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Abstract

We study the task of gesture recognition from electromyography (EMG), with the goal of
enabling expressive human-computer interaction at high accuracy, while minimizing the
time required for new subjects to provide calibration data. To fulfill these goals, we define
combination gestures consisting of a direction component and a modifier component. New
subjects only demonstrate the single component gestures and we seek to extrapolate from
these to all possible single or combination gestures. We extrapolate to unseen combination
gestures by combining the feature vectors of real single gestures to produce synthetic training
data. This strategy allows us to provide a large and flexible gesture vocabulary, while not
requiring new subjects to demonstrate combinatorially many example gestures. We pre-train
an encoder and a combination operator using self-supervision, so that we can produce useful
synthetic training data for unseen test subjects. To evaluate the proposed method, we
collect a real-world EMG dataset, and measure the effect of augmented supervision against
two baselines: a partially-supervised model trained with only single gesture data from the
unseen subject, and a fully-supervised model trained with real single and real combination
gesture data from the unseen subject. We find that the proposed method provides a dramatic
improvement over the partially-supervised model, and achieves a useful classification accuracy

that in some cases approaches the performance of the fully-supervised model.

1 Introduction

Subject transfer learning describes the technique
of using pretrained models on unseen test subjects,
sometimes with adaptation, and is a challenging
and active topic of research for EMG and related
biosignals ( , ; , ;

, ). The difficulty of subject transfer arises
from numerous sources. Noise in EMG data can
stem from from the stochastic nature of the EMG
signals, variability in EMG sensor placement and
skin conductance, and inter-individual differences in
anatomy and behaviors such as the selection, tim-
ing, and intensity of actions. Labels for supervised
EMG tasks may also be noisy due to variation in
task adherence ( , ). As a
result of the performance gap between train and test
subjects, it is typical in tasks like gesture recognition
that unseen test subjects must provide supervised
calibration data for training or fine-tuning models.
This produces an undesirable trade-off; increasing
the gesture vocabulary increases the expressiveness
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Figure 1: Overview of desired commutativity. A
combination-homomorphic encoder Fy, commutes with
gesture combination: given data from real single
gestures xyp and Tpincn and a real gesture combina-
tion Tupgpincn, the real combination gesture’s encoding
Fy,. (Tupepincn) should equal the combined encodings of
the single gestures Combine(Fy, (Tup), Fo. (Tpincn))-

of the trained system but also increases subject time spent during calibration.
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In this work, we propose a three-part strategy to resolve this trade-off. First, we define a large gesture
vocabulary as the product of two smaller, biomechanically independent subsets. Subjects are given a set of 4
direction gestures (Up, Down, Left, and Right) and 4 modifier gestures (Thumb, Pinch, Fist, and Open), and
may either perform a single gesture chosen from the 444 individual options, or a combination gesture from
the 4 x 4 options consisting of one direction and one modifier.

Using a gesture vocabulary with this combinatorial structure makes the system expressive, but traditional
machine learning approaches cannot naively generalize to unseen combinations, and would therefore require a
correspondingly large training dataset. For example, given only examples of single gestures Up and Pinch,
traditional models would not naively be able to classify examples of the unseen combination Up&Pinch
gestures. Therefore, the second key component is to define a training scheme using partial supervision with
synthetic data augmentation. A new subject only needs to demonstrate the 4+4 single gesture classes, and a
classifier can then be trained using these real single gesture examples plus synthetic combination gesture
examples created by combining gestures in some feature space.

In order to enact this partially supervised training, we must be able to generate useful synthetic combination
gestures. Thus, the third element of our strategy is to use contrastive learning to pre-train an EMG encoder
and a combination operator, such that we can combine real single gesture examples into realistic synthetic
examples of combination gestures. The goal of this contrastive learning is that the encoder should be
approximately homomorphic to combination of gestures, as shown in Figure 1. In other words, the property
we desire is that combining two gestures in data space (e.g. when a subject perform a simultaneous Up&Pinch
gesture) gives approximately the same features as combining two gestures in feature space (e.g. the features
of an Up gesture combined with the features of a Pinch gesture). Given this property, the synthetic gesture
combinations we produce can serve as useful training data.

We evaluate our method by collecting a supervised dataset containing single and combination gestures,
and performing computational experiments to understand the effect of various model design choices and
hyperparameters.! Note that our approach to extrapolating from partial supervision can be applied to
any task in which data have multiple independent labels, but where the combination classes are not easily
predicted from the single classes. Classical machine-learning methods for biosignals modeling tasks often use
hand-selected features; by learning our feature space entirely from data, we remove this reliance on domain
expertise. In general, hand-selected features can be a useful way to enforce strong prior assumptions about a
particular domain, and may be useful in the case of limited data, whereas a data-driven approach may be
beneficial as the amount of available data increases or in cases when domain assumptions may be violated.

