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Figure 1: Examples of gesture augmentation technique applied to the "delete" symbol from $1 — GDS dataset

ABSTRACT

Recurrent neural networks (RNN) require large training datasets
from which they learn new class models. This limitation prohibits
their use in custom gesture applications where only one or two
end user samples are given per gesture class. One common way
to enhance sparse datasets is to use data augmentation to syn-
thesize new samples. Although there are numerous known tech-
niques, they are often treated as standalone approaches when in
reality they are often complementary. We show that by intelligently
chaining augmentation techniques together that simulate different
gesture production variability types, such as those affecting the
temporal and spatial qualities of a gesture, we can significantly
increase RNN accuracy without sacrificing training time. Through
experimentation on four public stroke-based 2D gesture datasets,
we show that RNNs trained with our data augmentation chaining
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technique achieves state-of-the-art recognition accuracy in both
writer-dependent and writer-independent test scenarios.
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1 INTRODUCTION

Gestural interfaces present an intuitive way to interact with soft-
ware, such as through swipes on mobile devices and application-
specific shortcuts. However, for general acceptance, they require
high classification accuracy. User tolerance for errors towards gestu-
ral interfaces in the presence of a reliable alternative input method
was found to be approximately 40% [25], and it was indicated that
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gesture recognizer accuracy should be much greater than 90% to
"appear indistinguishable from a perfect system" [3]. Such accu-
racy is possible with predefined gestures using robust recognizers
trained with lots of data, but more difficult with custom gestures
where only a few samples per gesture are given. One common
approach that overcomes this limitation are k-NN based pattern
matching algorithms [48, 58, 62, 73]. However, the draw back of
k-NN recognizers is that they rely on manual feature extraction
or resample each input trajectory to a constant number of points,
which limits their robustness to variability.

Approaches based on recurrent neural networks (RNNs) are
more robust to gesture variability, allow for variable-length inputs,
and require no hand-crafted feature extraction [28, 35]. However,
RNNs have two shortcomings which prevent their adoption as the
go-to for customizable gesture recognizers: (1) they require a large
amount of data to outperform alternative approaches, and (2) with a
large number of samples, they take long to train. Data augmentation
techniques [22, 24, 40, 56, 75] offer a solution to the lack of training
samples problem. However, solutions to the significant training
time for RNNs have not been previously explored. Because RNN
training time depends primarily on the number of training samples,
the two issues are related. The more data is used for training, the
higher the resulting recognition accuracy will be, but at the cost of
a longer training time.

In this work we evaluate the effectiveness of various data aug-
mentation approaches on training highly accurate RNN gesture
recognition systems. We show that highly accurate custom gesture
recognition is possible with just one or two original training sam-
ples per class, given that appropriate augmentation techniques are
used to generate more samples. We tested each technique applied
separately and in combinations with others in writer-dependent
and writer-independent experiments which simulate real-world
use-cases. We also introduce multiple augmentation chaining meth-
ods which outperform the alternative approaches in the literature.
These chaining methods apply a sequence of augmentation methods
from different categories to the data, which works better than apply-
ing a single or only a few categories of variability at a time. Lastly,
we show that it is possible to train an RNN gesture recognizer with
no original validation data, by generating a synthetic validation
dataset which helps with selecting a good training stopping point
before the model is overfit.

2 RELATED WORK

2.1 Gesture recognition and customization

Early stroke gesture classification algorithms relying on hand-
crafted features go back to Rubine’s 1991 [48] recognizer, with
its original feature set later being expanded [5] and adapted for
3D gestures [51]. The features are extracted from training samples
(templates), and candidate gestures are classified using a linear clas-
sifier [48], support vector machines (SVM) [63], linear discriminant
classifiers (LDA) or other classical machine learning approaches.
This allowed the end user to specify gestures by example and to
associate them with software functions, thereby enabling gesture
customization. User preference for customizable gesture interfaces
was also explored. For example, Nacenta et al. found that user-
designed gestures are more memorable than pre-designed gesture
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sets [41], which can be helpful when gestures are used as shortcuts
for opening applications or speed dialing [10].

Another popular class of gesture recognizers is the $-family
[1, 2, 32, 66, 73], and those inspired by them [58, 62, 64]. These
approaches focus on ease-of-implementation and rapid prototyping
for gesture customization. They utilize local cost functions, such
as euclidean distance (ED) for points or the inner product (IP) for
vectors to measure the degree of dissimilarity between a new input
and each of the templates. Some perform pairwise comparisons
[1, 58, 73], others use dynamic time warping (DTW) [62], and some
are articulation-invariant, representing gestures as point clouds
[65, 66, 68]. These approaches are direct competition for RNNs, and
when it comes to custom gesture recognition, they are considered
state-of-the-art; much more work was done in the space than with
other approaches. For a survey on 2D stroke gesture recognition
we direct the reader to a recent survey by Magrofuoco et al. [37].

Approaches which process a single point at a time and support
variable-length and continuous inputs without resampling include
Hidden Markov Models (HMMs) [26, 29, 34], RNNs [6, 7, 28, 35],
and continuous dynamic programming (CDP) [49, 57, 61]. These are
relevant because they allow starting the classification process while
the input is still being produced by the user. The segmentation
problem lies in identifying the gesture starting and ending points
within the continuous data sequences containing them. RNN, CDP
and other case-specific approaches have been successful in solving
this issue [6, 8, 29, 34, 49, 57, 61].

