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Abstract
We present a new 4.1 hours long high-quality motion capture sign language dataset for Swedish Sign Language —
STS Mocap v1. The dataset consists of high quality multimodal data: body tracked with markers, fingers tracked
with Manus Quantum Metagloves, face tracked with the iPhone LiveLink app in MetaHuman Animator mode, and
corresponding textual sentence translation to spoken Swedish. With the help of this dataset, we show that four hours
of motion capture data is enough for generative modeling of sign language conditioned on 2D pose. In comparison,
training the same flow-matching model on only 30 minutes of this data, which is a common size for sign language

motion capture datasets, shows a very apparent degradation in the quality of the synthesized data.
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1. Introduction

Signed languages are used by 70 million people
worldwide. And yet, in the recent revolution in gen-
erative Al, signed languages have to a large de-
gree been left behind. Although sign language
production (SLP) research has received increased
interest, sign languages remain a low-resourced
domain. SL video datasets are typically only in the
range of tens to hundreds of hours, e.g., How2Sign
ASL (79 hours) (Duarte et al., 2021) and STS-
korpus (25 hours) (Mesch et al., 2012). A hand-
ful of large datasets of Internet and broadcast
SL data have recently been released, such as
YouTubeSL25 (Tanzer and Zhang, 2024) (3000
hours) and BOBSL (1500 hours) (Albanie et al.,
2021). Such diverse large-scale datasets will be
essential for Al models to learn linguistic variability
for recognition tasks. SLP tasks, however, typically
require well-structured data from a single signer.
2D video generation models based on GANs (Saun-
ders et al., 2022) or diffusion models (Fang et al.,
2025b) for a pose-to-video task can yield photore-
alistic results. However, this class of models is also
known to introduce artifacts, since they lack explicit
knowledge about 3D space and human anatomy.
In general, video-based SLP approaches have not
yet achieved the human-likeness that would lead
these models to be used by the Deaf community
or language learners (see, for example, state-of-
the-art generated videos from the recent Fang et al.
(2025a) SignLLM paper).

Sign language is inherently three-dimensional,
which makes 3D avatars a compelling alternative for
generating human motion. When trained on 3D mo-
tion capture data, current generative motion models
can reproduce high-quality human motion across

different domains, such as locomotion, fighting,
dance, and co-speech gesture. For example, one
study (Alexanderson et al., 2023) built motion gen-
eration experiments using just 2—4 hours of data
for co-speech generation, 3.5 hours for dance, and
in the most data-intensive locomotion generation
experiment, up to 18.8 hours. As a result, their dif-
fusion model showed a higher human-likeness than
multiple strong baselines across three domains of
human motion data on as little as 2 hours of training
data. Moreover, one of the most-used co-speech
gesture datasets featured in a number of genera-
tive Al papers (Mehta et al. (2024), Alexanderson
et al. (2023), Alexanderson et al. (2020), etc.) is the
4-hour Trinity Speech-Gesture Dataset 2 (TSG2)
(Ginosar et al. (2019), Ferstl and McDonnell (2018),
(Ferstl and McDonnell, 2021)).

Consequently, it was reasonable to assume that
as little as 4 hours of high-quality 3D data could
also produce good results for sign language gener-
ation. To pursue this idea, we collected 4.1 hours of
high-quality motion capture data for Swedish Sign
Language (STS), trained generative models of sign
language, and evaluated the results. With this pa-
per, we are also releasing the code' and the first
version of the dataset?.

Our main contributions are:

* Presenting a high-quality motion capture
dataset for Swedish Sign Language, includ-
ing detailed hand and face motion.

'STS-mocap-dataset-vi-sample provides prepro-
cessing and synthesis scripts, a sample of motion files,
a sample of corresponding renders both for original files
and synthesized.