2 Related Work

Applications of EMG. The broad task of gesture recognition from EMG has been well studied. Research
varies widely in terms of the specific application, and thus the exact sensing modality, the set of gestures used,
and the classification techniques applied. Typical applications include augmented reality and human-computer
interface, as well as prosthetic control and motor rehabilitation research ( , ;
, ; , ). EMG data has also been used extensively for regression
tasks beyond prosthetic apphcatlom such as hand pose estimation ( , ; ,
; , ). These applications are well-reviewed elsewhere ( , ; ,

I ) ) ) )'

Feature Extraction. One area of focus has been the effect of feature extraction on classifier performance.
Most traditional approaches to EMG gesture recogmtlon transform raw EMG signals into low-dimensional

feature vectors before classification ( , , ; ). Feature extraction
methods can be broadly characterized into those usmg time-domain features, frequency-domain features
and time-frequency-domain features based on the method of extraction ( , ). Numerous

investigations have evaluated the best set of features to maximize classifier performance, but the hardware,
tasks, and findings vary between different studies, highlighting the potential issues of using hand-engineered
features ( , ). Our approach differs in that we use contrastive learning to learn a feature

1Code and data to reproduce all experiments will be made available upon publication (anonymized during review).



Under review as submission to TMLR

space with the correct structure for our classification task. This approach can be re-used more easily across
different experimental setups and tasks.

Recognizing Combination Gestures. Previous work on gesture combinations is relatively limited. Some
work has shown high accuracy in classifying movement along multiple axes with application to prosthetic
control, though this was performed using fully-supervised data ( , ). This application has
been extended by using simultaneous linear regression models for controlling prostheses along multiple
degrees of freedom, again using fully-supervised training data ( , ). Other research has
provided models for classifying single gestures from a mixed vocabulary containing both static and dynamic
gestures ( , ), and models to simultaneously classify a gesture and estimate force vectors (

, ); by contrast, we focus only on classifying static gestures. To our knowledge, only one previous
article has attempted to classify combinations of discrete gestures from training data that contains only single
gestures ( , ).

Semi-Supervised, Contrastive, and Few-Shot Learning. We propose a novel approach to simultane-
ously resolve issues with the classification of combination gestures and provide a means for subject transfer
learning. We formulate the task of calibrating models for an unseen test subject as a semi-supervised learning
problem, and use a contrastive loss function to ensure that items with matching labels have similar feature
vectors.

Briefly, semi-supervised learning describes the setting in which labels are available for only a subset of training
examples. Models are trained with a supervised loss function for labeled examples, and an unsupervised loss
function on the unlabeled examples. A wide variety of unsupervised loss functions have been studied, such as
entropy minimization (encouraging the model to make confident predictions) ( ;

, ), and consistency regularization (where the model must make consistent predictions desplte
small perturbations on the input data) ( , ). These and other techniques are well-reviewed
elsewhere ( , ; ,

Contrastive learning describes techniques for learning useful representations by mapping similar items to
similar feature vectors. This can be applied in tasks with full or partial labels, or even unsupervised contexts.
Items may be identified as similar based on their label ( , ; , ), or by applying
small perturbations to input data that are known to leave the class label unchanged ( , ;

, ). This area is also well-reviewed elsewhere ( , ; , ).

Our approach uses a combination of ideas from the literature on semi-supervised and contrastive learning.
The key step that reduces subject calibration time is to collect only partial labels, thereby defining a semi-
supervised learning problem. In order to allow models to successfully extrapolate from this partial supervision,
we pretrain our models using a classic contrastive learning method called the triplet loss ( , ).

Our problem statement is similar to the problem statement of a standard few-shot learning setting (see

( ) for review), but has several additional properties. First, in few-shot learning, models are
evaluated on different “tasks,” where the relationship between different tasks can be quite loose (such as
image classification research in which the original dataset, and even the number and identity of class labels
can vary between tasks). We are interested in the variation of behavior between subjects, so each “task” in
our work represents applying a pretrained model on a certain unseen test subject. This leads to a particular
relationship between different “tasks”; all the same classes are present when comparing two tasks, but data
is obtained from a different subject. Second, in typical few-shot learning, the labeled items available are
typically randomly sampled from the full set of possible classes. By contrast, we consider a problem with
two-part labels, and consider that our partial supervision consists of only single gestures (items that use only
one label component) and does not contain any combination gestures.

Subject Transfer Learning. Note that there are a variety of other approaches to the subject transfer

learning problem, such as techniques for regularized pre-training ( , ), domain
adaptation techniques based on Riemannian geometry ( , ), and weighted model ensembling
using unsupervised similarity ( , ). Techniques for subject transfer in EMG and related
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data types such as electroencephalography (EEG) are well-reviewed elsewhere ( , ; ,

).
3 Methods

In Section 3.1, we define the subject transfer learning problem and provide notation including model
components. In Section 3.2, we describe how feature vectors from single gestures will be combined to create
synthetic features for combination gestures. In Section 3.3, we describe the first stage of our proposed method
in which we pretrain an encoder and a combination operator. In Section 3.4, we describe the second stage of
our method, in which we collect calibration data from an unseen subject, then use the pretrained encoder and
combination operator to generate synthetic combination gesture examples and train a personalized classifier
for that subject.

