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Figure 1: System overview. A) Gesture unit extraction and gesture clustering. B) 2D Pose-Text pairs extraction C) Rulemap
generation by matching pose and gesture units with GestureCLR.

ABSTRACT
In this poster, we present a method to generate co-speech text-
to-gesture mapping for 3D digital humans. We obtained text and
2D pose data from public monologue videos. Gesture units were
obtained from motion capture sequences. The method works by
matching 2D poses to 3D gesture units. We trained a model via
contrastive learning to improve the matching of noisy pose se-
quences with gesture units. To ensure diverse gesture sequences
at runtime, gesture units were clustered using K-Mean cluster-
ing. We incorporated 2035 gestures and 210k rules. Our method
is highly adaptable and easy to control and use. Demo Video :
https://youtu.be/QBtGdGE1Wgk
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1 INTRODUCTION
The use of digital humans as a proxy for humans in the virtual
environment is gaining popularity. Digital humans can be used in
numerous ways like as guides in virtual museums[Ali et al. 2019]
or actors in previsualizations[Kim et al. 2021]. Humans, along with
speech, gesture to articulate their point of view. Likewise, digital hu-
mans also need co-speech gestures for natural appearances[Ali et al.
2020]. Classically it’s done by motion capture and animators manu-
ally mapping the gesture with speech. However, manually mapping
animations is a very laborious task. The most successful way of
doing this is rule-based animations, where experts create the map-
ping between keywords and predefined gesture units. This method
provides control and flexibility. However, this method suffers from
the subjectivity of experts. Ali et al. [Ali et al. 2020] provided a
way to mitigate this problem. They used the transcript and 2D
pose data extracted from monologue-style public videos of human
presenters. Then used, a set of predefined gesture units as sliding
windows over the 2D pose sequences and extracted corresponding
text for best matches. The result was an extensive text-to-gesture
mapping. This method used mean cosine similarity for the pose to
gesture matching, which performs low on temporal misalignment
and noise. The gesture units were 54, and the rules were 84k. We
used this system as a baseline system.

We present our approach that improves gesture matching via
deep contrastive learning and increases the number of gestures to
2035. We added up to 210k new rules. Additionally, we used gesture
clustering to diversify the output further to avoid excessive gesture
repetition. This way, the output is slightly changed every time for
the same input but stays relevant.

2 APPROACH
Our approach breaks the problem into three parts, i.e., 1) Gesture
units and clustering, 2) 2D Pose-Text pairs extraction 3) Rulemap
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Figure 2: Comparative accuracy performance of GestureCLR
and Mean Cosine Similarity.

generation with GestureCLR. We choose videos on a wide variety
of topics with different presenters. The topic ranges from current
affairs talk show to lectures in universities.

2.1 Gesture units and clustering
We defined a gesture unit as a short sequence of upper body motion
during speech. To make gesture units, we obtained two hours of
motion captured data of a male and a female conversing. Instead of
manually extracting gesture units, we defined set rules to extract the
gesture units automatically. Rules for automatic extraction are: 1)
Length is between 2 and 3 seconds. 2) starting and ending positions
should have minimum distance. 3) should have optimal variance.
Optimal variance is expert-dependent. The high variance will yield
fewer but highly dynamic gesture units. The low variance will
produce more but less dynamic units, including units with slight
motion. Through this method, we extracted 2035 new gesture units
with 1025 for male and 1010 for female styles. We observed that
gestures could be clustered together to improve output diversity
and keep relevance. We used Bisecting KMean algorithm to cluster
the gesture units. Gesture clustering eliminated the TopK sampling
of rules. Now sampling is done from the cluster.

2.2 2D Pose-Text pairs extraction
From public monologue-based videos with human presenters, we
obtained the timestamped speech transcripts and 2D human pose
with OpenPose[Cao et al. 2019]. Pose sequences were processed to
make 3-second chunks (Text, Pose) pairs. The pose sequences are
usually noisy and not usable directly. One way is to approximate
grounding with predefined animations.

2.3 Rulemap generation with GestureCLR
We trained GestureCLR, a deep contrastive learning model based
on the SimCLR[Chen et al. 2020] to match pose sequences with
gesture units. For training, we used mocap data from the Talking
with hands dataset[Lee et al. 2019]. The data was processed to
make 2 to 3 seconds sequence units. Input to model was the clean
3D unit and 2D version of the same unit. The 2D version was
further augmented with increasing gaussian noise and temporal
shifts, thus mimicking the 2d pose data from the wild. The method’s

performance is compared with Mean Cosine Similarity in Figure
3. The model was applied to poses from (Text, Pose) pairs and
gesture units from our mocap data to obtain (Text, Gesture) pairs.
Text was converted to embedding with SentenceBERT[Reimers and
Gurevych 2019] thus giving us (TextEmb, Gesture).

3 IMPLEMENTATION
We used the server-client model to implement the gesture system.
Unity is used as visualizing platform. Gesture units were converted
from BVH to FBX and loaded in Unity animator. The gesture rule
map is deployed on the server. The input text is chunked into 6-
gram tokens and fed to the server’s gesture system. The gesture
system converts the token into embedding using sentencebert, finds
the best match in the rulemap, and samples the gesture unit id from
the corresponding cluster. The process is repeated for all the tokens,
and ids are returned to the unity animator. Results can be seen here:
https://youtu.be/QBtGdGE1Wgk

4 CONCLUSION
In this poster, we presented an elegant and easy-to-adopt system to
generate co-speech gestures. We increased the gesture units from
54 to 2035 and rules from 84k to 210k from the baseline system.
Since the rulemap is based on videos on various topics, it can easily
be integrated into any domain possible. This method will improve
the user experience while interacting with digital humans.
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