In this work we are evaluating the usefulness of augmentation
techniques for position-based time-series RNN approaches. Rel-
evant work in the space of RNN approaches includes DeepGRU
[35], which consists of an encoder network, attention module, and
a classification module. It was shown to achieve and outperform
state-of-the-art approaches across many datasets. Similarly, multi-
ple sizes of single-task and multi-task LSTM-based networks were
evaluated by Ledda and Spano [28]. They were trained on syn-
thetic versions of the single-stroke $1 [73] and multi-stroke $N [1]
datasets generated with Gestures a Go Go [30], and tested on the
original dataset’s gestures.

These approaches work well for cases where customization is
not a concern, but related work in this domain reported long train-
ing times [28, 35, 36], which may not be suitable for customization.
Another concern with these existing approaches is the amount of
original data required for achieving high accuracy. Data sets of
such large sizes are not available in real-world customization sce-
narios, so our solution with chaining the augmentation approaches
is distinct in that it works well even with a very limited amount of
original training data.

2.2 Gestural data augmentation

To improve performance of Neural-Network-based approaches, in
many fields practitioners and researchers turn to data augmentation,
which refers to the practice of synthetically generating samples used
for training the models. A slew of techniques have been used for
images [11, 39, 53], voice [14, 50, 52] and video sequences [38, 81].
Vision-based optical character recognition (OCR) and handwriting
recognition methods similarly rely on data augmentation [13, 19,
74]. While the mentioned approaches were not originally designed
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for gestural data, some of them work with sequential data, so can
be applied to gestures.

For gestures, there have been methods to improve the classifica-
tion accuracies through synthesizing new samples, however, they
are heavily focused on gesture realism. Leiva et al. introduced a
web application called Gestures a Go Go [30] to produce synthetic
samples from real data based on kinematic theory of rapid human
movement [44] and a Sigma-Lognormal (XA) model [4, 45]. Taranta
et al. released Gesture Path Stochastic Resampling (GPSR) [59], which
performs resampling, random point removal, and between-point
vector normalization to synthesize new samples. Gestures d@ Go Go
and DeepNAG [36] experimentally found that their methods syn-
thesize gesture which participants take for real ones. However, in
data augmentation, gesture realism is not the main goal, so here
we focus on the techniques that will result in the biggest accuracy
boost, not the beautification of the synthesized gestures.

DeepGRU [35] accuracy results were reported with utilizing
random scaling, translations, rotations, and GPSR [59]. Further,
LSTM-based architectures applied local resampling to make the
distance between each pair of points constant, and subsequently
applied random scaling and translations [28]. In comparison, au-
thors of DeepNAG [36] compared their GAN (generative adversarial
network) and NAG (non-adversarial generation) approaches with
random Gaussian noise and GPSR, and found that their methods
improved model accuracy more than the alternatives. Although
the above mentioned RNN-based approaches have specified the
details of augmentation they applied [28, 35, 36], it remains unclear
whether the best combinations of methods are being utilized. In this
work we aim to fill this gap by conducting a series of experiments
targeted at studying specifically the various gestural augmentation
methods and how they can be combined.

3 METHODS

3.1 System overview

All experiments that we conduct in this paper use one of the two
pipelines shown in Figure 2. The pipeline on the left (a, Regular
pipeline) represents a usual RNN training pipeline, where an origi-
nal dataset is split into three sets: training, validation and testing,
with no overlap between them. The training set is augmented using
augmentation techniques under evaluation. The pipeline on the
right (b, Synthetic validation pipeline) differs in that it simulates
a scenario where the testing set is extremely limited; this pipeline
generates a synthetic validation dataset in place of a real dataset. To
optimize the RNN architecture and select parameters for the evalu-
ated augmentation techniques, we use the Regular pipeline. This
covers Experiment 1 (Section 4.2) and Experiment 2 (Section 4.3).
To measure the performance of our combined augmentation tech-
niques in a scenario which approximates a real-world use-case, we
use the Synthetic validation pipeline. We use it in our Experiment 3
(Section 4.4), Experiment 4 (Section 4.5), Experiment 5 (Section 4.6),
and in the experiment that we present as part of the discussion
(Section 5.1).
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3.2 Data Preprocessing

In this work we are focusing on enabling real-time (mid-gesture)
classification, which is achieved by re-using and updating the "hid-
den state" of the RNN from one point to the next. We use the last
hidden state for classification, and due to the limited pre-processing
steps that we apply, practitioners can pass a single point at a time to
the model and still get a classification result. We ran empirical tests
on subsets of the $1-dataset [73] and found that only translation of
the first trajectory point to the origin resulted in improved perfor-
mance when combined with data augmentation. This computation
does not require parameter extraction and can be easily applied in
real-time, by subtracting the value of the first point of the trajectory
input from each subsequent point. As a result, the model becomes
translation-invariant. However, the scale, rotation, and point count
invariances are handled through the data augmentation process.
All results are reported with the point representation of trajectories
with translation invariance as just described.

Our approach is different from most literature on gestures, where
some commonly removed variability categories include translation,
rotation, scale, and point count variabilities. In those cases, an
entire gesture’s trajectory is available at classification time, and
to achieve partial invariance, the trajectory can be resampled to
a fixed number of points, rotated by an indicative angle [32], its
bounding box scaled to a fixed size, and its centroid translated
to the origin. Instead of scaling and translating, trajectories can
also be z-normalized. Alternatively, after the uniform resampling
step, the trajectories can be represented by normalized direction
vectors, which helps deal with scaling and translation. Rotation
around the first vector [64] can also be applied to help with rotation
invariance. Since our goal is mid-gesture classification, where the
full trajectory is not available at classification time, we apply only
limited preprocessing and show that our model is still able to learn
other variability categories through the process of augmentation.

