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Abstract— In this paper, we propose the use of a Gaussian 

Probabilistic Linear Discriminant Analysis (GPLDA) back-end 

for utterance level emotion classification based on i-vectors 

representing the distribution of frame level MFCC features.  

Experimental results based on the IEMOCAP corpus show that 

the GPLDA back-end outperforms an SVM based back-end 

while being less sensitive to i-vector dimensionality, making the 

proposed framework more robust to parameter tuning during 

system development. 

I. INTRODUCTION 

The ability to automatically recognize emotions from 

speech is a highly desirable attribute to have in human-

machine interfaces and has potential applications in a number 

of scenarios ranging from call centers to smart devices. 

Consequently speech based emotion recognition has been an 

active area of research and has been so over the past decade [1, 

2, 3].  The majority of this research has focused on identifying 

suitable features, feature selection methods and classification 

techniques [1, 2, 3].  Currently, most state-of-the-art systems 

use high dimensional feature sets derived from a number of 

phonetic, acoustic and prosodic features with an appropriately 

trained classifier such as Support Vector Machine(SVMs) or 

Neural Networks as back-ends [2,3].  Some systems 

optionally use feature selection algorithms to reduce the 

dimensionality of the initial large feature set prior to 

classification [4]. 

An alternative approach is to model the distribution of 

frame based features such as Mel Frequency Cepstral 

Coefficients (MFCCs) from each utterance using Gaussian 

mixture models (GMMs) and then use a vectorial 

representation of these models (such as supervectors) as the 

input to the back-end classifiers [5, 6].  In particular, factor 

analyses of the supervector spaces leading to the i-vector 

framework, which is the de facto standard in speaker 

verification systems [7, 8], has shown promise in emotion 

recognition systems [9, 10] but has not been fully explored. 

In [9], an approach based on extended i-vectors was 

suggested for speech based emotion detection.  Use of i-

vectors has also been suggested for continuous emotion 

recognition in [10].  In [5], latent factor analysis approach was 

shown to improve performance when applied to emotion 

recognition. Specifically, speaker state factors were extracted 

from emotional speech and modeled by the back-end. 

Following i-vector extraction, a number of back-ends have 

been used as classifiers in speaker verification systems, 

including cosine distance scoring and support vector 

machines (SVMs).  However, the recently introduced GPLDA 

based back-ends have emerged as the most effective 

classification methodology within the i-vector framework for 

speaker recognition [11].  Our work investigates the 

suitability of this i-vector GPLDA approach for automatic 

emotion recognition of categorical emotional labels. 

GPLDA is a principled method for manipulating the input 

features, in this case the i-vectors, such that more 

discriminative feature subspaces have a greater impact on 

classification [12].  Consequently, the work reported in this 

paper also investigates if the GPLDA back-end can handle 

redundancy in the i-vector representation better than support 

vector machines. 

II. THE I-VECTOR GPLDA FRAMEWORK 

The proposed emotion recognition system (Fig. 1) 

represents each utterance as an i-vector estimated from frame 

based MFCCs features.  Following this, a GPLDA back-end 

trained on the i-vectors is used to assign the best matching 

emotion label to each test utterance. 
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Fig. 1   Overview of proposed i-vector GPLDA System 

A. I-vector Estimation 

The GMM supervector represents the probability 

distribution of short term features extracted from a speech 

segment, in this case frame-level MFCCs extracted from each 

utterance [3].  Joint factor analysis (JFA) and the i-vector 

paradigms aim to overcome limitations of the supervectors 

(due to high dimensionality) by modelling the variability 

(information) contained in the supervectors with a much 

smaller set of factors.  Specifically, in the i-vector framework 

[7], variations in speech due to different factors are modelled 

by a single space called total variability space while JFA 

based approaches attempt to model variations due to different 

factors independently [7].  The total variability space is 

defined by the total variability matrix T comprising of 

eigenvectors corresponding to largest eigenvalues of the total 

variability covariance matrix [7].  In the context of emotional 

speech data, the total variability space represent all the 

variations in the distributions of the frame level features, 
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including speaker, emotional and channel variabilities.  In this 

space, a given utterance is modeled as  
𝐌 = 𝒎 + 𝐓𝜼. Where, M is the speaker, emotion and channel 

dependent supervector, m is a speaker, emotion and channel 

independent supervector, T is a low rank rectangular matrix 

and η is the i-vector that represents all the variability in the 

supervectors in a much lower dimensional vector. Both the 

total variability matrix T and the Universal Background 

Model (UBM)are estimated from training data comprising of 

speech corresponding to multiple emotion from multiple 

speakers. 