28TS-Mocap-v1 dataset on Huggingface.
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Dataset LCanguage Duration Body

Fingers Face Annotation

SG2 (2019) 4h 53 markers total for both body and fingers no Aligned audio
BEAT2 (2024) 60h MoSh mesh on 27 markers MC-Mesh on 24(x2) FLAME mesh on 51 BS® Aligned audio, text
LSF-SHELVES LSF >0.5h Kinect Azure, 32 joints no no no
LSF-ANIMAL LSF ~ 1h 55 markers 26(x2) markers 16 markers Glosses, Phonology
STK LSF LSF ~ 1h 35 markers 20(x2) markers 51 BS® & 40 markers no
Deep JSLC JSL unknown 31 markers 24(x2) markers 44 makers SignWriting, Glosses
CUNY ASL ASL ~ 3.5h Upper body markers Immersion CyberGloves eye-tracker Glosses, Syntax, Non-manuals
STS Mocap v1 STS 4.1h 50 markers Manus Gloves MHA LiveLink Sentences
MC-TRISLAN CSE 18h 46 3 markers? 7 markers Glosses, Handshapes

@ — ARKit blendshapes; b _infilled with the nearest handpose from a separately recorded set of handposes;

Table 1: A table comparing the size of this dataset to other SL mocap datasets and co-speech gesture

datasets.

» Demonstrating that the dataset is sufficiently
large for a simple generative modeling task.

+ Introducing a generative probabilistic model
based on conditional flow-matching for 3D sign
language motion generation.

The remainder of the paper is structured as fol-
lows: Section 2 presents an overview and com-
parison of sign language motion capture datasets;
Section 3 describes the data collection procedure;
Section 4 provides statistics on the dataset; Section
5 describes our sign language generation experi-
ments; and Section 6 presents the results.

2. Background

Several sign language motion capture datasets
have been published across a number of sign lan-
guages. In this section, we give an overview of
the six most prominent among them. Table 1 com-
pares these six datasets with our own, along with
two co-speech gesture motion capture datasets
for reference. The table shows the duration of the
recordings, how the body, fingers, and face were
recorded, and the types of annotation they include.

There are at least three motion capture datasets
for French Sign Language (LSF). The LSF-ANIMAL
dataset (Naert et al., 2020) contains around 1 hour
of data in the domain of animal names and proper-
ties. It consists of recordings of individual signs for
animals, recordings of all the phonological hand-
shapes of LSF, and narratives with descriptions of
said animals. LSF-ANIMAL also offers a detailed
human evaluation pipeline for sign language motion
capture. LSF-SHELVES (Mertz et al., 2022) is not
a standard markers-based motion capture dataset;
it was captured with Kinect Azure and recorded
with one infrared camera tracking only body motion.
However, it is still of interest because it specifically
covers spatial constructions and referencing. The
SignToKids LSF dataset (Reverdy et al., 2024) has
approximately 1 hour of signing data and focuses
on one domain — tales for schoolchildren. Sign-
ToKids is recorded with only one signer and is also
very multimodal. The face recordings had markers,
blendshapes, and separate gaze tracking, however,
the authors reported that they had to do a lot of man-
ual editing and manual occlusions infilling.

CUNY ASL (Lu and Huenerfauth, 2012) provides
approximately 3.5 hours of motion capture data fo-
cusing on the upper body, recorded with 8 different
signers. Face data is not captured, however, the
authors captured eye gaze. The domain is not re-
stricted; they used nine types of prompts for the
signer in a motion capture costume, one of them
was in the news domain. The data is advertised as
available upon request via email.

The Japanese SL dataset by Brock and Nakadai
(2018) consists of 10000 translated sentences
recorded with a single CODA signer. The dura-
tion of the dataset is not reported. All of the data
was captured with physical markers, including 44
markers on the face. Interestingly, the authors ex-
perimented with sequence-to-sequence sign lan-
guage recognition networks to demonstrate that the
data was useful for model training, but achieved
only = 40% accuracies for their sign-to-gloss task.