DATASET

L DATASET L
][] () [ ][]

Test at lowest Test at lowest

idation loss validation loss
AUGM. RNN AUGM. RNN
| (£ ol (e

Train with Train with
augm. set augm. set

(a) Regular Pipeline (a) Synthetic Validation Pipeline

Figure 2: Overview of the evaluation pipeline. Left (a): Regu-
lar pipeline, used in Experiment 1 (Section 4.2) and Experi-
ment 2 (Section 4.3); right (b): Synthetic validation pipeline
used in Experiment 3 (Section 4.4), Experiment 4 (Section 4.5),
Experiment 5 (Section 4.6), and in the test presented in Dis-
cussion (Section 5.1). Pipeline (b) generates a synthetic vali-
dation dataset for cases where original data set is extremely
limited.
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3.3 Data Augmentation Techniques (1) Noise: Different kinds of random noise can be added to
We are interested in data augmentation from the perspective of sequence data, including uniform, Gaussian [36] and Perlin
model classification accuracy, not beautification of synthesized ges- [12] noises. Adding random noise to training data allows the
tures. Even the simplest changes to the original gesture trajectory, model to learn a more robust representation.
such as applying rotations, translations or scaling are valid augmen- (2) Scaling: Scaling each feature (dimension) by a percentage of
tation techniques — as long as the new data improves the model its own bounding box generates synthetic data which helps
performance. the trained model perform better with test samples of vary-
In Section 2.2 we provided an overview of the data augmenta- ing scales. This is valuable for models which are not scale-
tion approaches used in research and practice. In this section, we invariant. There are examples of scaling being successfully
summarize the approaches selected for evaluation. To find aug- applied in training trajectory-based gesture RNNs [28, 35].
mentation techniques which could potentially be used for gestures, (3) Rotation: Rotating 2D trajectories around their centroids
we searched the literature for specifically gesture-related data aug- allows the trained model to account for when users input
mentation and synthetic data generation approaches, as well as for gestures at different angles. This approach has been suc-
those approaches which were not originally intended for gestures, cessfully applied in both nearest-neighbor [73] and RNN
but could be applied to sequential data (for example, techniques approaches [28, 35].
originally designed for non-gesture time-series data such as video (4) Shearing: Shearing is a transformation that results in "stretch-
or voice). Table 1 provides a summary of the identified approaches ing" of the original trajectory along a line in the trajectories’
with citations to their respective sources’. coordinate system. Points which lie farther from the origin
For our main evaluation in Experiments 1, 2 and 3, we only are affected more. To the best of our knowledge, this aug-
focus on augmentation methods that can be described by simple mentation technique has not been tested with RNN-based
transformations and require a single original sample per class. In gesture recognizers, however it has been extensively used
Experiment 4, we also compare our best combined augmentation in the field of handwriting recognition [17, 46].
method to two alternative gesture generation methods: GPSR [59] (5) Perspective change: Changing the perspective on the ges-
and Sigma-Lognormal (ZA) [4, 30, 45] methods. We considered in- ture trajectory can be thought of as pointing a camera at the
cluding DeepNAG in Experiment 4, but training a deep generative trajectory from a different angle. This technique is often used
model requires thousands of original samples in the first place, and with 3D skeletal data to achieve view-invariance [47, 71, 78].
this amount of data is not available in a customization scenario, When working with 2D gestures drawn on an XY coordinate
therefore we only evaluated approaches that can generate new plane, perspective change refers to rotating the trajectory
samples without pre-training a model. Fusion and averaging meth- around the X and Y axes. In practice this is done by adding
ods [15, 77] were also excluded because they require more original a third dimension to the 2D data and multiplying the points
samples per class than afforded in our experiments. Lastly, augmen- of an original trajectory by the X and Y rotation matrices.
tation using random translations [28, 35] was also not used because (6) Spatial resampling: Spatially resampling the trajectory
our pre-processing steps make our model translation-invariant. refers to generating a list of distance intervals and using

such a list to sample points along the original trajectory.
The resulting points form a trajectory which looks similar

Table 1: Gesture augmentation techniques selected for evalu-
& ! to the original, but with modified distances between sub-

ation. . . . .
sequent points. Uniform spatial resampling fixes the num-
. ber of points to describe a trajectory to a constant, which
Technique Name Reference o .
- - . , forces the between-point intervals along the original path
(1) Noise (Uniform/Gaussian/Perlin) [12, 36] tob 15 . :
> o be equal for a given gesture. Such uniform approach has
(2) Scahr?g [28, 35] been extensively used in k-nearest-neighbor classifiers to
®) Rotat.mn : (11, 28, 35, 53, 73] account for variability in gesture completion time and point
(4) Slanting (.sheaflng) i [11, 17, 46] counts [32, 58, 73]. An alternative approach to uniform ges-
(5) Camera direction change (perspective) (47,71, 78] ture resampling was used with LSTMs [28], where the inter-
(6) Spatial resampling (28, 66, 73] vals’ length was fixed to a constant value.
(7) Temporal resampling [33, 55, 76] (7) Temporal resampling: Temporal resampling is similar to
(8) Temporal jitter [18, 81] spatial resampling in a sense that a list of intervals is gener-
(9) Time stretching (point duplication) [24, 54, 72] ated, except the intervals are in the time domain. By assum-
(10) Frame skipping [20] ing that the sampling rate in the original data is constant, it is
(11) Bezier and spline deformation [16, 31, 69, 77, 79] possible to extract the velocity information of the trajectory
(12) Random erasing (replacing with 0s) [53, 80] without the actual timestamps. Sampling at the generated

interval lengths along such a velocity profile produces points
along the original gesture path. Data augmentation methods
similar in concept have been used with noticeable perfor-
mance gains in LSTM-based full-body skeleton human action
recognition tasks [33, 55, 76].