B. GPLDA based Back-End 

1) GPLDA: 

 Gaussian probabilistic linear discriminant analysis 

(GPLDA) is a powerful technique that factorises the input 

features, in this case the i-vectors, in terms of a small number 

of underlying identity variables [11, 14].  The assumptions 

that the probability distribution of the input features given the 

underlying identity variables is a Gaussian distribution and 

that the probability distribution of the underlying identity 

variabilities is also a Gaussian distribution leads to the 

name ’Gaussian’ PLDA.  In this work, the i-vectors extracted 

from each utterance are the input features to the GPLDA 

back-end.  Specifically, given a set of R utterances, the i-

vector 𝜼𝒓 can be modeled as follows: 

 𝜼𝒓 = 𝝁 + 𝚽𝜷𝒓 + 𝜺𝒓 ( 1 ) 

where r = 1...R, the i-vector model 𝜼𝒓 is the sum of the 

emotion specific component, 𝚽𝜷𝒓 , the noise component, 𝜺𝒓, 

and a global offset  𝝁.  The matrix 𝚽 represents the projection 

from the i-vectors to the underlying latent emotion identity 

variables represented by 𝜷.  The within class variance and 

residual noise is represented by 𝜺𝒓 which is characterized by a 

full covariance matrix 𝚺, and 𝝁 is estimated as the mean value 

of all the training data.  The GPLDA model also makes the 

following assumptions: 

 𝑷(𝜼𝒓|𝜷𝒓, 𝜽) = 𝑮[𝝁 + 𝚽𝜷𝒓, 𝚺] ( 2 ) 

where 𝐺[𝒂, 𝒃] represents a Gaussian distribution with mean 

𝒂 and covariance matrix 𝒃.  The model parameters 𝜽 = { 𝝁, 𝚽, 

𝚺 } are learned from the development data, a separate data set 

from that used to train the i-vector modeling framework.   

These model parameters are extracted using EM algorithm as 

in [11, 14].  It is also assumed that the emotion identity 

variables have a standard normal distribution, i.e., 𝑃(𝜷𝒓) = 

𝐺[𝟎, 𝐈]. 

2) Whitening of i-vectors for GPLDA modeling: 

In the GPLDA modeling, two main assumptions are made. 

They are (i) Identity variable, 𝜷 , and other sources of 

variabilities (such as speaker, channel and session effects) are 

independent and; (ii) they have Gaussian probability 

distributions.  But the Gaussianity assumption of the data does 

not generally hold for speech data [11]. Therefore a 

normalization method is applied to make the i-vector 

distribution more Gaussian [11].  Specifically, a linear 

whitening transform followed by length normalization is used 

to reduce the non-Gaussianity of the i-vectors [11].  In the 

systems reported in this paper, the GPLDA models were 

trained on development data drawn from all emotional classes 

from multiple speakers. The whitening normalization was 

carried out for both development and test data. 

3) GPLDA Scoring: 

For each test utterance, a score is estimated with respect to 

each i-vector in the development data set [11, 14].  This score 

is the log likelihood ratio between two competing hypotheses: 

H0 and H1.  Where H0 hypothesizes that both the given test i-

vector: 𝜼𝒕 and considered development i-vector: 𝜼𝒅 share the 

same emotion identity variable 𝜷𝟏 while H1 hypothesizes that 

they correspond to two distinct emotion identity variables 𝜷𝟏 

and  𝜷𝟐.  

𝒔𝒄𝒐𝒓𝒆 = 𝒍𝒐𝒈(𝑷(𝜼𝒕, 𝜼𝒅| 𝑯𝟎)) − 𝒍𝒐𝒈 (𝑷(𝜼𝒕, 𝜼𝒅| 𝑯𝟏)) ( 3 ) 

In the proposed emotion classification system, in order to 

associate a specific emotion label to each test utterance, it is 

scored against all development utterances from each 

emotional class and the average score per emotion is 

computed.  The test vector is then associated with the emotion 

corresponding to the highest average score. 