The largest sign language motion capture
dataset created to date is the Czech SL (CSE)
dataset ((Kriioul et al., 2023); (Jedlicka et al.,
2022)), MC-TRISLAN. MC-TRISLAN was recorded
with 59 body markers, including 3 markers on each
hand and only 7 markers on the face. The authors
also used 21 markers to record detailed right hand
transitions from a neutral hand pose to a set of hand
poses. The handshapes recorded were specific to
CSE phonology. In post-process, hand pose was
algorithmically infilled with the nearest hand pose
from these detailed recordings. The dataset con-
sists of two types of stories: weather forecasts and
zoo tours, and is recorded with several signers.

~——
-

Figure 1: Motion capture set up.
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Figure 2: Example frames from our dataset visualized with different MetaHuman Avatar presets (Left to
right: Oskar (male, average hight, medium weight), Neema (female, tall, underweight), Jesse (male, tall,

medium weight)).

3. Methods

In this section, we describe our motion capture
recording pipeline: it is multimodal, it offers state-
of-the-art face capture, and it does not require any
manual infilling. The only manual work required is
to fix marker swaps and apply pattern interpolation
where needed using the Motive software (Natural-
Point, Inc., 2024), which is intuitive and does not
require 3D engineering expertise. The dataset is
recorded simultaneously for all types of motion cap-
ture and relies fully on automated procedures.

3.1. Dataset Contents

Since our dataset is primarily designed for training
of generative models, we restricted the domain and
the number of signers to one. With a single signer,
the model does not need to disentangle the differ-
ences between the signers from the semantically
relevant information (similarly to TTS (Liu et al.,
2022)). At the same time it also somewhat reduces
the potential vocabulary size and the overall diver-
sity of the signing, which makes the dataset less
linguistically diverse, but much more manageable
for machine learning tasks.

The data was recorded with a single CODA
signer, with a second deaf signer present for consul-
tation for most of the recording sessions. To avoid
priming the signer to switch to signed Swedish, the
signer was first asked to read a sentence and think
of the best way to translate it. Then, for the ac-
tual recording, the sentence would disappear so
that the signer translated it from memory. After the
recording of a sentence ended, the signer had the
opportunity to read the same sentence one more
time if needed. Multiple takes were allowed. In
addition, the second signer could give suggestions
on translations to the main signer.

The main part of the dataset (3 hours 47 min-
utes) consists of news articles from 8sidor (MTM
and Hillblom, 2025). These texts are written in easy
Swedish, meaning they avoid long, complex sen-

Ours, TS Mocap v1 TSG2 dataset

Figure 3: A 2D projection of every 20th frame of
our data Vs. TSG2 data. Hips are centered at (0,
0); TSG2 data is retargeted to our skeleton.

tences and complicated words. They were trans-
lated by the signer from Swedish to STS sentence
by sentence.

The remaining 22 minutes of the data (8% of the
dataset) is a trial dataset that we used to establish
our recording pipeline. It includes 39 recordings
of signs and their uses in sentences; both a sign
and a sentence are repeated twice with a pause
in between. These recordings were made with the
same CODA signer and in the same setup, the only
difference being the content recorded.

3.2. Motion Capture Setup

Figure 1 depicts our motion capture setup in ac-
tion, with OptiTrack cameras around the room and
a signer in a motion capture costume sitting in the
middle in front of an iPhone camera on a tripod.
Text and video prompts appeared on the TV screen
in front of the signer, and were stored with the mo-
tion on each take.

Our STS Mocap v1 dataset has three types of
motion capture data: body, fingers, and face. The
body was tracked with 25 OptiTrack Prime cam-
eras and 50 passive markers. One of the cameras
was located directly above the signer to capture
the top view and hand motions close to the body.
Fingers were tracked with Manus Quantum Meta-
gloves. Body and fingers were recorded at 120
Hz. Body and fingers were solved to a skeleton
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together in the Motive software (NaturalPoint, Inc.,
2024). The minimal manual postprocessing was
performed in Motive. It involved fixing the occa-
sional mislabeling of markers and running linear or
pattern interpolation on occluded segments, where
applicable.

