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Abstract

We study the problem of recognizing personality from videos depicting users’ social
Interaction. Multimodal information is represented by using pretrained models and
multi stream sequential models are considered for prediction. Experimental results
of the proposed method in the recently released UDIVA dataset are reported and
compared to related work. We show that the proposed methodology is competitive
with the state-of-the-art while using less complex models.

Introduction

The automatic personality recognition task has become one of the topics of
higher interest in the affective computing field.

The principal purpose of the task Is to find patterns of behavior leveraged from
human interactions, e.g., from social environments.
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Personality can be measured using The Big Five personality traits theory.

1
- Extraversion .
- Agreeableness i | "(

- Neuroticism

- Openness
- (Conscientiousness

One of its most interesting applications is to provide social mechanisms to
computers, in such way that the human-computer interaction becomes more
natural.

Recent methods that achieved state-of-the-art results utilize custom Transformer
architectures and Neural Architecture Search. Some of these methods ignore the
seqguential nature of the data.

Our approach uses a simpler architecture and considers data sequentially,
obtaining competitive results.

Related work
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Methodology
1 Dataset

2 Information
representation

We used the UDIVA v0.5 dataset since
it contains multimodal information

derived from social interactions.
Sequences of utterances for each

of the modalities. _
3 Feature extraction

We opted to use pretrained models
to extract features from each of the
modalities.

4 Architecture design

Defined as a basis a RNN
architecture we used AutoKeras to
find the best model
hyperparameters, such as the
number of layers and number of units
per layer.

- Fasttext (text)

-  VGGish (audio)

- 3DDFAv2, MeTRADs,
FrankMokap, ETH-Gaze (visual)
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Experimental results

A comparison between our approaches (3 seconds window and utterance level
window and state-of-the-art approaches.

Literature models O . E A N AMSE
GW bimodal NAS [4] 0.684 0.588 0.830 0.550 0.796 0.690
Dyadformer [5] - - - - - 0.722
Transformer [3] 0.744 0.794 0.886 0.653 1.012 0.818
Proposed model (wy = 3)

LSTM; 0.726 0.830 0.956 0.674 1.220 0.881
LSTM~ 0.740 0.814 0.942 0.677 1.226 0.888
LSTM 4 0.724 0.849 0.915 0.664 1.163 0.863
GRU;4+ 7 0.721 0.720 0.802 0.643 1.291 0.836
GRU;+ 4 0.766 0.765 0.945 0.661 1.145 0.856
GRU~74+ 2 0.718 0.737 0.859 0.605 1.109 0.805
LSTM~7 4744 0.737 0.869 0.955 0.662 1.156 0.888
Proposed model (wy, = utterance)

GRU; 0.724 0.848 1.004 0.663 1.146 0.877
GRU 0.738 0.828 0.983 0.677 1.130 0.871
GRU 4 0.730 0.790 0.876 0.525 0.989 0.782
GRU;4+7 0.737 0.816 0.883 0.632 1.171 0.848
GRU;74+ 4 0.749 0.788 0.883 0.588 1.015 0.804
GRU~74+ 2 0.777 0.714 0.855 0.526 0.905 0.755
LSTM~74+7144 0.749 0.726 0.886 0.598 1.112 0.814

The dispersion of the values before and after passing through the inference
mechanism, where the variance of the predictions is higher at utterance level.
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(a) 3 second window (b) Utterance

Conclusion

The presented methodology for the recognition of personality from multimodal data
effectively exploits sequential information. This has shown competitive results In
the Extraversion and Agreeableness personality traits. As future work we plan to
modify the inference mechanism for other way of regressing the last trait score.
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