3.1 Problem Statement and Notation

In a standard classification task, we seek to learn a function that predicts the correct label y for a given data
example z, based on labeled examples provided during training. Recall that the motivation for our work is to
design a model that makes use of population information collected from a set of pre-training subjects, and
can be quickly calibrated on new subjects. To that end, we modify this problem formulation as follows.

Consider a dataset D = {(z,v,s)} consisting of triples of data x € RP, two-part gesture labels ¥ = (Ydir; Ymod),
and subject identifiers s € {1,...,S}. The components of the gesture label y take values as follows: ygq;, is
in {Up,Down, Left,Right, NoDir}, where NoDir indicates that no direction was performed, and ¥4 is in
{Thumb, Pinch, Fist, Open, NoMod}, where NoMod indicates that no modifier was performed.

We partition the subject ID values into disjoint sets S”7¢ and S¥*. Using these sets, we divide the overall
dataset into three segments:

o A pre-training segment D¢, where s € SP7¢. This is used to learn a population model.

o A calibration segment D% where s € SP¥ and containing only single gestures (y has the form
(i,NoMod) or (NoDir, 7). This represents the small amount of single-gesture calibration data we can
obtain for a new unseen subject and is used for further model training.

o A test segment DT, where s € SF¥ and containing all classes y. This is used to measure final
model performance.

We define a two-stage architecture, consisting of an encoder Fp,.(-) : R? — R¥ producing K-dimensional
feature vectors z, and a classifier Go. () : RX — A(5) x A(5) mapping feature vectors to pairs of 5-
dimensional probability vectors. This classifier consists of two independent components, one that predicts
the distribution over direction gestures, and one that predicts the distribution over modifier gestures. This
“parallel” classification strategy is adopted as the simplest way of producing a two-part label prediction,
though in principle one could seek to capture correlations between the two label components. Note that there
will be one classifier Géjcre used during pretraining (which provides an auxiliary loss term), and it will be
replaced by a fresh classifier GQTGGSt trained from scratch for the unseen test subject.

For convenience, we define several subscripts to refer to data from single gestures or combination gestures.
Let Xgir, Yair, Zair represent data, labels, and features, respectively, from a set of single gestures with only a
direction component. Such a gesture has a label of the form (i, NoMod). Likewise define X104, YVinod, Zmod for
a set of modifier gestures, which have labels of the form (NoDir, j). More generally, let 24,4 represent data
from a single gesture (either a direction-only gesture, or a modifier-only). Finally, define Xeomp, Veomb, Zcomb
for a set of combination gestures with labels of the form (7, j) where i # NoDir, j # NoMod, and let xcomp
represent data from one such combination gesture.
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3.2 Homomorphisms and Combining Feature Vectors

Given two algebraic structures G and H, and a binary operator o defined on both sets, a homomorphism is a
map f : G — H satisfying

flg1092) = f(g1) 0 f(g2), V1,92 € G. (1)

This property can also be described by noting that the map f commutes with the operator o (

, ). As mentioned previously, we design a partially-supervised calibration in which a new
subject will only provide single gesture examples and we will seek to extrapolate to the unseen combination
gestures. To facilitate this extrapolation, we seek to learn an encoder and a combination operator to achieve
this commutativity, as shown in Figure 1. Note that there are two types of combination to consider; a
physiological process that allows subjects to plan and perform a simultaneous combination of gestures, and
an explicit parametric function that we will use to combine the feature vectors of two single gestures. The
first type of combination (which occurs in a subject’s brain and musculature) is quite complex, and for the
purposes of this work is inaccessible.

Define a combination operator (Zeomp, Jeoms) = Coe ((zum7 Ydir)s (Zmod, ymod)) that takes as input the features
and label of a real direction gesture, and the features and label of a real modifier gesture, and produces as
output a synthetic feature vector and a label. The output feature vector represents an estimate of what
the corresponding simultaneous gesture combination should look like. Note that all feature vectors (from
single gestures, real combination gestures, or synthetic combination gestures) have the same dimension K.
Furthermore, note that the input label y4;, has the form (i,NoMod), and .4 has the form (NoDir, j); the
output label simply uses the active component from the two inputs: Geoms = (4, 7).

Figure 1 describes the desired relationship between the features of real and synthetic combination gestures.
If we achieve the desired homomorphism property, a synthetic feature vector created by this combination
operator should be a good approximation for the features from a corresponding real, simultaneous gesture.
For example, given features from a single gestures z; with label y; = (Up,NoMod) and another single
gesture zo with label yo = (NoDir,Pinch), the combination operator outputs a synthetic feature vector
Zeomb, (Up, Pinch) = Cy,, ((21,41), (22,92)). In the successful case, this synthetic feature vector Zeoms should
resemble a feature vector from a real Up&Pinch gesture.