The following list is a detailed description of each of the tech-
niques in the order they are presented in the table.

!This table does not identify the first mention or use of each technique, but instead
lists the most relevant (subjectively) references for each technique’s usage.
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(8) Temporal jitter: Resampling with temporal jitter (frame
jitter) was applied to gestural video data [18, 81]. The idea is
to sample frames at indices i + r position, where r is random
offset for each new index (for example, when i = 5 and
r = 2 keep each 5;p, + rand; (-2, 2) point). This approach can
be though of as a special case of temporal resampling with
varying intervals.

(9) Time stretching: Through duplicating a random subset of
points in the trajectory we can simulate a scenario where
software samples faster than hardware, resulting in repeated
sampling of the same value. Point duplication method has
been used for generating synthetic datasets for DTW algo-
rithms [24, 54, 72], and it could potentially be useful for
training RNNs to have robust performance under noisy sam-
pling. This technique can also be thought of as a special
case of temporal resampling with allowing for zero-length
intervals.

(10) Frame skipping: The opposite of point duplication is the
complete removal of some of the points from the trajectory.
In this way, frame skipping has the opposite effect from
point duplication, each point has a non-zero chance of being
deleted. This approach was mentioned in a survey on human
action recognition [20] and could be useful for improving
robustness to noise in gesture classification RNNs.

(11) Bezier and Spline deformation: Many approaches which
use Bezier curves and splines were proposed for synthetic
data generation for drawings [16, 77, 79] and gestures [31,
69]. The generation steps consist of finding reasonable con-
trol points (knots), then perturbing them, and finally fitting
the new points to a spline curve. To learn more about the im-
plementation details of such approaches, we direct the reader
to the cited literature in the Bezier and spline deformation
row of Table 1.

(12) Random Erasing: Sometimes a system can lose tracking of
where the user pointer/pen tip is, resulting in some trajec-
tory points being recorded as 0s. This can be dealt with by
filtering out such values, but an alternative way is to train
a model to handle this kind of input. Loosely inspired by
an augmentation method for CNNs, where blocks of image
pixels are "blacked-out" [53, 80], we replace some of the tra-
jectory with values of 0 in hopes for the model to learn a
potentially lossy trajectory representations.

4 EVALUATION
4.1 RNN model and implementation details

We tried to make our RNN architecture as generic as possible, while
keeping in mind a few requirements. The model has to be (1) as small
as possible with (2) no sacrifice in performance?, and (3) easily mod-
ifiable in size (add/remove layers, neurons per layer). The first and
second requirements ensure that the model fits the customization
requirement: the user will benefit from high classification accuracy
and short model training times. The third requirement allows us
to quickly scale up the model if that is required. We started our
implementation by creating a model similar to ST-S [28], and then

2As compared to the larger model that we started with
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Figure 3: RNN Architecture used in the evaluation of aug-
mentation techniques. Encoder consists of two gated recur-
rent unit (GRU) [9] layers and the classifier consists of three
stacked feed-forward linear layers with batch normalization
[23] and dropout [21] between them. The input is a sequence
of 2D vectors of arbitrary length x = (xo, x1, ..., x7—1) and the
output ¥ is the predicted class label.

progressively decreased its size during the implementation of aug-
mentation techniques, until further reduction in size was hurting
performance. During this phase, we utilized only a subset of the
1-GDS [73] dataset, which is one of the limitations of our work,
however classification results in our Evaluation Section 4.4 show
that the model works well for multiple datasets. As part of this
process, we ran an informal test to find a trade-off between training
time (which depended on the number of synthesized samples) and
accuracy, and found that 300 synthetic samples per class worked
well for all augmentation techniques. At first, we had ReLU [42]
layers in the classifier (see Figure 3), but replacing them with batch
normalization [23] and aggressive dropout [21] values yielded bet-
ter results than using non-linear layers. Our resulting model is
modest in size and consists of two components: a double GRU layer,
connected to a stack of three Linear layers.

We implemented our model using PyTorch Lightning?, a wrapper
around the PyTorch framework [43]. The model takes raw unpro-
cessed (no normalization, no standardization, no filtering) input
trajectories from the evaluated datasets. We utilized the Adam op-
timizer [27] with learning rate set to 1073, batch size of 512, and
Cross Entropy Loss criterion. During the development and for tim-
ing the trial runs we used a machine running Windows 10 with a
single NVIDIA GeForce GTX 1080 GPU, Intel Core-i7 7700K proces-
sor and 16 GB RAM. We ran the repeated experiments in parallel (8
at a time) on a GPU cluster (single GPU per experiment). Reference
implementation of the model and augmentation techniques will be
available with the camera-ready version.

Earlier in Section 3.3 we listed all individual augmentation tech-
niques that we implemented. To find optimal parameters for each
one of them, we utilized a subset of the $1-GDS dataset and ran a
series of iterative searches over the ranges of possible parameters.
To reduce the number of variables in our evaluation, we used these
parameters across all our further experiments and datasets. For

3https://www.pytorchlightning.ai/
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Figure 4: Experiment 1: accuracy results for a writer-
independent experiment (train with one participant, test
with another) over varying augmentation technique and the
number of training participants. A single original sample per
participant per class used as a seed samples for generating
synthetic samples. Bars indicate a 95% confidence interval.

exact parameters, please refer to the supplementary material and
to the reference implementation®.