The face was tracked at 30 Hz with the iPhone
LiveLink app using MetaHuman Animator mode.
MetaHuman Animator mode was chosen over
ARKit because it offers superior face reconstruc-
tion accuracy and a more detailed animation model
(173 controls over 51 blendshapes). MetaHuman
Animator also yields better intelligibility for sign lan-
guage than ARKit (Klezovich et al., 2025). Then,
the face depth data was processed in Unreal En-
gine to a control rig. The iPhone LiveLink face data
is designed to be compatible with a MetaHuman
avatar and its face control rig. Example frames vi-
sualized with different MetaHuman avatars are de-
picted in Figure 2, (Epic Games, 2025). Our dataset
also includes close-captured videos of the face, so
that any video-based face tracking method could
be applied to drive other face rigs. For example,
ARKIit face blendshapes could be extracted with
the help of MediaPipe (Google Research, 2019).

Naturally, this setup was somewhat limited in that
the signer had to stay in the frame of the iPhone
camera, which made the signing more restricted
than the natural signing. The signer had to con-
sciously move their body and their head slightly
less. When the signer did move their body or head
it often lead to a couple of frames being occluded
in the face depth data. The occluded frames were
linearly interpolated in the Unreal Engine, which
as we have showed previously (Klezovich et al.,
2025) does not affect the intelligibility of the signing
avatar. A headmount did not work for us, because
the iPhone was too heavy for it, and that would
introduce a slight tremor to the recorded face depth
data, making it unusable.

4. Dataset Statistics

We collected 4 hours and 9 minutes of data in total.
The dataset consists of 1772 sentence recordings
with repeating sentences, 1 408 of which are unique
sentences. The corresponding Swedish sentences
were processed with the ‘sv core news sm°‘ spacy
pipeline (Honnibal et al., 2020), (Explosion, 2024).
The vocabulary size of this set of sentences is 1 983
lemmas. The duration of the dataset when counting
only the last take of each unique sentence is 3
hours and 5 minutes.

Compared to the Trinity Speech Gesture 2
dataset (Ferstl and McDonnell, 2021), our raw BVH
files have a higher percentage of zero motions.
While the statistics for the body are much more sim-
ilar (1% in our data and 0.06% in the TSG2 data),

Ours, STS Mocap v1, only test set Synthesized from STS Mocap v1 test set

Figure 4: A 2D projection of every 20th frame of
our test set data Vs. data synthesized from it.

35% of finger data in our dataset has zero motions
in it. Essentially, the fingers, which were recorded
with Manus Gloves, are at a different frame rate
than the body, because the median length of a zero-
motion segment is 1 frame for all finger joints and
the mean length is 1.6 for left hand finger joints and
1.8 for right hand finger joints. This should be ac-
counted for when modeling on this dataset, either
with interpolation or downsampling of the motion.

To give a qualitative metric for the diversity of
collected poses, we created an overlay of poses
(taking each 20th frame) for our dataset and for the
Trinity Speech Gesture 2 dataset (see Fig. 3). It
shows the poses in our dataset are more localized
and closer to the body, which is likely an effect
of the sign language being more structured than
spontaneous gesture, as well as the fact that the
signer was sitting on a chair and was instructed
to try to stay in the frame of the iPhone camera
capturing their face, while in the TSG2 dataset the
actor was allowed to move more.

5. Experiments

In order to demonstrate the possible use case for
this dataset, we trained optimal transport condi-
tional flow-matching models (OT-CFM) following
co-speech gesture generation papers (Mehta et al.,
2024), (Liu et al., 2025), and (Alexanderson et al.,
2020). (Mehta et al., 2024) and (Alexanderson
et al., 2020) are based on the TSG2 dataset (Gi-
nosar et al., 2019), which is similar in size to our
STS Mocap v1 dataset. Hence, the expectation is
that there is enough data for generative modeling.