Note that the combination operator C' corresponds to the operator o mentioned above for a general homomor-
phism. We consider two functional forms for C. In one case, we consider learning a feature space in which
combination can be performed trivially. Here, C' has zero learnable parameters (|6¢| = 0) and computes the
average of the two input feature vectors Zeomp = (2dir + Zmod)/2, which we refer to as C*¥9. This approach
requires the encoder to learn a feature space in which combination occurs homogeneously for all pairs of
input classes. In the other case, the combination operator C produces synthetic feature output using a
class-conditioned multi-layer perceptron (MLP) Z.omps = MLP(24ir, %, Zmod, J)- This allows the possibility that
a flexible combination operator may still be required, and that the process of combining gestures may depend
on the particular input classes.

For convenience, define another function (écomb,jicomb) = CombineAllPairs ((zdmyd,;,,), (zm(,d,ymod))
that accepts two sets of feature vectors with labels, and applies Cy (...) to all pairs of 1 direction and 1
modifier gesture, producing a set of synthetic feature vectors with labels.

3.3 Pretraining the Encoder and the Combination Operator

Figure 2 describes our pretraining procedure. The goal of pretraining is to learn an encoder and feature
combination operator that allows us to extrapolate from the features of two single gestures to the estimated
features of their combination, as shown in Figure 1. We use contrastive learning to approximately achieve
this homomorphism property. Let d(,-) represent a notion of distance in feature space. Consider the feature
vector of a real combination gesture, such as zcomp = Fo,. (Tupgpinen), and the feature vector of a synthetic
combination gesture Zeomb = Co (Fop (xup), Fy,. (xpinch)). We seek parameters that minimize the distance
between these matching items: argming, g, d(Zcombs Zeomb ). However, note that this does not yet provide a
well-posed optimization task, since a degenerate encoder may minimize this objective by mapping all input
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Figure 2: Fully-supervised pretraining for combination-homomorphic model. Encoder parameters 8z and
combination operator parameters ¢ are optimized using a sum of three loss terms. The classifier G‘fge is only
used for auxiliary losses, and its parameters are discarded after pretraining. Colored boxes are models; white
boxes are variables; orange boxes are loss terms; inactive components are faded out. (a): The contrastive loss
term Lrrpier compares features of real and synthetic gesture combinations. Single gestures ;4 are encoded
to features zsing and combined into synthetic features Z.oms. Real combination gestures .omp are encoded
to features zeoms. (b): Classifier GZ;GTC is applied to synthetic features Z.,mp to compute Lep. (c): Classifier
Gf;cw is applied to real features zsing and zcoms to compute Leg.

feature vectors to a single fixed point. Thus, we must simultaneously ensure that the distance between
non-matching pairs of items remains large; for example, the feature vector of a real combination gesture
Zeomb = Fop (Tupapinen) and the feature vector of a synthetic combination Zeomps = Co (Fop (Tup)s Fop (Tnum))-

We use a triplet loss function to achieve this property. Given a batch of labeled data Xy; U Xp0q U
Xeomp and Viir U Vimod U Veomp, We use the encoder Fy, to obtain features Zgir U Zmod U Zeomb-
We can then create feature vectors and labels for synthetic combination gestures (2co,nb,)7¢0,nb)
CombineAllPairs ((Zdir, Vair)s (Zmods ym(,d)). Finally, we can use a triplet loss to compare the distance
between matching and non-matching combination gestures.

Consider a real combination gesture zcomy € Zeoms and its label yeoms = (y;, y;); this item is the “anchor” A
“positive” item is a synthetic gesture E;mb whose label completely matches g]jomb = (¥i,y;)- A “negative”
item is a synthetic gesture Z_, , whose label differs on at least one component: g, = (y;,y;) with either

com
yi # yi, or y; # y; or both. We also consider synthetic anchor items Zcoms € Zcoms; then, positive items are
real combination gestures with a matching label, and negative items are real combination gestures with a
non-matching label.

Given an anchor item a, positive item p, and negative item n selected as described above, and for some choice
of margin parameter -y, we compute a triplet loss using

Loygiprer = Max (d(a,p) - d(a7 n) +7, O) . (2)
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Figure 3: Partially-Supervised Calibration for Unseen Subjects. We exploit combination-homomorphism
to train a fresh classifier calibration on unseen test subjects using only single gesture data g, (neither
real combination gestures comp nor their features zqomp are available). Data x4 are encoded to features
Zsing and combined into synthetic features Z.omp. These real and synthetic gestures are pooled, and a freshly
initialized classifier GF}TG@St is trained on these items using L.

Intuitively, we want the negative item to be at least v units farther away from the anchor than the positive
item.

We consider several slight variations on the standard triplet loss. In the basic version, for each possible
anchor item in a batch (i.e. each real and each synthetic combination gesture), we select N random pairs of
positive and negative item, without replacement. In the hard version, for each possible anchor item, we form
a single triplet using the farthest positive item and the closest negative item. This approach is often referred
to as “hard-example mining” ( , ), since these are the items whose encodings must be moved
the most to achieve zero loss. In the centroids version, for each possible anchor item, we form a single
triplet by comparing to the centroid of the positive class and the centroid of a randomly chosen negative
class. At iteration ¢, given data X; from one class and a momentum parameter M € [0, 1], the centroid C’;)

is computed using an exponential moving average as oY = MC’S_I) + (1 — M)E[Xy].