4.2 Experiment 1: Performance of individual
techniques

4.2.1 Experiment 1 Setup: Part one of our evaluation is dedicated
to testing the effect of individual augmentation techniques applied
to the data. The question it answers is to what extent synthetic data
generated by each augmentation techniques represents the real
data. This experiment is similar to a standard writer-independent
experiment protocol used widely in the gesture customization lit-
erature [58, 62, 66, 73], where a very small number of original
training samples are used to train a recognizer. We used the $1
dataset for this experiment. The variables we varied were the num-
ber of training participants and the augmentation technique. In
this writer-independent experiment, a single sample per gesture
class was sampled from p random participants and these gestures
were used as seed samples to create an augmented training set
(300 synthetic samples per class). The validation set consisted of
all available data of two random participants different from the
training participants, and the testing set consisted of two more
randomly selected participants, different from both the training
and validation sets. The sizes of the resulting sets (train:val:test)
were 4800+X:960:960, where X denotes the number of original train
seed samples. The resulting augmented training dataset was used
to train the RNN model and test accuracy is saved at the point of
lowest validation loss. We ran this experiment 300 times varying p
of 1 and 2, then averaged the results.

4.2.2  Experiment 1 Results: A plot for visual comparisons and ex-
act values of the Experiment 1 results can be found in Figure 4.
With a single training participant and a single training sample per

4https://github.com/maslychm/gesture_augmentation
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class, the baseline (no augmentation applied) for all other scores is
70.29%. All augmentation techniques boosted the model accuracy,
except for erasing, which decreased the accuracy to 65.67% and was
therefore excluded from further evaluation. Gaussian augmentation
gave the largest improvement to the RNN, resulting in accuracy
of 77.72%. With a single training sample from two participants,
the baseline increased to 82.48%, and Gaussian scored at 86.82%.
Performance gains from the rest of the techniques were smaller, but
Frame skipping, Shearing, Rotations and Perspective change all in-
creased accuracy by more than 4%. Interestingly, with two training
participants, Frame index jitter and Bezier and Spline deformation
techniques decreased the model accuracy from 82.48% down to
81.64% and 81.56% respectively. It is possible that these techniques
do not add enough variability to the data so that the presence of
additional original training samples in itself boosts accuracy more.

This experiment paints a high-level picture of what accuracies
can be expected when using individual augmentation techniques.
However, we want to improve the classification scores further by
combining the effect of multiple techniques to synthesize new ges-
ture trajectories. This leads us to our next experiment, where to a
gesture trajectory we apply multiple augmentation techniques one
after another.

4.3 Experiment 2: Chaining multiple techniques

4.3.1 Setup. In the first part of the evaluation we studied the effect
of the applying individual augmentation techniques on classifica-
tion performance. The next question is whether applying multi-
ple augmentation techniques (from now on we will refer to this
process as chaining) to the same synthetic sample yields a classifi-
cation accuracy boost. As a specific example: is applying a chain
of Rotate— Scale— Perspective— Gaussian transformations better
than applying only one of them? Further, if the order in which
techniques are chained has impact on how the chain performs, all
permutations of all combinations of 11 different techniques make
up T = Zgl 11!/(11 — i)! = 108,505, 111 possible chains. Even fur-
ther, optimal parameters for techniques may be chain-dependent,
which together with the fact that computing a good accuracy aver-
age for a chain requires 300 model training runs®, means that an
iterative search for the best augmentation chain is not practical. To
partially deal with this issue, we fix the parameters for individual
techniques, making it possible to directly compare two chains to
one another. Using this method we can show, for example, that a
chain under the name "rotate scale perspective gaussian" in Figure 5
outperforms each of the individual techniques that we compared in
this experiment. More similar examples are presented in the same

figure.

4.3.2 Categories of variability introduced by augmentation. To re-
duce the search space of possible chains, we decided to chain
together those techniques which through their transformations
added variability from different categories to the trajectories. In
the nearest-neighbor gesture recognition literature, pre-processing
steps reduce and remove specific variability categories [32, 58, 64,
66, 68, 73]. For example, Noise can be removed by filtering; ori-
entation variability, by rotating by an indicative angle [32]; scale,

Note that an individual run randomly selects 1 out of 30 samples per class across 10
participants.
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Figure 5: Experiment 2: Accuracies for selected chains in
a writer-independent experiment on the GDS dataset. Bars
indicate a 95% confidence interval.

by re-scaling the bounding box; and point count, by resampling
trajectories to be represented by a fixed number of points. We also
included shape variability, that we define as "change in trajectory
shape, noticeable even after scaling, rotating and perfectly overlap-
ping the synthetic trajectory on top of the original". For example,
GPSR, noise, and Bezier-based augmentation modifies the gesture
shape in such a way. On the other hand, resampling and point du-
plication - does not (unless extremely low resample count is used).
Table 2 summarizes the categories of variability for the techniques
which performed above the baseline in Experiment 1 (Section 4.2).

Table 2: Categories of variability for individual techniques
which outperformed the baseline. Check-marks indicates
that the given augmentation technique adds variability from
a given category.

Technique Noise | Scale | Pt. Cnt | Shape | Orient.
Gaussian v v

Uniform v 4

Scaling v

Spat. rsmpl. v

Temp. rsmpl. v

Frame skip v

Point dupl. v

Frame jitter v 4

Bezier deform. v 4

Rotate v
Shear v v 4
Persp. change 4 4

4.3.3  Results for selected chains. Given that the full chaining space
is large and can not be tested easily, we formed some simple chains
which combined techniques from multiple categories, and then
modified them as we observed patterns in model accuracies. We
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used some guiding principles based on our early experimentation.
We observed that those chains that added transformations from
the same category multiple times generally performed worse than
those that did it once. This means that we generally want to apply
a single variability category once. We also noticed that presence of
all five of the categories generally gave better performance than
when fewer than five categories were present. We also observed
that Gaussian noise applied before spatial resampling gave better
performance than when it was applied after it, and similarly for
frame skipping. This means that the order of applied techniques
is important and we should maximize the accuracy be preserving
orders that worked well. Guided by these observations, we used
trial-and-error and arrived at a chain "gaussian frame-skip spatial
perspective rotate scale" (All Variability Chain or AVC) which in
our testing outperformed other chains that we tested. Results of
this experiment can be found in Figure 5. We decided to use AVC
in the next experiment, where we pit it against alternative data
augmentation techniques in a real-world-like writer-dependent
scenario, over multiple datasets.