Conditional flow-matching models introduced by
Lipman et al. (2023) learn to predict a probability
path from noise distribution to the data distribution.
In contrast to diffusion-based methods, Optimal
Transport (OT) displacement interpolation defines
the conditional probability paths between the noise
and the target vector fields, instead of defining dif-
fusion paths, which means that the model is faster
at synthesizing the data without losing quality. On
each training step, the OT-CFM model samples a
random time step between noise and data distribu-
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tion t € [0, 1] and takes the interpolation between
data and noise for this time step as an input to the
network. The training loss is a mean squared error
between the velocity field predicted by the network
and the target velocity field, or as is formalized in
(Lipman et al., 2024):

Lcrm(8) =E; x, x, {HU?(Xt) — (X | Xl)Hz} ,

where time step ¢ ~ [0, 1]; X is an intermediate
data sample representing a linear combination of
Xo and X; at t; us(X: | X1) is a target conditional
velocity field, and uf(X;) is an input velocity field
and 0 are learnable parameters of the network.

5.1.

OT-CFMs can be used in a number of generative
tasks, for example in a text-to-speech task (Mehta
et al., 2023) or in a text to speech and gesture task
(Mehta et al., 2024). The current STS Mocap v1
dataset is only coarsely annotated, meaning that
sentences are not time aligned with signing and
there is no annotation for glosses so far. In this
paper, we experiment with the task of 3D lifting to
demonstrate that this dataset is suitable for gener-
ative modeling. The model is trained to predict 3D
motion sequences based on 2D poses.

To investigate the impact of dataset size to gen-
erative modeling in the particular task of predicting
3D sequence from 2D input sequence, we also
trained a model on just half an hour of our data
(12% of the dataset).

During training, the model takes 2D projected
motion sequences of the 3D motion data from the
training set as an input and the corresponding 3D
data as a target. For the training, the data is win-
dowed into shorter motion sequences of a fixed
length. During inference, the model takes input 2D
sequences of any length and predicts the output
3D sequences of the same length.

Training Objective

5.2. Architecture

The architecture of the OT-CFM model is, for the
most part, adapted from the Matcha-TTSG model
introduced in (Mehta et al., 2024). It is a U-net net-
work built with 1D convolutional Resnet layers fol-
lowed by transformer blocks. The main difference in
our approach from the Matcha-TTSG (Mehta et al.,
2024) model is that we train three separate streams,
having body data, left hand data, and right hand
data flow through separate networks and separate
optimizers, but on the same batches of data and
same time frames at a time. Each batch of data is
splitinto three before the training step, and there are
three optimizers doing backwards step based on
three separate losses. In the Matcha-TTSG model,
speech and gesture generation is unified by having

the data concatenated before passing it as a target
vector field into the flow-matching model. Our ini-
tial experiments with the unified streams for body,
right hand, and left hand on 1D convolutional U-net
produced some jitter in the synthesis, so we opted
to have 3 networks to make it easier for the model
to learn. The non-unified approach also makes it
easier to iteratively add streams to the model, and
in the future, to add the face generation stream.

Before training, the data was preprocessed with
the help of pymo python library (Alemi, 2019). The
data was downsampled with a factor of 4, from 120
to 30 frames per second. Then it was centered
around the hips root joint. Only the upper body
joints were selected for training. The data was also
mirrored to increase the size and variability of the
training set. The near-zero velocity frames were
cropped from the beginning and the end of each
sentence recording. The Euler angles were then
transformed into exponential maps in radians and
normalized over the training dataset. Recent work
by Fauré et al. (2025) argues for the benefits of
using quaternions, which we plan to include in the
future.

The input data had a fixed sequence length ex-
tracted with a sliding window with 1/2 overlap. We
experimented with different input sequence lengths,
between 10 and 120 frames. The model was
trained with early stopping based on the validation
loss aggregated across three streams. For evalu-
ation, we take the best model checkpoint before
overfitting.

6. Results

OT-CFM models trained with 2D poses as condi-
tions were evaluated quantitatively by calculating
the RMSE error between the 2D projections of
synthesized 3D sequences and the corresponding
input 2D poses. The input 2D poses come from
projections of the 3D test set. The test set consists
of 276 sentence recordings. In this evaluation all
of the data was synthesized with 22 steps of ODE
solver.