Note that for a fixed-sized training dataset and a sufficiently flexible encoder, there may still exist degenerate
solutions in which real combinations and synthetic combinations are mapped to the same locations, but these
locations are not separated in a way that permits learning a classifier with smooth decision boundaries, or
does not generalize well to new subjects. Therefore, along with the encoder, we simultaneously train a small
classifier network ch’;“". Using this classifier, we compute two additional loss terms; a cross-entropy on real
feature vectors L¢y, and a cross entropy on synthetic feature combinations ECE. As mentioned above, this
classifier network has two independent and identical components; one is used to classify the direction part of
the label, while the other classifies the modifier part. After the pretraining stage is finished, we discard the
classifier; as described in the next section, we will train a fresh classifier Gg;“ from scratch for the unseen
subject.

Our overall training objective L is a weighted mixture of the triplet loss and these two cross-entropy terms:

L= ETRIPLET + ‘CCE + ECE- (3)

3.4 Training Classifiers with Augmented Supervision

In Figure 3, we describe our proposed method of training a fresh classifier on an unseen test subject using
synthetic data augmentation. For this new test subject, we collect real labeled single-gesture data (Xg;, Vair)
and (Xod, Vmod). We encode these items to obtain real feature vectors Zg4;,. and Z,,,4. We then obtain
synthetic features and labels (Zcomp, Yeoms) = CombineAllPairs ((de Vair), (Zmod,ymod)). Finally, we
merge the real single gesture features and synthetic combination gesture features Zg;, U Zn0q U zcomb, along
with their labels Vair U Yimod U Veoms intto a single dataset to train a randomly initialized classifier Gg;“ for
this subject. As in the pretraining stage, this classifier consists of two separate, independent copies of the
same model architecture in order to classify the direction and modifier parts of the label.

4 Experimental Design

In this section and Section 5, we focus measuring the effect of using synthetic combination gestures during
the calibration stage of our method (Figure 3). In the Appendix, we include other experiments on the
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effect of hyperparameters and model design choices (Section A.2) and the effect of various model ablations
(Section A.3).

4.1 Evaluation and Baselines

For each choice of model hyperparameters, we repeat model pretraining and evaluation 50 times; this includes
10-fold cross-validation and 5 random seeds. During the calibration and test phase, the encoder is frozen, as
shown in Figure 3.

DCalib DTest
9,

As described in Section 3.1, we consider three segments of our dataset; D¢ , and . Here, we
explain how the full dataset is divided into these segments. In each cross-validation fold, the pretraining
dataset DF"¢ contains data from 9 subjects; 1 of these 9 is used for early stopping based on validation
performance. Data from a 10" subject is divided in a stratified 80/20 split to form the calibration and test
datasets DC and D75, Specifically, this 80/20 split is stratified as follows. We use the encoder to obtain
real feature vectors from all of the test subject’s data Zg; U Z,0a4 U Zcomb, and divide each of these portions
of data to obtain a calibration dataset and a test dataset. The calibration dataset contains features and
labels from direction gestures (Z$%, Y¢alit) from modifier gestures (Z5e4b, YCalib) "and from combination
gestures (Z0alib YCaliby " The test dataset also contains features and labels from direction gestures (21t

Test : . . Test Test . : . . Test Test
Ve, from modifier gestures (2,5, V) %), and from combination gestures (Z_°5%. V. °st).

Given this split of data, we can perform our augmented training scheme as described in Sec 3.4. Augmentation
is performed using CombineAl1Pairs with all real single features Zgg“buzgggb and their labels ygg”buyggf;b.
In summary, this model is trained using real single gesture items (Zg%, y¢alit) and (2Fakib, YCalib) " ag
well as synthetic combination gesture items (252, )Caliby e refer to this model as the “augmented

supervision” model. Note that this model does not use real combination gestures (25l yCaliby

To measure the effect of adding the synthetic gestures created using the combination operator, we compare
this augmented supervision model against two baselines with different calibration data setups:

1. A “partial supervision” model, in which the calibration set only includes single-gesture items
(ZCalib Calib) and (ZCalib yCalib)
dir ) Ydir mod * Y"mod /*

2. A “full supervision” model, in which the calibration set includes single-gesture items (ZdC;ﬁ”b,

YGaliby and (Z2Calib yCalib) a5 well as real combination items (Z£ ki yCaliby,
To ensure that our experiments can clearly show the effect of adding synthetic gesture combinations to the
model calibration data, the test data is the same for all three models.

The partially-supervised baseline shows what performance we can expect if the subject demonstrates only
single gestures and we naively train a classifier. It is conceivable that extrapolation from single gestures
to combinations could be trivial, in which case the partially-supervised baseline would perform well on
combination gestures, despite not having examples of them in its calibration set.