4.4 Experiment 3: Customization scenario

4.4.1 Experiment setup. A writer-dependent test with a very lim-
ited number of original training samples simulates a real-world
scenario where a user inputs only a few gestures per class as exam-
ples. Validation data, used to gauge if at a particular training epoch
the model performs as expected, is also not available in such cases.
To deal with this issue, we generate a synthetic validation dataset
using the same augmentation process as for training, but double
the number of synthetic samples. Without this step the models
performed worse due to overfitting.

Our writer-dependent experiment had the following protocol:
select k original samples per class from a single participant, and use
them as seed samples to generate an augmented training set with
300 synthetic samples per class; use the same original samples to
generate a synthetic validation set with 600 synthetic samples per
class; use the remaining original samples which were not used for
training and form a test dataset (no overlap between train, valida-
tion and test sets); train the model using the training and report the
test accuracy from the model which had the lowest validation loss.
We repeated this experiment for each participant in the dataset, 30
times per participant, for each evaluated augmentation technique.

To evaluate performance of AVC, we used None augmentation,
and also the best-performing individual augmentation technique
from Experiment 1 (Section 4.2): Gaussian; Simple (Rotate — scale
— gaussian) chain is common in RNN gesture literature [28, 35, 36];
AVC applies gaussian — frame-skip — spatial — perspective —
rotate — scale.

4.4.2  Experiment Results. We ran this writer-dependent test pro-
tocol on four single-stroke 2D gestural datasets commonly used as
benchmarks in the literature: $1-GDS [73], EDS1 [70], EDS2 [70],
and Lemarchand [60]. Figure 6 and Figure 7 show the results for the
writer-dependent experiment with synthetic validation data over
1 and 2 original training samples, respectively. For every dataset
and the number of original training samples per class, AVC chain
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Figure 6: Experiment 3: Writer-dependent experiment with a
single training sample per class across GDS, EDS1, EDS2 and
Lemarchand datasets. None is no augmentation; Simple chain
is (rotate — scale — gaussian); Gaussian is random Gaussian
Noise; AVC chain is gaussian — frame-skip — spatial —
perspective — rotate — scale. Confidence interval bars are
95%.
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Figure 7: Experiment 3: Writer-dependent experiment with
two training sample per class across GDS, EDS1, EDS2 and
Lemarchand datasets. None is no augmentation; Simple chain
is (rotate — scale — gaussian); Gaussian is random Gaussian
Noise; AVC chain is gaussian — frame-skip — spatial —
perspective — rotate — scale. Confidence interval bars are
95%.

boosts the performance over Gaussian augmentation the most. Sim-
ple chain also improves recognizer accuracies and in most cases
outperforms augmentaiton using Gaussian noise.

4.5 Experiment 4: Alternative approaches in
customization scenario

4.5.1 Experiment Setup. We are interested in how existing alter-
native gesture synthesis methods compare to our AVC chain in a
customization scenario. As introduced in Section 2.2, more complex
methods for generating synthetic gestures are available, namely
Gestures a Go Go [30], GPSR [59] and DeepNAG [36]. Gestures a
Go Go extracts per-trajectory reconstruction parameters and passes
them to a Sigma-Lognormal (£A) model where these parameters
are used to synthesize a new trajectory. GPSR first spatially re-
samples the original trajectory using intervals of random lengths,
then removes a small number of points, and lastly normalizes the
distances between the remaining points to synthesize new samples.
These two methods require only a single original sample per class to
produce new trajectories so they are applicable in a customization
scenario. DeepNAG, on the contrary, needs thousands of original
samples to generate new samples, and its generative model has to
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be trained anew for each dataset. The amount of data it requires
is not available in the customization context, so we only included
Gestures a Go Go and GPSR in this experiment.

Both Gestures a Go Go and GPSR take user-defined parameters
that influence how variable the synthesized trajectories will look
like. To generate synthetic samples with Gestures a Go Go, we used
a public API® that was released together with the original paper,
and set the parameters to those recommended in the method’s
publication: shape variability to 1, length variability to 1, same
timestamps to false. To generate synthetic samples with GPSR, we
implemented the algorithm locally and set the variance parameter
to 0.25 according to the method’s publication. We set the resample
count parameter to a random number between half of the original
trajectory length and double the original length, and remove count
to a random number between 2 and 6. We used the respective
parameters for Gestures a Go Go and GPSR to generate 300 synthetic
trajectories per original sample in the $1-GDS dataset, and ran a
writer-dependent experiment with synthetic validation pipeline.
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Figure 8: Experiment 4: Writer-dependent experiment with
a single training sample per class. $1-GDS dataset, synthetic
validation pipeline. Bars represent a 95% confidence interval.

4.5.2  Experiment Results. Figure 8 shows the results for the writer-
dependent experiment where we compared two alternative gesture
synthesis approaches to our AVC chain. AVC chain outperformed
both GPSR and Gestures a Go Go methods, with a notable dif-
ference. From no augmentation, GPSR improved the accuracy up
to 93.92% (by approximately 3.5%). Interestingly, augmenting the
dataset using Gestures a Go actually decreased the RNN accuracy
by approximately 8%, reducing the average accuracy to 82.6%. A
possible explanation for this method performing poorly is that it
does not produce enough variability to cover the gesture variability
present in the test set, and the RNN overfits as a result.

