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Introduction

« Deep learning can help to make large audiovisual archives more accessible
« Prominent example in recent years: ASR for transcription of oral history interviews

« Beyond ASR: Sentiment analysis and emotion recognition can help capture, categorize and
make different facets of interviews searchable

« However, humans perceive sentiments and emotions ambiguously and subjectively. Moreover,
oral history interviews have multi-layered levels of complex facets of emotions

 To what degree humans and machines capture and assign these facets into commonly predefined
classes” What are reasons for the ambiguity in human perception?

The HAdG Zeitzeugenportal Corpus

Zeitzeugenportal (Portal of Oral History)

« https://www.zeitzeugen-portal.de

 German online service by Haus der Geschichte (House of the History) Foundation (HdG)
 Offers a central collection of contemporary German oral history interviews

 Currently hosts more than 8,000 clips from around 1,000 interviews

Project: Multi-Modal Mining for Oral History

« Goal: Investigation of complex search modalities for indexing oral history interviews

 Focus not only on what is being told but also on how it is being told

« Automated analysis can help better understand the role emotions play in historical remembering

 Recognition of perceived emotion

Table 1: Overview of HdG oral history data sets after annotation and split into speaker-
independent subsets.

HdG Set Videos Segments Hours
Training 104 1,863 0.39
Development 27 430 1.44
Test 33 471 1.74

(

Annotation of Perceived Emotions and Sentiment in Oral History

« Annotation of perceived emotion and sentiment by three employees at the HdG, who have an
academic background in history

The annotators received pre-segmented interview videos based on ASR, i.e., video-stream in-
cluding audio and a raw ASR transcript
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Figure 1: Histograms of the annotation scores for each emotion. Each color bar represents a
different annotator.
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Figure 2: Sentiment annotation score histograms.
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Table 2: Spearman rank-order correlation - IO .
coeflicients between the annotated labels il |
of two transcribers. ad- -0.33 -0.17 -0.50
Transcriber Pairs anger - 043 -0.13 0.097 R
Class A-B A-C B-C Avg. | -0.00
surprise - 0.068 0.21 -0.088 0.065
sentiment 0.66 0.61 0.61 0.63 -—0.25
happy 052 052 060 055 disgust - 041 -0.13 0.039 | 0.47 | 0.088 0
sad 0.45 0.52 0.441 0.47 fear- 04 -0.16 0.36 0.076 0.027 0.081 @ _0.75
anger 0.29 0.35 0.36| 0.33 o N o
surprise 0.14 0.26 0.19] 0.20 &Q@&»@Q@ S %&Q{\% 6\%@% - —1.00
disgust 031 032  0.38 0.34 )
fear 036 038 041! 0.38 Figure 3: Spearman correlation between the
annotated average scores of classes.
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Qualitative Survey of Annotators

 Narrative structure of oral history interviews has different levels. Accordingly, emotions become
visible in different ways, such as those that arise during remembering or reported emotional
situations.

« Annotators agreed: Ekman classes are insuflicient to reflect the complexity of emotions in oral
history interviews. Nuances of emotions do not fit into the six categories.

« Annotators intuitively combined multiple emotions to represent more complex emotions, such
as hate (disgust + anger), despair/helplessness (fear + sadness), scorn (happiness + disgust),
and overwhelm (happiness + surprise) in the annotation.

« Examples: Overwhelm was identified in some interviews about the Fall of the Berlin Wall.

Disgust + anger occurred more frequently in narratives reporting oppression or persecution.

Text-Based Sentiment and Emotion Recognition
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Figure 4: Confusion matrix of the text-based sentiment analysis (left)

and emotion recognition model (right) on HAG test.

Speech Emotion Recognition

 Hybrid model: SVM + embeddings from a pretrained VGG-19 model (ImageNet)
 Input: Grayscale log-melspectrograms
 Combined training set: HdG, CMU-MOSEAS (German part), CMU-MOSEI, Berlin EmoDB
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Figure 5: Different classification experiments for SER models. For each experiment, the training
results are on the lett. The results on the HdG test set are on the right.

Facial Emotion Recognition

« Frame Attention Networks (FAN) model (ResNet-18 feature embedding module and a subse-
quent frame attention network)

o Pre-training with Microsoft FER+ and AFEW data sets; fine-tuning with HdG
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Figure 6: Confusion matrices from results of the FER experiments.

Summary and Conclusion

« Comparing the annotations of three persons using Ekman classes commonly used in emotion
recognition revealed substantial differences in human perception for oral history interviews.

« Annotators combine different emotion classes in the annotation to represent the complex emo-
tions of oral history interviews.

 Perceptual ambiguity and other challenges, such as class imbalance and lack of training data,
currently limit the opportunities of emotion recognition for oral history archives. The systems
can only differentiate fundamental emotions in our interviews, such as happiness and sadness.

« Nonetheless, our work uncovers promising observations and possibilities for further research.
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