The full supervision model shows how well the classifier would have performed if we required the subject to
exhaustively demonstrate all possible gesture classes (despite the burden this places on the subject). The full
supervision model also demonstrates the cumulative effect of other sources of error in our experiments, such
as label noise in our dataset and differences in the signal characteristics between subjects that may limit
unseen subject generalization.

Note that all three models (augmented supervision, partial supervision, and full supervision) use the encoder
Fy, at test time to obtain features from the unseen test subject. The baseline models do not directly use
the combination operator during this calibration stage; however, the combination operator’s presence during
pretraining still affects the encoder’s parameters, and thus indirectly affects these baselines as well.

4.2 Metrics: Balanced Accuracy and Feature-Space Similarity

Model performance is measured using two metrics. First, we measure the performance of the final test
classifier using balanced accuracy, which is the arithmetic mean of accuracy on each class. Balanced
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accuracy is used to ensure that overall performance is not affected by any issues of class imbalance. We
compute balanced accuracy on the subset of 8 single gesture classes (Accsmgle), the subset of 16 combination
gesture classes (Acceoms), and the full set of 24 gesture classes (Accqy).

Second, we characterize the feature-space similarity between real and synthetic gesture combinations.
Recall that we pretrain the encoder Fjp, and feature combination Cy, with a contrastive loss function as
shown in Figure 2 in order to achieve the commutativity property shown in Figure 1. To evaluate the quality
of the learned feature space, we encode all data from the unseen test subject and use a similarity metric to
check whether matching classes end up being more similar to each other than non-matching classes. We use
a similarity measure based on the radial basis function (RBF) kernel.

Given a pair of feature vectors z1, zo and a lengthscale 4, the RBF kernel (also called Gaussian kernel)
similarity is defined as

Kprpr(z1,22) = exp(—6||z1 — 22|%). (4)

The lengthscale hyperparameter ¢ strongly affects the ability to detect structure using the RBF similarity
metric. Using an adaptive length scale such as the median heuristic ( , ) can help reveal
structure within each run, but prevents the comparison of similarity values across runs (analogous to
comparing pixel brightness values between photographs taken with different contrast levels). Therefore, we
use a fixed value of § = 1/128 for all experiments. This corresponds to the expected squared L2 distance
between vectors drawn from a standard Gaussian in 64 dimensions (the latent dimension of our models),
which may be reasonable as a highly-simplified approximation for the typical distribution of feature vectors.

To describe the similarity between two sets of items, such as items from two classes, we compute the average
RBF kernel similarity for all pairs of points. Given sets of items Z7, Z5, we define the set similarity metric
SetSim(Z, Z3) as

1 1

SetSim(Zl,Zg) = ——— Z Z KRBF(Zl,Zg). (5)
1Z21]122] “=

Z1VL] 22V L2

This definition allows us to compare two different sets of items when Z; # Z,. To compute similarity of items

in the same set when Z; = Z5, we use the additional constraint that the sampled items are distinct z; # zs.

Note that the RBF kernel similarity takes values between 0 (for items very far apart in feature space) and 1

(for items with identical feature vectors); the set similarity SetSim takes values in the same range.

If the encoder and combination operator provide synthetic features that are a close approximation for real
features, the similarity between two matching classes, such as real Zypgpincn and synthetic ZUP&pinch, should
be high. Likewise, if the triplet loss successfully separates non-matching classes, then the similarity between
non-matching classes, such as real Zypgpincn and synthetic ZJP&Thumb, should be low.

To describe the structure of classes in feature space, we use SetSim to compute the entries of a symmetric
32 x 32 matrix Mg, whose 4, j entry is the similarity between classes SetSim(Z;, Zj). The first 16 classes
are the real combination gestures, while the next 16 classes are the synthetic combination gestures. We
also summarize several key regions of Mg;,,. The average of the first 16 diagonal elements represents the
similarity between matching real items, i.e. the compactness of these real classes. Likewise, the average of
the next 16 diagonal elements represents the compactness of the synthetic classes. The average of the 16"
sub-diagonal represents the similarity between real and synthetic items that were considered matching in the
contrastive learning objective (such as real Up&Pinch and synthetic Up&Pinch). Finally, the average of all
other below-diagonal elements represent the similarity between non-matching items.

4.3 Hyperparameters and Experiment Details

Encoder Architecture. The encoder model Fy,, is implemented in PyTorch ( , ). The
model architecture is a 1D convolutional network with residual connections and has 105K trainable parameters.
The encoder is pre-trained for 300 epochs of gradient descent using the AdamW optimizer (

, ) with default values of 81 = 0.9 and B> = 0.999 and a fixed learning rate of 0.0003. The
encoder’s output feature dimension K is set to 64.
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Combination Operator. As mentioned in Section 3.2, we consider two functional forms for the feature
combination operator Cy,. In one form, two input feature vectors are simply averaged, and there are no
parameters in 6¢. In the other, C' is an MLP with 17K trainable parameters.