4.6 Experiment 5: Synthetic training set size VS
training time VS accuracy

Recognizer training time is an important consideration in cus-
tomization. Training times should be as short as possible since
that will eliminate the waiting on the user’s end. Unfortunately,
RNNGs are slow to train, and the training times increase when the
training set size is increased. Prior research reported training times
ranging from 10 minutes to several hours [28, 35, 36], and since the
reduction of training time is one of the focal points of our work,
we conducted an experiment where we varied the training set size.

®https://g3.prhlt.upv.es/
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Figure 9: Writer-dependent experiment with varying the
number of synthetic samples per class with $1-GDS dataset
(using synthetic validation pipeline). Top: training accuracy
given varying synthetic training set size, bottom: training
time (in seconds) given varying synthetic training set size.

We used the AVC chain to generate a variable number of synthetic
samples for a writer-dependent experiment with Synthetic Valida-
tion pipeline and ran this experiment on Pop!_0S”® with an Nvidia
GTX1080 graphics card.

Our results show that with a single synthetic sample per class
(total train set size of 32), training time is 9 seconds on average,
with 64 synthetic samples per class (total train set size of 1040),
the training time increases to 20 seconds (see Figure 9). We tested
up to 2048 synthetic samples per class, which brought the total
training set size up to 32874, and found that the model took 50
seconds to train with this train set size. The model accuracy reached
97% and stopped improving with values larger than 512 synthetic
samples per class, which is close to 300 - a hyper-parameter value
for the number of synthetic samples per class that we chose for our
previous experiments.

5 DISCUSSION AND FUTURE WORK

The goal of this work is to improve the user experience with gestu-
ral interfaces through improving the performance of RNNs used
for recognition. With RNNSs, the two primary concerns are recog-
nition accuracy and training time. Training time depends on the
architecture and training set size. In Experiment 1 (Section 4.2), we

https://pop.system76.com/

8At the time of this writing, the Windows implementation of PyTorch DataLoader did
not support multiple workers for batch loading, which caused the training time graph
to spike at 32 synthetic samples per class, so we switched to a linux-based OS for this
experiment.
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Figure 10: Writer-independent experiment with 4 training
participants over a varying count of original training samples
per participant on the $1-GDS dataset. None is no augmen-
tation; Gaussian is random Gaussian Noise; AVC chain is
gaussian — frame-skip — spatial — perspective — rotate —
scale. Confidence intervals are 95%.

saw many individual augmentation methods which are not mutu-
ally exclusive. Because each of them adds variability from different
categories, they can be combined into chains of augmentation. We
used this and were able to boost the RNN model performance while
keeping the synthetic dataset limited in size.

5.1 Performance due to augmentation chaining

Through the process we followed in our Experiment 2 (Section 4.3),
we arrived at our AVC chain, which outperformed the tested al-
ternatives across four 2D gesture datasets in a writer-dependent
experiment (Section 4.4) and also alternative methods designed
specifically for gesture synthesis (Section 4.5). This confirms that
chaining multiple augmentation methods based on variability cate-
gories can considerably boost the RNN model performance when
compared to other augmentation methods.

5.1.1 Chaining augmentation reduces the amount of required data.
To our knowledge, the exact experiment protocol we performed was
only used with nearest-neighbor methods, that have been consid-
ered the state-of-the-art for gesture customization. For example, on
the $1-GDS dataset, the $1 algorithm is 97.1% accurate in a writer-
dependent experiment with a single training participant. In the
same experiment, our AVC augmentation method achieves 96.98%
accuracy (see Figure 6). Other work where RNNs were trained on
gestural data include thousands of original samples in the training
dataset. For example, thousands of original $1-GDS samples, pro-
cessed using Gestures a Go were used to train a large multi-modal
LSTM network and the achieved accuracy was 97.11% [28]. In an-
other experiment, a GRU-based [36] network trained with 50% of
$1-GDS and augmentation using a non-adversarial generation ap-
proach was 94% accurate. To have a more direct comparison to these
testing protocols, we used the AVC augmentation chain with only
1.33% of all available data (a single training sample per class from 4
participants) and found that RNN achieves over 95% accuracy. Using
5.33% (four training samples per class from 4 participants), yields
97% accuracy (see Figure 10). This highlights that our approach
of combining multiple categories of variability boosts recognition
accuracy of RNNs beyond what was previously achieved without
requiring nearly as much data as alternative appoaches.
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Figure 11: Left: original 2D gesture samples from $1-GDS
from 3 different subjects (no transformations applied). Right:
three synthetic gesture trajectories per class generated
through the AVC chain augmentation (gaussian — frame-
skip — spatial — perspective — rotate — scale).
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5.1.2  Training time based on training set size. The training times
we report are lower than those reported in the gesture recognition
literature using RNNs [28, 35, 36]. This could be due to a combi-
nation of factors: the hardware, the choice of operating system,
the deep learning framework. The GTX1080 that we used was re-
leased in 2016 and is not a fast card by modern standards, especially
among hardware that is specialized for deep learning. Despite this,
we were able to achieve low training times, partially thanks to early
stopping’ function that tracks validation set loss values and stops
the training when loss has not decreased for a set number of epochs.
Still, we believe it is possible to reduce the training time further
and we plan to work on this in the future.