The results are reported in Table 2 for both full
models trained on the whole dataset and short mod-
els trained only on 12% or ~30 minutes of data.
We trained models with three sequence lengths for
comparison: 10, 28, and 120 frames (the data is at
30 fps). The errors are reported separately for the
body, the right hand, and the left hand.

RMSE error was standardized by variation to
understand the scale of the difference between the
calculated values. RM SE,qriation 1S Calculated by
taking RM SE between the 2D condition motion
sequence and the 2D mean pose for our training
data. In Table 2 it is reported separately for models
trained on the whole dataset and models trained
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RMSE.,,... standardized by variation, C'I

Model Seq length Body R Hand L Hand
full 10 0.13(0.12,0.14) 0.17 (0.16, 0.17) 0.19 (0.18, 0.20)
full 28 0.11 (0.10, 0.12) 0.16 (0.15, 0.16) 0.16 (0.16, 0.17)
full 120 0.14 (0.14, 0.14) 0.20 (0.20, 0.21) 0.20 (0.20, 0.21)
short 10 0.11 (0.10, 0.11) 0.19 (0.18, 0.19) 0.19 (0.18, 0.19)
short 28 0.13(0.13,0.14) 0.21 (0.21, 0.22) 0.22 (0.21, 0.23)
short 120 0.27 (0.27, 0.28) 0.36 (0.35, 0.37) 0.36 (0.35, 0.37)
RMSEvariation: cl
full 5.20 (5.13,5.29) 14.18 (13.90, 14.33) 14.19 (13.90, 14.34)
short 5.26 (5.19,5.34) 14.23 (13.93, 14.41) 14.23 (13.93, 14.42)

Table 2: Standardized RMSEs with 95% C1Is, aka. a value < 1 means error is lower than variation in the

data.
Data Jerk  Acceleration
test data 6036 330
training data 5837 319
seqlen ODE steps
full model, synthesized 10 22 8500 418
full model, synthesized 28 15 6545 345
full model, synthesized 28 22 6615 347
full model, synthesized 28 34 6712 351
full model, synthesized 28 50 6749 352
full model, synthesized 120 22 12253 539
short model, synthesized 10 22 11112 501
short model, synthesized 28 22 14744 611
short model, synthesized 120 22 52315 1945

Table 3: Average acceleration magnitude and average jerk magnitude for original data compared to data
synthesized with different models at different number of ODE steps.

on half an hour of data, because the mean poses
are extracted from the respective training sets.

First, RM SE error is calculated between the 2D
condition data sequence and the model’s output
2D projection sequence. Second, it is divided by
the respective RM SE,qriation- 1he standardized
RM SE error shows the size of the error compared
to the size of the variation. The smaller this ratio,
the better.

All values reported in Table 2 are medians with
confidence intervals that are estimated with the help
of nonparametric bootstrap. This way, we avoid
making statistical assumptions about the underly-
ing distribution of errors. The data is resampled
with 10 000 bootstrap samples. Confidence inter-
vals calculated at o = 0.05.

Table 2 shows that full models perform better
than short models on hands data. Standardized
RM SE for the best full model (28 sequence length)
for the right hand is 0.16, while for the short model
trained on the same sequence lengthitis 0.21. The
same is true for the left hand. The lowest standard-
ized RM SE for the full model is 0.16 while for the
same short model it is 0.22. The lowest standard-

ized RM SE for all short models is 0.19, both for
the right and the left hand data. Comparing models
with respect to the body data standardized RM SE
does not give such a consistent result. In this case,
the short model has the same lowest standardized
RMSE as the full model — 0.11. The short model
slightly outperforms the full model on the body data
when trained on a sequence length of 10 frames.
But the full model leads on its performance on the
hands data.