Classifier Architecture and Algorithms. We consider two options for the classifier model Gf;;e that is
used during the pretraining stage. In the “small” case, G has a single linear layer to classify direction and a
single linear layer to classifier modifier, totaling 650 trainable parameters. In the “large” case, each of these
components has multiple layers, totaling 34K trainable parameters.

When training a fresh classifier Gg;“ for the unseen test subject, we use Random Forest implemented in
Scikit-Learn ( , ), since this is a very simple parametric model that also trains very fast.
For comparison, we also show the performance of several other simple classification strategies for a subset
of encoder hyperparameter settings: k-nearest neighbors (kNN), decision trees (DT), linear discriminant
analysis (LDA), and logistic regression (LogR).

Hyperparameters. When performing augmented training, we first create all possible synthetic items
using CombineAllPairs, and then we select a random N = 500 items for each of the 16 combination gesture
classes. The same subset procedure is used when computing feature-space similarities.

In all experiments, we set the triplet margin parameter v = 1.0. For our main experiments, we include all
three loss terms. For ablation experiments, described below, we consider all subsets of loss terms.

We consider three variations of a triplet loss as described in Section 3.3. When using the “basic” triplet loss
strategy, we sample N = 3 random triplets without replacement for each item. When using the “centroids”
triplet loss strategy, we use a momentum value of M = 0.9 to update the centroids.

Ablation Experiments and Varying Hyperparameters. The results of our experiments with varying
model hyperparameters are shown in Appendix A.2. The results of our experiments with ablated models are
shown in Appendix A.3.

4.4 Gesture Combinations Dataset

EMG data during gesture formation were collected from 10 subjects (6 female, 4 male, mean age 22.6 + 3.5
years). All protocols were conducted in conformance with the Declaration of Helsinki and were approved by
an Institutional Review Board (anonymized during review). All subjects provided informed written consent
before participating.

Briefly, subjects were seated comfortably in front of a computer screen with arms supported on arm rest, and
the right forearm resting in an arm trough. Surface electromyography (sEMG, Trigno, Delsys Inc., 99.99% Ag
electrodes, 1926 Hz sampling frequency, common mode rejection ratio: > 80 dB, built-in 20-450 Hz bandpass
filter) was recorded from 8 electrodes attached to the right forearm with adhesive tape. The eight electrodes
were positioned with equidistant spacing around the circumference of the forearm at a four-finger-width
distance (using the subject’s left hand) from the ulnar styloid. The first electrode was placed mid-line on the
dorsal aspect of the forearm mid-line between the ulnar and radial styloid.

Custom software for data acquisition was developed using the LabGraph ( , ) Python package.
A custom user interface developed instructed participants in how to perform each of 4 direction gestures
and 4 modifier gestures. Subjects were then prompted with timing cues on a computer screen, instructing
them to perform multiple repetitions for each of the 4+4 single gestures, and multiple repetitions of the 4 x 4
combination gestures (each combination gesture consists of one direction and one modifier simultaneously).
From each gesture trial, non-overlapping windows of data were extracted to form supervised examples in the
dataset; one window contains 500ms of raw sensor data at a sampling frequency of 1926Hz. After windowing
trials, each subject provided a total of 584 single gesture examples (73 examples of each class) and 640
combination gesture examples (40 examples of each class). See Appendix A.1 for additional information on
the dataset and collection procedure.

10
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To help prevent overfitting, we add noise to the data during training. In each training batch, we consider
each class of data present, and add freshly sampled white Gaussian noise such that the signal-to-noise (SNR)
ratio of the data is roughly 20 decibels. Given the raw data items from a single class X with dimension D,
we produce noisy data X with SNR of B decibels as follows:

[2P:¢

(10B/@) X = E[(X —E[X])?], &~N(0,Ip) (6)

X = X +ope, op=
No other filtering or pre-processing steps are performed. Pre-processing may provide additional benefit to the
absolute performance of a gesture recognition model, though this is orthogonal to the focus of the proposed
work.

5 Results

In our experiments, we focus on examining the effect of adding augmented supervision during the calibration
stage (See Figure 3). As described previously, we compare a model that receives augmented supervision,
with a baseline model that receives only partial supervision (i.e. single gesture examples only) and another
baseline that receives full supervision (i.e. real single and real combination gestures).

5.1 Balanced Accuracy and Confusion Matrices

Table 1: Balanced accuracy, for the 8 single gesture classes (Accsingic), the 16 combination gesture classes
(AcCeoms), and all 24 classes (Accqy). Entries show mean and standard deviation across 50 trials (10 data
splits and 5 random seeds). The proposed augmented training scheme greatly increases overall model accuracy
by trading a modest reduction in performance on single gestures for a large increase in performance on
combination gestures. See Section 4.1 for baseline model details.