III. EXPERIMENTS 

A. IEMOCAP Database 

The Interactive Emotional Dyadic Motion Capture 

(IEMOCAP) database was used in all the experiments 

reported in this paper [15].  The database consists nearly 12 

hours of audio and visual data collected from 10 actors (5 

male and 5 female) engaged in scripted and improvised 

dialogs in dyadic sessions (1 male and 1 female in each 

session).  The sessions were later manually segmented into 

utterances and annotated by human evaluators with one or 

few of the following class labels: angry, happy, sad, neutral, 

frustrated, excited, fearful, surprised, disgusted, and other. 

In the experiments reported in this paper, only the 

utterances with a majority agreement on the emotion category 

between evaluators (at least 2 out of 3 evaluators picked the 

same emotional category) were selected.  Further, only the 

four emotions with maximum number of utterances across the 

database were considered in the experiments, namely angry, 

happy, sad and neutral.  Finally, in order to balance data 

distribution among classes, the emotional categories of happy 

and excited were merged to a one happy class.  The data setup 

is identical to that used in experiments reported in [4, 5, 6, 16, 

21]. 

B. Experiment Settings 

The proposed i-vector GPLDA system was compared to 3 

other systems that spans the current approaches to speech 

based emotion recognitions.  Specifically, the following three 

baseline systems were implemented in addition to the 

proposed system.  

   • Baseline 1: emo-ISO9-SVM: This system utilizes the 

2009Interspeech feature set (emo ISO9 feature set) extracted 
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using the openSMILE toolkit [17].  These features were then 

input to a Linear Polynomial Kernel SVM classifier trained 

using Sequential Minimal Optimization (SMO).    

   • Baseline 2: MFCC-Supervector-SVM: This system uses 

GMM supervectors [6] estimated from frame based MFCCs 

as features to the back-end which was identical to the emo-

ISO9-SVM above.   

   • Baseline 3: MFCC-i-Vector-SVM : This system modifies 

the above MFCC-Supervector-SVM system by first 

estimating i-vectors from the GMM supervectors prior to the 

SVM based emotion classification identical to the above two 

systems. 

The proposed i-vector GPLDA system and the three 

baseline systems described above were evaluated using 10-

fold leave-one-speaker-out cross validation.  For each fold, 

the development data and training data for a system were 

obtained by dividing the available data from 9 speakers into 

two non-overlapping data portions with identical data 

distributions among all four emotion classes.  The held out 

data from the 10
th

 speaker was used as the test data in that 

fold.  Further, since each speaker in the database contain both 

scripted and improvised speech utterances, care was taken to 

ensure that equal portions of improvised and acted data from 

each speaker was assigned to the two non-overlapping 

training and development datasets in each fold. 

In order to implement all the systems, frame level MFCCs 

were extracted using 50ms windows with 50% overlap 

between frames.  A 39 dimensional feature vector comprising 

of the first 12 MFCCs, energy, and their first and second 

derivatives computed per frame. Following feature extraction, 

the feature vectors corresponding to unvoiced regions were 

removed using the Voice Activity Detector (VAD) developed 

in [18].  The i-vector framework and the GPLDA back-end 

were both implemented using the MSR Identity Toolbox [19], 

and the SVM back-ends were implemented using WEKA [20]. 

The number of mixture components in the UBM was varied in 

order to obtain the best performance on both the baseline and 

the proposed systems. The effect of i-vector dimensionality 

on the performance of the proposed approach is reported in 

section IV (Fig. 2 and Fig. 3). 

IV. RESULTS 

In addition to the three baseline systems implemented as part 

of this work, the results of the proposed i-vector GPLDA 

system are also compared against a number of other systems 

previously reported in the literature [4, 5, 16, 21] that have 

also been tested on the same database, using similar data 

selection schemes following leave-one-speaker-out cross 

validation. Table I compares the performance of the proposed 

system with that of three baseline systems (refer section III B) 

as well as six systems previously reported in the literature.  It 

should be noted that for these six systems, the classification 

accuracy results reported by the authors in the literature are 

repeated here.  All the systems share same database and tested 

under identical conditions.  Both Unweighted Average Recall 

(UAR) and Weighted Average Recall (WAR) are presented, 

but it should be noted that with unbalanced data sets, UAR 

may be a better indicator of system performance compared to 

WAR.   The unweighted average recall (UAR) is also the 

performance metric used in both INTERSPEECH emotion 

recognition challenges to date. 
TABLE   I 

SUMMARY OF THE CLASSIFICATION RESULTS ON IEMOCAP DATABASE FOR 

LEAVE-ONE-SPEAKER-OUT-CROSS VALIDATION 

 