5.1.3  Variability in synthesized gestural data. Synthetic training
data that combines multiple variability categories allows us to re-
duce the training time since fewer samples are needed to represent
the same amount of variability in data. However, it is possible to fur-
ther reduce the training time. Potential directions for future work
in the area include: decreasing model size, pruning the training
set to exclude samples which don’t contribute to variability, and
utilizing transfer learning. Further, additional training data can be
collected while the system is already in use, and because RNNs
have a constant inference time, user experience will not degrade
from additional data. As a result, the user will benefit from a robust
customizable gesture recognizer which is quick to train. In future
work, we plan to explore each of these directions.

Visual inspection of the trajectories synthesized by the AVC
chain reveals that the overall gesture shapes are recognizable, al-
though the trajectories look very noisy (see Figure 11). The impact
of Gaussian noise is most pronounced, followed by rotations. The
effect of spatial resampling is not obvious from a visual observation,
however given that presence of point count modification methods
is the main difference between the AVC chain and Simple chain
(Rotate — scale — gaussian), the performance gains when using
the AVC chain must come from frame skipping and spatial resam-
pling methods. Such methods are underexplored in the RNN gesture
recognition literature, and based on our results, they deserve more
attention and may reveal more performance gains if studied further.

%https://pytorch-lightning readthedocs.io/en/stable/common/early_stopping.html
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When it comes to gestures, there are many sources of variability
that contribute towards the overall gesture trajectory. The input
devices have various screen sizes and can be held at different angles.
The user can be right or left-handed, have different vision or motor
abilities. Environment also plays a role, since if the user is moving
while using gesture shortcuts, the produced trajectories will be
more noisy. Lastly, the precision of the device’s sensor and the
sampling rate also have an impact on trajectory. With a limited
training set, the goal of augmentation is to cover the entire space
of the possible variability that will be encountered during the use
of the system. Thus modeling the potential sources of variability
can help inform practitioners what is expected during use and
therefore what augmentation parameters to use. Figure 11 shows
that even though the variability in original gestures on the left side
is different from the variability of trajectories synthesized using
the AVC chain, the additional noise helps the RNN generalize and
perform better on the test data. From a practical standpoint, this
means that practitioners should side with as much variability as
possible, as long as the test accuracy is not decreased.

5.2 Recommendations for practitioners

When generating synthetic data for training gesture recognition
RNNE, it is best to combine multiple data augmentation meth-
ods by applying them one after the other to the original gestures.
An augmentation chain of Gaussian Noise — Frame Skipping —
Spatial Resampling — Perspective Change — Rotation — Scaling
works well in practice and can be readily used for generating a
synthetic dataset which will improve a 2D gesture recognizer’s
performance. In general, as much variability as possible should
be added as long as performance on the test set improves. Sup-
plementary material to this paper contains the exact values of the
parameters used with our augmentation methods, and a reference
implementation for researchers and practitioners is available at
https://github.com/maslychm/gesture_augmentation.

5.3 Limitations and Future Work

The first limitation of this work is that the RNN model architecture
and the individual augmentation techniques parameters were opti-
mized on a single datset ($1-GDS). This leads us to question the gen-
eralizability of the AVC augmentaiton method we created. Through
additional writer-dependent experiments on three more datsets
which are widely-used in the gesture recognition space (EDS1 [70],
EDS2 [70], Lemarchand [60]), we confirmed that the AVC chain
method still outperforms the alternatives when used in combination
with our RNN architecture. However, we did not explore the inter-
action effects between test accuracy, model size, and the number
of classes in the dataset. Further improvements in the classifica-
tion accuracy may be discovered by exploring these parameters. In
future work we also plan to further evaluate writer-independent
performance across additional datasets, including datasets with
handwritten sybmols, 3D gesture datasets and other modalities.

A second limitation is that because of the huge search space
in the possible chains in Experiment 2 (Section 4.3), it is possible
that a better chaining strategy exists which would lead to even
higher classification accuracies. As part of future work, we plan
to explore various parameter space search methods that would
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help with automating the chaining process. It is also possible to
combine GPSR and Gestures a Go with other augmentation methods.
Utilizing these methods in combination with the ones we evaluated
may improve the recognizer performance further, so in future work
we plan to include them in our evaluation.

Lastly, as mentioned in the Discussion (Section 5.1.3), modeling
the sources of variability may better inform the choice of parameters
for augmentation chains. Additionally, measuring the distributions
between real and augmented data may aid in understanding why
certain variability improves the recognition performance. For this,
previous efforts have used Euclidean [73], Inner Product [59, 62] and
Cloud distances [66], as well as custom-defined accuracy variability
measures [67]. All the mentioned approaches, however, resample
the trajectories to a fixed length and through this process remove
certain variability that we found to improve performance, such as
high frequency noise and point count. Future work should find a
way to aggregate multiple distance measures and define custom
variability measures that will help inform augmentation methods
and parameters choices. For example, using forward modeling could
be a viable alternative to this approach. Additionally, such knowl-
edge will help generate more realistic looking samples through the
augmentation process, which we leave to future work.

6 CONCLUSION

In this work we implemented and evaluated a number of augmen-
tation techniques for gestural data as applied to training Recur-
rent Neural Networks. We combined some of these techniques
into chains on the basis of different categories of variability which
techniques add to the data. These chains apply the augmentation
techniques sequentially in a specific order, and we found a chain
that performed better than the rest in our evaluation. We called this
chain the "All Variability Chain" (AVC) and tested it on four widely-
used single-stroke 2D gesture datasets, finding that it outperforms
all tested alternatives. Researchers and practitioners will benefit
from this new simple-to-implement data augmentation method
which will boost their RNNs recognition accuracy. End users will
benefit from improved RNN-based gesture recognition systems
enabled by methods evaluated in this work.
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