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ABSTRACT
Enthusiasm in speech has a huge impact on listeners. Students
of enthusiastic teachers show better performance. Leaders that
are enthusiastic influence employee’s innovative behavior and can
also spark excitement in customers. We, at TalkMeUp, want to help
people learn how to talkwith enthusiasm in order to spark creativity
among their listeners. In this work we want to present a multimodal
speech analysis platform. We provide feedback on enthusiasm by
analyzing eye contact, facial expressions, voice prosody, and text
content.

CCS CONCEPTS
•Human-centered computing→Visualization; •Computing
methodologies → Feature selection.
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1 INTRODUCTION
How we communicate can have a tremendous impact on our lis-
teners, especially in teaching and leadership. Most of us have had
at least one teacher that marked our career through their engage-
ment and enthusiasm for their subject. Several studies have shown
that enthusiastic teachers have students that perform better [1, 5].
Enthusiasm also has been shown to be one of the characteristics of
leaders that drive employee’s innovative behavior and even excite-
ment in customers [2, 4].

Given the importance of enthusiasm in communication we de-
veloped an algorithm that takes into account that speaking has a
multimodal nature. We analyze video, audio, and content and pro-
vide feedback to individual behaviors that contribute to enthusiasm.
Users can record themselves through our online platform1, receiv-
ing immediate feedback on their performance. By practicing several
times, users are able to visualize their progress over several practice
sessions and choose specific courses that target their weaknesses.

In the following, we will present the architecture behind our
multimodal speech analysis platform, including an overview of the
machine learning models and features employed, as well as the
feedback users receive and how progress is shown. We conclude
this work with a summary and outlook.

2 ARCHITECTURE
Our software analyzes data and provides written feedback in three
stages: 1) data processing and classification, 2) conversion of classi-
fication results into performance values, and 3) translating perfor-
mance results into meaningful written feedback that explains how
to improve. In the following we will explain each stage visible in
Fig. 1 in more detail.

1https://talkmeup.co
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Figure 1: Overview of the backend architecture of our multimodal communication coach. In a) different state-of-the-art algo-
rithms analyze data separately. The classification results are then fed into an interpreter which uses heuristic rules to create
feedback for the user. In b) the performance in different categories is shown as a spiderweb. In c) the user’s dashboard is visible
where it is possible to select the practice session with a slider, showing in the spiderweb the performance.

2.1 Multimodal Classification
Given that communication is multimodal, we analyze different
features over all three modalities (video, audio, text). We use a
combination of deep neural networks, signal processing, computer
vision, natural language processing, and machine learning to obtain
classification results for different features. From video we evalu-
ate facial expressions and eye contact. We use audio to evaluate
pronunciation [3], enthusiasm, articulation quality, and filler word
detection. For enthusiasm detection from speech, we created our
own dataset composed by spoken sentences from TED talks labeled
in three categories (monotonous, normal, enthusiastic). For text
analysis, we use dictionary-based rules to evaluate storytelling,
logical structure, and sentiment analysis. We trained a deep neural
network to evaluate argument quality using the publicly available
UKPConvArg1 corpus2. For each modality we implemented a mi-
croservice that is scalable to the usage. This allows us to analyze
and provide feedback to the users in less than two seconds.

2.2 Numerical Interpretation and Feedback
The raw classifications are meaningless to users. For that reason,
we implemented heuristics with support from expert communi-
cation coaches to interpret the results. We take the raw results
and compute performance scores in the form of "excellent", "great",
"good", "ok", and "keep practicing" for categories such as enthusi-
asm, argumentation, and more (see Fig. 1b). For each category and
performance level we return written feedback with suggestions
for improvement. As communication is multifaceted, we display
the results in a spider web format that enables users to visualize
and compare their performance in different categories at one view
(Fig. 1b). In the main user dashboard (Fig. 1c) a slider is available
that allows selecting training sessions over time to visualize how
the performance changed in each session.
2https://github.com/UKPLab/ acl2016-convincing-arguments

3 CONCLUSION
We have presented a multimodal speech analysis platform that
analyzes video recordings to provide feedback on different aspects
of effective communication. We combine different state of the art
techniques using video, audio, and text to obtain quantitative data
on the performance by analyzing facial expressions, eye contact,
argument structure, and more. We also collected data and trained
a model able to detect enthusiasm levels from speech. In order to
make the user experience more immersive we plan to develop a
virtual agent able to analyze multimodal data and plan multimodal
dialogue.
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