng et al. proposed the use of Shared-Hidden-Layer Auto-
Encoders (SHLA) to obtain shared views of source and target emotional speech corpora 
[43]. In this approach, having two data corpora 𝜒!" ∈ ℝ!×! and 𝜒!" ∈ ℝ!×!, an artificial 
neural network with Q neurons in the input layer, H < Q neurons in the hidden layer, 
and 2Q neurons in the output layer is created (cf. Figure 3-1). A gradient descent 
approach is performed to find the tuning parameters. Finally, the outputs of the hidden 

                                            
2 The content of this section is from: 
H. Sagha, J. Deng, M. Gavryukova, J. Han, Björn Schuller, “Cross-lingual speech emotion 
recognition using canonical correlation analysis on principal component subspace.” The 
41st IEEE international Conference on Acoustic, Speech and Signal Processing (ICASSP), 
2016 

Table 2-5) Mean unweighted accuracy (UA) within the same 
language (L), and within/across language family (LF). 

%UA same L within LF across LF 
Arousal 94.0 66.3 62.7 
Valence 81.7 61.9 54.6 
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layer are used for the training and 
classification. They compared this 
method with KMM, showing an 
improvement in cross-lingual emotion 
classification from speech.  
In this paper, motivated by the 
success of SHLA, we propose a 
domain adaption method, which 
applies Canonical Correlation Analysis 
(CCA) to find the views with the 
highest correlations between source 
and target corpora. CCA is a statistical 
method to find linear bases so that the correlations between the projections of the 
variables onto these bases are mutually maximized [44]. Kernel CCA (KCCA) has been 
widely used for multimodal dimensionality reduction, such as for fMRI analysis [45] and 
speaker identification [46].  
Further, it was found that CCA based feature reduction can overcome the problem of 
over-fitting and provide a compact set of high quality features for computational 
paralinguistic applications [47]. Additionally, it has also been used as multi-view transfer 
learning for cross-language information retrieval where a parallel corpus is generated by 
text translation [48], [49]. 
Rather than using CCA as a feature reduction, we extend CCA to alleviate the mismatch 
between different languages for emotion recognition from speech. We generate two 
subspaces for each training and test corpora and map data onto each subspace. 
Therefore, two paired corpora are generated. Finally, we use Kernel CCA to find the 
views of the two subspaces where their mappings onto those views have the highest 
match. 
The remainder of this deliverable is organized as follows. Next section provides the basis 
for CCA and Kernel CCA and our approach to apply it on domain adaptation. In Section 
3.2 we describe the databases and in Section 3.3 we compare the results with SHLA. 
Section 5 draws conclusions and point future directions. 

3.1 Method 
Similar to Auto-Encoder transfer learning, the idea is to seek shared representation of 
features for the source and target databases. Then, a model is built on these features 
from the source database, and is used to label the target database. In the following, 
first we introduce general CCA, and the Kernel CCA, and then the proposed approach on 
how to deploy Kernel CCA for transfer learning. 

3.1.1 CCA 
Consider two databases 𝑋 ∈ 𝑅!×! and 𝑌 ∈ 𝑅!×! having n paired multivariate random 
vector (𝑥! , 𝑦!). CCA finds mappings (views) for 𝑋 and 𝑌 so that the mapped data are 
highly correlated. In other words, CCA maximizes:  

𝜌 = max!,! 𝑐𝑜𝑟𝑟 𝑋𝑤,𝑌𝑣 = max!,!
!!!!"!

!!!!!!"!!!!!
  (1) 

 
Figure 3-1) Domain adaptation using Shared-Hidden-

Layer Auto-Encoder 
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Here, 𝑤 can be found through Lagrangian approach and is the eigenvectors in the form 
of:  

𝐶!"𝐶!!!!𝐶!" = 𝜆!𝐶!!𝑤    (2) 

where 𝐶𝑥𝑦 is the cross covariance matrix between 𝑋 and 𝑌. Then, we select the N 
vectors corresponding to the N largest eigenvalues. 𝑣 is equal to  

𝑣 = !!!!!!!"!
!

   (3) 

𝑋𝑤 and 𝑌𝑣 have the highest correlation on the vector corresponding to the largest 
eigenvalue, and the second highest on the second vector corresponding to the second 
largest eigenvalue and so on. The upper limit of N is the minimum of rank of X and Y. 

3.1.2 Kernel CCA (KCCA) 
Kernel CCA, defines a Kernel on data and similar to CCA it seeks to maximize the 
correlation between mappings of these kernels:  

𝜌 = max!,!
!!!!!!!

!!!!!!"!!!!!!
   (4) 

where 𝐾!  and 𝐾! are the kernel matrices corresponding to the two representations. As 
linear kernel they are 𝐾! = 𝑋𝑋′ and 𝐾! = 𝑌𝑌′, and as RBF kernels they are defined as 

𝐾! 𝑥! , 𝑥! = 𝑒!
!!!!!

!

