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A Multimodal Model for Personality Recognition through Speech

○Nathania Nah (Tokyo Tech), △Yuri Tsuchiya (Tokyo Tech),

Takafumi Koshinaka (YCU), Koichi Shinoda (Tokyo Tech)

Abstract

Exploring the field of affective computing is im-

portant for understanding how humans think and

interact with each other. Personality computing fo-

cuses on methods of performing the automatic de-

tection of human traits which compose their per-

sonality. Using the Five Factor Model of Person-

ality as a measure to describe a subject’s person-

ality, temperament, and psyche, this work employs

a multimodal model to perform automatic person-

ality recognition on speech. We employ the use of

speaker and phone disentanglement in speech repre-

sentation learning, a technique known to be effective

in emotion recognition, to predict scores for person-

ality traits trained on the UDIVA dataset and out-

perform current methods that use visual features.

1 Introduction

Understanding another’s thought patterns and

motivations is often essential for effective commu-

nication. This type of information can often be

captured through understanding their personality.

One’s personality consists of stable characteristics

that drive their own motivations, behaviors, emo-

tions, etc. and contributes to the individuality [3].

Our work explores how to infer personality from

audio and transcribed text, building upon a previ-

ous multimodal audio-textual method for emotion

recognition [5] that disentangles personality features

from phone and speaker characteristics from speech.

2 Related work

One of the most common models used in personal-

ity psychology is the Big Five Model of Personality,

which is also often referred to as the Five-Factor or

OCEAN Model [3]. The traits described by the Big

Five are: Openness, Conscientiousness, Extraver-

sion, Agreeableness, Neuroticism. This model as-

signs a numerical value to each of these traits, rep-

resenting personality in a five-dimensional vector.

Several methods have been introduced to predict

self-reported personality scores, but most of them

heavily rely on visual information [6]. In this work,

we aim to perform personality recognition without

the use of visual features, as previous works have

also found that speech features can be informative

for the personality recognition task [1].

3 Methodology

Our model follows an audio and text bimodal

structure with late fusion. We train each modality

separately to predict personality scores and combine

those results for our final output.

3.1 Audio Modality

For our audio speech model, we use an encoder-

decoder model to generate speech representations

that contain personality information. We perform

feature extraction on our input to generate speech

spectrograms, phone sequences, speaker identity

embeddings, and wav2vec2.0 features [2].

The representational encoder takes the

wav2vec2.0 features and speaker identity embed-

dings as input to generate a speech representation.

The decoder uses this representation with the

phone sequence embeddings and speaker identity

embeddings to reconstruct the mel-frequency

spectrograms. These speech representations are

also used in our regressor to predict personality

scores. We minimize the reconstruction loss from

the decoder and MSE loss from the regressor.

3.2 Text Modality

For the text-based personality recognition task,

we implement an ASR component to generate text

transcriptions for each speech sample. From these

transcriptions, we extract features using a pre-

trained BERT model [4] with which to train our

text-based personality recognition model using a

convolutional neural network [5].

3.3 Multimodal Fusion

Each modality produces personality score predic-

tions for each input. To combine the results, we

assign a weight vector to each modality to apply

different weights for each individual trait.



Fig. 1 Architecture for the speech modality, as de-

scribed in Section 3.1.

Method O C E A N Avg ↓
UDIVA 0.74 0.79 0.89 0.65 1.01 0.82
SMART-SAIR 0.71 0.72 0.87 0.55 1.00 0.77
FGM Utrecht 0.75 0.69 0.92 0.67 1.10 0.82
Speech* (ours) 0.27 0.65 0.29 0.61 0.72 0.51
Text* (ours) 0.21 0.42 0.19 0.69 1.25 0.55
Fusion* (ours) 0.17 0.41 0.17 0.59 0.68 0.41

*results from the English subset

Table 1 Comparison of the results of our proposed

method with challenge results from [6]. The values

on the table represent MSE. OCEAN initials refer

to the Big Five traits.

4 Experiments

For our personality recognition task, we use the

UDIVA dataset, which contains video recordings of

dyadic sessions between participants and their nor-

malized self-reported personality scores [6]. In this

work, we only use the English sessions of the dataset.

During our training and evaluation, we perform five

fold cross-validation to separate our data.

Comparing our results to the existing methods in

Table 1, we observe that our model outperforms ex-

isting methods on nearly all personality traits. On

average, our mean squared error for the fusion model

is 0.41, which is much smaller than that of the av-

erage performance of the winning solution of the

ChaLearn challenge at 0.77 [6].

5 Conclusion

The multimodal personality recognition system

presented here outperforms existing methods evalu-

ated on the UDIVA dataset. Disentangling speaker

and phone information from speech representations

Fig. 2 Architecture for the text modality, as de-

scribed in Section 3.2.

allows our system to better identify personality cues

from speech audio signals. This allows us to outper-

form other methods which use other modalities such

as vision within the English subset of the dataset.
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