As an additional test, we compared the jerk
and acceleration metrics on the original data Vs.
the synthesized data, following Kucherenko et al.
(2024). Although these metrics are known to not
correlate with human likeness (Kucherenko et al.,
2024), in this case, they show how similar the model
outputs are to the ground truth test data. Table 3
shows average acceleration and average jerk mag-
nitudes for the test data used for conditioning (aka.
the 3D motion data that was projected to 2D for
conditioning), for training data, and for the full mod-
els and the short models trained on three types of
sequence lengths. As an ablation, we also syn-
thesized data from the best full model (sequence
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Euclidean dist (cm), CT

Model, seq length, ODE steps Body

R Hand L Hand

full, 28, 22 1.24 (1.21, 1.28) 3.93 (3.85, 4.01) 3.93 (3.85, 4.01)
short, 28, 22 1.50 (1.44, 1.53) 5.35 (5.20, 5.46) 5.35 (5.20, 5.46)
Euclidean dist standardized by variation, C'/
full, 28, 22 0.21 (0.20, 0.21) 0.20 (0.20, 0.21) 0.20 (0.20, 0.21)
short, 28, 22 0.24 (0.23, 0.25) 0.27 (0.26, 0.28) 0.27 (0.26, 0.28)
RMSEvariation (Cm), CI
full 5.99 (5.94,6.04) 20.17 (19.95, 20.52) 20.18 (19.95, 20.53)
short 6.11 (6.07,6.16) 20.48 (20.08, 20.86) 20.48 (20.07, 20.87)

Table 4: Top half: bootstrapped median Euclidean distances between the 3D ground truth sequences
corresponding to input conditions and output 3D synthesized sequences with 95% C'Is; Bottom half:
standardized Euclidean distances with 95% C1Is;, aka. < 1 means error is lower than variation in the data.

length 28) with different numbers of ODE solver
steps to make sure that the difference from the
test set metrics actually comes from the model and
not from the lack of the synthesis step. This table
shows that the data synthesized with the different
number of ODE steps results in similar metrics with
a negligible difference. The best full model trained
on 28 frames long sequences shows average ac-
celeration magnitude and jerk magnitude that are
very similar to the test data. If we average between
the four statistics we got for a the different num-
ber of ODE steps, we can show that the full model
produces metrics that are only 6% higher for accel-
eration and 10% higher for jerk. The short model
performs much worse. The best short model is
about 2 times worse than the ground truth test data,
or, more specifically, the acceleration is 52% higher
and the jerk is 84% higher.

Since we synthesize the data from projections of
the test set, it means we have the ground truth 3D
data. We can compare our 3D data from the test set
with the 3D model’s predictions for full models and
short models with the same settings, aka. the se-
quence length of 28 for training and 22 ODE steps
for synthesis. In a similar fashion as before, we
measure Euclidean distances between the points
in the 3D space for each joint, averaged within each
sequence. 3D positions inferred from the BVH data
are in centimeters. The distances reported in the
table are bootstrap median values with confidence
intervals at o = 0.05 and 10 000 bootstrap samples.
The standardized Euclidean distance is calculated
with dividing Euclidean distance by variation, so
when this ratio is < 1, the error is lower than the
variation in the data. The results for comparing
the output 3D sequences with the ground truth se-
quences show that the full model has lower error
than the short model, trained on 12% of our data,
for body and both hands.

For qualitative evaluation, we plot a poses overlay
for the best model trained with sequence length 28

and synthesized with 22 ODE steps compared to
a poses overlay for test set data that was used to
condition the synthesis (Fig. 4). In addition, we
provide a sample of generated BVH files and their
respective conditions in our repository and their
skeleton renders for an easy visual comparison®.

7. Conclusion

In this paper, we address the issue that sign lan-
guages are a low-resource domain for ML train-
ing. Although there are many video-based sign
language datasets, models trained on videos have
not reached the levels of human-likeness needed
for practical application. This is because of the do-
main gap between 2D and 3D data — video data
leads to a loss of some depth information, which
introduces noise.