!!! , where 𝜎 is a free parameter. The solution to (4) is in the form of 
eigenproblem:  

𝐾! + 𝜅𝐼 !!𝐾!(𝐾! + 𝜅𝐼)!!𝐾!𝛼 = 𝜆!𝛼   (5) 

where 𝜅 is the regularization parameter. Moreover,  

𝛽 = (!!!!")!!!!!
!

   (6) 
Finally, the two mapping vectors are 𝑤 = 𝑋′𝛼 and 𝑣 = 𝑌′𝛽 [50].   

3.1.3 KCCA-based domain adaptation 
CCA and KCCA are useful when 𝑥!s and 𝑦!s are paired together. For example, Kaya et al. 
used them for feature reduction where 𝑥!  are the features and 𝑦! are the binarized class 
labels [47]. Different from the use of KCCA for feature reduction, this paper makes use 
of KCCA in conjunction with Principal Component Analysis (PCA) for domain adaptation. 
Note that PCA is used to create two representations of each corpus on two sets of 
orthogonal vectors, as principal components, to preserve information on lower 
dimensions. The schematic of the approach is shown in Figure 3-2. First, source data is 
mapped on its principal components, 𝑋!!, and on target principal components, 𝑋!!. 
Similarly, target data is mapped on its principal components, 𝑌!!, and on source 
principal components, 𝑌!!. Then we reduce dimensions for each mapping to keep 99% 
of variation on principal components (This will help to avoid singularity during KCCA 
process). In general, there is no need to have the two views with the same number of 
transferred features. However, for the following analyses we kept them the same, equal 
to the maximum of the two reduced dimensions. Secondly, we find the shared view 
between the paired mapped data on the source principal components,  𝑋!!;𝑌!!  and 
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Figure 3-2)  proposed approach. Superscript Px and Py denote the data 

mapping to Xs and Ys principal components, respectively. 

the target principal 
components 𝑋!!;𝑌!!  
using canonical 
correlation analysis. 
Then, we pick top N 
dimensions (with largest 
correlations) of 𝑤 and 𝑣 
and map 𝑋!! on w and 
𝑌!! on 𝑣. Finally, a 
classifier is trained on the 
mapped training data 
and tested on the 
mapped test data. 
Note that, if we do not map the data on their principal components or we use the same 
mapping for both corpora (i.e., 𝑋!!;𝑌!! = 𝑋!!;𝑌!! ), then KCCA will be reduced to 
Kernel PCA. 

3.2 Experiment 
We compare the results of using no domain adaptation with five models of transfer 
learning on four emotional speech databases. Two of the domain adaptation methods 
are the proposed KCCA approach with RBF and linear kernels. We set N = 30, 40, 50 to 
create three models and we used Bayesian fusion to combine the decisions of each 
model. We tried 𝜅 value with 10, 50, and 100. The two other approaches are based on 
Kernel PCA with linear and RBF kernels. In this case we map data on three subspaces; 
𝑋′s principal components, 𝑌′s principal components, and 𝑋;𝑌 ’s principal components. 
We perform the classification on these three views and combine the decisions. 
Additionally, we compare the methods with the SHLA with the same number of hidden 
layers (N = 30, 40, 50) and decision fusion approach. We ran this process ten times and 
provided the average of the results. 

3.2.1 Databases 
Four databases with different languages have been investigated. Some information 
about these databases are provided in Table 3-1. All utterances of all corpora are 
generated by actors/actresses in studio environment. EMODB is a German emotional 
speech corpus where 10 sentences with emotionally neutral content is uttered in 
different emotions. In the SAVEE corpus each actor uttered 15 sentences in different 
emotions and they are validated by 10 subjects. The Italian corpus (EMOVO) contains 
utterances of 14 sentences simulating six emotional states plus neutral state. In the 
Polish Emotional Speech Dataset each speaker uttered five different sentences with six 
types of emotional load. 
 
Table 3-1) Corpora information and the mapping of class labels into Negative/Positive valence. (#m): 
number of male speaker,	(#f):	number	of	female	speakers,	(Rate):	Sampling	rate. 

Corpus Language #m #f Rate Negative Valence (#) Positive Valence (#) 
EMODB [27] German 5 5 16 Anger, Sadness, Fear, Disgust, Boredom (385) Neutral, Happiness (150) 
SAVEE [51] English 4 0 44 Anger, Sadness, Fear, Disgust (240) Neutral, Happiness, Surprise (240) 
EMOVO [52] Italian 3 3 44 Anger, Sadness, Fear, Disgust (336) Neutral, Joy, Surprise (252) 
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Polish [53] Polish 4 4 44 Anger, Sadness, Fear, Boredom (160) Neutral, Joy (80) 

3.2.2 Feature Extraction 
We extracted 384 features as in InterSpeech Emotion Challenge 2009 using OpenSMILE 
[54]. It comprises 12 functional of 2x16 acoustic Low-Level Descriptors (LLDs) including 
their first delta regression. The LLDs are zero-crossing rate, root mean square of frame 
energy, pitch frequency, harmonics-to-noise ratio by autocorrelation function and Mel-
frequency cepstral coefficient 1-12. The 12 functionals are minimum, maximum, mean, 
standard deviation, kurtosis, skewness, relative position, ranges and two linear 
regression coefficients with their mean square error. Additionally, we removed the 
features which are highly correlated with each other (|ρ| > 0.95) or if they have small 
variance (< 10!!"). This feature pruning keeps 311 features. Moreover, we removed the 
outlier data where a feature value is larger than 10 times of the standard deviation. 
Finally, we performed subject based normalization followed by corpus-based 
normalization (SC-normalization) which is shown to boost cross-language emotion 
recognition [55]. The SC-normalized data is fed to the transfer learning method. 