System UAR WAR 

MFCC-HMM [16] 50.69% - 

Hierarchical binary decision tree [4] 58.46% 56.38% 

Eigen channel factor-SVM [5] 55.84% 55.88% 

MFCC-GMM (baseline) [5] 54.11% - 

Speaker Normalization [21] 56.73% - 

Lexical Normalization [21] 55.37% - 

Baseline 1:emo-ISO9-SVM 56.75% 56.28% 

Baseline 2:MFCC-Supervector-SVM (512 GMM) 55.50% 53.93% 

Baseline 3:MFCC-i-Vector-SVM (256 GMM i-

vector length-75) 
56.95% 56.20% 

Proposed i-Vector-GPLDA 

(256 GMM i-vector length 92) 
58.20% 55.92% 

It can be seen from Table I that the proposed i-vector 

GPLDA system achieved an unweighted average recall 

(UAR) of 58.2% which outperformed all three baseline 

systems and matched the best reported results in the literature 

on this database.  Specifically, comparing the results from 

baseline 2, baseline 3 and the proposed system, it can be seen 

that the introduction of the i-vectors leads to a performance 

improvement (1.45% absolute) and replacing the SVM back-

end with a GPLDA back-end led to a further improvement 

(1.25% absolute). 

The best performing system evaluated with only acoustic 

features on this database was reported in [4] and its  

performance is matched by the performance of the proposed 

system.   

 
Fig. 2   Variation of UAR with varying i-vector length. 

 Both the hierarchical tree based system reported in [4] as 

well as the proposed system benefit from tuning the system 

parameters.  However, the proposed system does not require 

an additional phase (of preliminary experiments) to determine 

the structure of the hierarchical tree [4]. In addition to 

improved classification performance, it was also observed that 

the GPLDA back-end was more robust to i-vector dimension 

tuning.  Both the GPLDA based and SVM based systems 

showed an optimum performance around the region of i-

vector length from 75 to 95 while the UAR reduced for higher 
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and lower i-vector lengths gradually from the optimum region.  

This behavior is most likely due to the fact that the use of 

higher dimensional i-vectors may lead to the inclusion of 

additional information unrelated to emotions, while the use of 

low dimensional i-vectors may lead to loss of information 

required to distinguish between emotional classes, both of 

which lead to lowered performance. 

However, in comparison to the SVM back-end, the GPLDA 

back-end was significantly less sensitive to i-vector 

dimensionality and in particular having a somewhat higher 

dimensional i-vector had negligible impact on the system (Fig. 

2). 

This robustness to i-vector dimensionality may be because 

the GPLDA back-end weights the more discriminative i-

vector dimensions higher than the less discriminative 

dimensions.  Thus, even when the i-vectors are noisy, the 

GPLDA perform an implicit feature selection through the 

weighting process leading to better performance compared to 

SVMs. 

 
Fig. 3   Effect of i-vector length on average classification accuracies of 

different emotional categories 

Fig. 3 compares the performance of the proposed GPLDA 

system on the 4 individual emotion category recall rates to 

that of the SVM based back-end (Baseline-3) as a function of 

i-vector dimensionality.  

V. CONCLUSIONS 

The proposed i-vector GPLDA system offers state of-the-

art speech emotion classification performance on the 

IEMOCAP database. Specifically, our results show that a 

GPLDA back-end can outperform a SVM based back-end in 

the context of emotion classification. Finally, our experiments 

demonstrate that a GPLDA backend is significantly less 

sensitive to i-vector dimensionality when compared to SVM 

back-ends.  This is of particular significance since the i-vector 

dimensionality is a system hyperparameter that is normally 

tuned on some development data and consequently the 

optimal value is likely to vary between databases.  However, 

if the back-end is not sensitive to the i-vector dimensionality, 

hyper-parameter tuning to determine the optimal 

dimensionality may be avoided or minimized. 
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