To address this need for high-quality motion cap-
ture data for sign languages, we have collected a
novel motion capture dataset, STS Mocap v1. Our
dataset consists of 4.1 hours of sentence record-
ings. Recordings were made with a single signer
and in one domain (simplified news) in order to
avoid inter-signer variability and keep vocabulary
size limited.

We demonstrate that 4 hours of sign language
motion capture data is sufficient for generative mod-
eling, at least for a 2D to 3D task with a flow match-
ing model. To show this, we trained several OT-
CFM models with the objective of lifting 2D poses
to 3D joint angle data. The model produces smooth
and visually accurate motion sequences. We eval-
uated the model quantitatively by comparing the
input 2D condition poses with the output 2D projec-
tion poses from 3D motion sequences on the test
set. The model produces an RMSE that is much
lower than the unit variance, which means that the

3A link to the folder with side-by-side skeleton renders:
STS-mocap-dataset-v1-sample
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model is learning reasonable 3D data reconstruc-
tions.

We also compare the model trained on the full
dataset to the model trained on half an hour of data
or 12% of the same dataset. As a result, the model
trained on less data demonstrates much worse jerk
and acceleration metrics, around 2 times worse
than the full model and about 2.6 times worse than
the training data. The full model also shows better
standardized RMSE on all three streams of data.

This proves that as little as 4 hours of sign lan-
guage motion capture data is enough for this gen-
erative modeling task, while taking half an hour of
the same data very noticeably degrades the model
quality.

8. Discussion and Limitations

This dataset has many other potential use cases
and experiments which could be run. For example,
we have not yet utilized the recorded face anima-
tion data. In future, it would be interesting to see
whether this model is able to deal with face anima-
tion generation based on just ~ 4 hours of data.
Face animation has much higher dimensionality
(173 controls) than body or hands data, so it might
be harder for this model to learn it without dimen-
sionality reduction. In addition to that, in this paper
we compared only two sizes of data for training: 30
minutes and 4 hours. It would be also potentially
interesting to conduct an ablation study with differ-
ent dataset sizes to determine whether or not there
is an optimal dataset size for this type of model.

We also included sentence level annotations in
this dataset. They could be automatically frame
aligned and even sparsely annotated for glosses
using the STS corpus (Mesch et al., 2012). After
that this dataset could also be tested for a more
complex task — a text-to-sign task. However, as of
now, we do not know how well the current model
and this dataset would generalize to the text-to-
sign task. This kind of experiment could provide an
evaluation of the linguistic quality of this data.

The model architecture itself could also be ad-
justed. In the current model, there are three in-
dependent streams, one for the body and one for
each of the hands. Each stream has a different
level of the data complexity which is both a motiva-
tion for at least somewhat separating them and a
potential issue with the current training setup. Be-
cause of the different data complexity the stream
for the body trains faster than the streams for the
hands. Either streams for the hands can end up
being undertrained or stream for the body can end
up being overfitted. In addition, using three streams
could potentially hinder the capture of inter-stream
dependencies that are important for sign language.
Currently, the only thing that connects the streams

in the model is that the model sees body and hands
from the same data sample at each step. There-
fore, it could be beneficial for model training to
fuse the streams in some way, for example using
cross-attention. We also limit this study only to
one flow-matching model, because it was shown
to work for similar sized datasets in the domains
of TTS and co-speech gesture generation (Mehta
et al. (2023); Mehta et al. (2024)). There are sign
language generation studies, such as SignDiff by
(Fang et al., 2025b), where the authors trained a
diffusion model, but on a much larger dataset —
79 hours of data, How2Sign dataset (Duarte et al.,
2021). It would be very interesting to compare the
diffusion models with the flow-matching models on
our relatively small dataset.

Even though we have shown that the amount
of data collected is sufficient for some generative
modeling tasks, we plan to record 6 more hours
of data and release it as the next version of this
dataset, where we will include other domains be-
sides news and possibly more signers, and use
it for more challenging modeling tasks as part of
text-to-signing avatar SLP pipelines.
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