3.3 Result 
Table 3-2 shows the performance of classification using Simple Logistic classifier. The 
choice of this non-parametric classifier was to avoid parameter tuning and have a fair 
comparison between databases. Unweighted Average Recall (UAR) is used as 
performance measure. 
Classifications without transfer 
learning are denoted as ’Direct C’ 
for corpus normalized data and 
’Direct SC’ for SC-normalized 
data. Only in one case (out of 
12) the performance has not 
been improved by transfer 
learning. In 7 cases (out of 11) 
KCCA, in 3 cases SHLA and in 1 
case PCA provide the highest 
accuracy. On average Direct SC 
yields 2.5% improvement with 
respect to Direct C. Furthermore, 
KCCA (Linear), KCCA (RBF), 
KPCA (Linear), KPCA (RBF) and 
SHLA yield 2.89%, 2.76%, 
2.74%, 2.57%, and 1.98% 
average improvement over Direct 
SC, respectively. 
The advantage of the KCCA and 
KPCA over SHLA is the analytical 
solution instead of gradient 
descent. Therefore, there is no 
risk of falling in a local minima 
and the learning speed is faster. 

Table 3-2) UAR of transfer learning methods 

  EMODB SAVEE EMOVO Polish 

EM
O

D
B 

Direct C  55.83 56.40 71.87 
Direct SC  59.17 58.73 69.06 
KCCA (Lin.)  64.58 57.89 72.81 
KCCA (RBF)  65.21 56.99 72.50 
KPCA (Lin.)  64.37 57.64 72.19 
KPCA (RBF)  63.54 57.19 70.00 
SHLA  63.69 56.79 59.72 

SA
VE

E 

Direct C 62.46  54.56 65.00 
Direct SC 63.14  57.59 62.81 
KCCA (Lin.) 70.57  59.32 69.37 
KCCA (RBF) 71.89  59.52 67.50 
KPCA (Lin.) 70.09  58.73 72.81 
KPCA (RBF) 67.92  58.28 74.06 
SHLA 67.67  58.96 70.23 

EM
O

VO
 

Direct C 58.02 51.25  55.31 
Direct SC 59.10 55.42  70.94 
KCCA (Lin.) 62.92 58.54  65.94 
KCCA (RBF) 60.23 56.04  71.87 
KPCA (Lin.) 65.38 56.04  62.81 
KPCA (RBF) 66.70 56.04  67.50 
SHLA 67.32 58.16  64.32 

Po
lis

h 

Direct C 65.09 55.42 57.29  
Direct SC 65.92 56.87 54.32  
KCCA (Lin.) 70.93 58.75 56.10  
KCCA (RBF) 68.45 61.87 54.12  
KPCA (Lin.) 69.33 58.75 57.79  
KPCA (RBF) 67.91 57.08 57.64  
SHLA 71.10 60.57 58.27  
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Moreover, using KCCA prevents the necessity of having the same number and type of 
features. On the other hand, autoencoders with large number of layers and nodes with 
non-linear activation function can represent better non-linearity in the data distribution. 
However, to achieve this non-linear mapping there is a need of much more data 
samples. 

3.4 Discussion and future work 
We improved the cross-lingual emotion recognition using Kernel Canonical Correlation 
Analysis (KCCA) on principal component subspaces to increase the similarity between 
the two source and target corpora. We compared this approach with the Kernel PCA as 
well as a state-of-the-art autoencoder approach named as Shared Hidden Layer 
Autoencoder (SHLA). On average, the proposed approach performs better than the 
others.  
The future study is toward the use of non-linear mapping instead of linear PCA to 
generate subspaces. Non-linear mapping can be achieved through Deep Canonical 
Correlation Analysis where Deep Neural Networks are trained to reduce the dissimilarity 
between two distributions [56], [57]. Additionally, discriminant mappings (such as Linear 
Discriminant Analysis [58]) could be applied on the training corpora to increase the level 
of discrimination on the corresponding subspace. 

4 Conclusion  
In the MixedEmotions project, emotion recognition system should be universal and 
ready to cope with the multi-lingual audio data. In this respect, due to unavailability of 
annotated data, it is infeasible to create models for each language. Therefore, in this 
deliverable we investigated the cross-lingual emotion analysis, assuming we have 
annotation for one language and we want to recognize emotions in audios of another 
language. First, we found that having source and target from the “same language,” we 
achieve the highest accuracy and then choosing the source language in the “same 
language family” yields higher accuracy than “between language families.” We further 
improved the cross-lingual emotion recognition using transfer learning. The results 
demonstrate the possible methodologies to cope with the multilingual aspect of the 
MixedEmotions project where none or few annotations are provided for a data source.  
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