Model Accgingle Acceomp Aceqn
Partial Supervision 0.90£0.05 0.01£0.01 0.31£0.02
Full Supervision 0.80 £0.07 0.58£0.09 0.65=+0.07

Augmented Supervision 0.77+0.11 0.32+£0.08 0.47+0.06

Balanced Accuracy. In Table 1, we compare the balanced accuracy of the proposed augmented training
scheme to the partially-supervised and fully-supervised baseline methods. This table shows results for a single
choice of hyperparameters that gave the highest overall accuracy and a good balance between performance
on single gestures and combination gestures. For data shown here, the auxiliary classifier during pretraining
was the “small” single-layer architecture; the combination operator was an MLP, and the “basic” triplet loss
was used; results from all hyperparameters are shown in the Appendix in Table 2. The encoder Fp,. and
combination operator Cy, were pretrained as described in Section 3.3, and then a fresh classifier GQTS“ was
trained using different forms of supervision on the unseen test subject. In the augmented supervision case
(bold row), the classifier was trained as in Section 3.4; the partially-supervised and fully-supervised baselines
were trained as in Section 4.1.

Comparing the performance of the partially-supervised baseline to the augmented supervision model, we
observe that adding synthetic combination gestures leads to a dramatic improvement of about 16% overall
classification performance on the unseen test subject. The overall gain is achieved by trading a small
decrease in performance on the single gesture classes for a relatively larger increase in performance on the
combination gesture classes. The resulting model achieves performance much better than random chance on
all classes, whereas the partial supervision model achieves essentially zero percent accuracy on its unseen
combination gesture classes. Recall that all three models (augmented supervision, partial supervision, and
full supervision) use the same parallel approach to classification; for a given gesture, one model classifies the
direction component, and another independent model classifies the modifier component. If extrapolating
to gesture combinations was trivial, then the partial supervision model would have enough information to
predict combination gestures, since it has already seen all the individual gesture components. The fact that

11
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this partial supervision is not enough demonstrates that gestures compose in a highly non-trivial manner.
The fact that gestures compose in a non-trivial manner is not surprising from a biological perspective (

; , ); for example, the set of muscle activations required to form a Pinch
gesture are dlﬁerent in a neutral wrist angle, than while simultaneously performing an Up or Down gesture.

Confusion Matrices. Figure 4 presents the performance of the same three models in the form of confusion
matrices. Here, the striking gain of performance on the combination gesture classes can be seen more clearly,
as well several noteworthy patterns of errors. The dotted lines show the boundary between the single gesture
classes, the combination gesture classes, and a (NoDir, NoMod) class. Items in the bottom-left region of a plot
are combination gestures that were incorrectly classified as single gestures.

Figure 4(a) shows the performance of the partial supervision model. This model performs well on the 8
single gesture classes on the diagonal; however, almost none of the combination gesture classes are correctly
classified. Instead, one of the two components is often classified as NoDir/NoMod resulting in an entry
in the lower-left region of the matrix, or both components are classified as NoDir/NoMod, resulting in a
prediction in the right-most column. As an example, this shows that seeing single gesture training data for
(Down, NoMod) does not prepare the model to understand the direction component of a (Down,Pinch) gesture.
This partially-supervised model often correctly identifies the direction component, but predicts that the
modifier component is unlike its training data and belongs in the NoMod class.

Figure 4(b) shows the performance of the full supervision model, which achieves strong performance on all
classes. Even in this fully supervised case, the strongest pattern of errors appears when the model sees a real
combination gesture, and successfully identifies the direction component, but fails to identify the modifier
component.

Finally, Figure 4(c) shows the performance of our proposed model trained with augmented supervision. There
is a striking gain of performance on the combination gesture classes, with individual classes gaining between
9% and 55% balanced accuracy. This improvement is visible as the appearance of a strong diagonal line in
the lower right region on the confusion matrix.

5.2 Latent Feature-Space Similarity

The core idea behind our approach is that we can extrapolate to unseen gesture combinations by using a
contrastive objective to ensure that synthetic combination gestures are placed appropriately in feature space
during training. In Section 5.1, we examined how using these synthetic combination gestures as training data
during the calibration stage affects the performance of a classifier. Here, we directly examine whether the
contrastive learning procedure results in synthetic items being similar to matching real items and dissimilar
from non-matching items.

Figure 5 shows the similarity matrix Mg;,, as defined in Section 4.2. Using the same model whose results are
shown in Table 1 and Figure 4, we extract the features of all items from the unseen test subject, and construct
500 synthetic combination gestures per class. We compare each pair of classes using the set similarity metric
SetSim, and fill in the entries of the similarity matrix Mg, as described in Section 4.2. Finally, this matrix
is averaged across 50 independent re-runs of the training procedure (comprising 10 data splits and 5 random
seeds).

In the upper-left triangle, we see the similarity between pairs of real gesture classes. The strongest entries
are on the diagonal, indicating that items are more similar to other items of the same class than to items
from non-matching classes. The entries in the 15, 2"¢ and 3"¢ sub-diagonal show that items with the same
direction component but different modifier component are also sometimes similar.

In the lower-right triangle, we see the similarity between pairs of synthetic gesture classes. The diagonal
elements are again the strongest, showing that classes are relatively compact and well-separated. The range
of values in the lower-right region (both diagonal and off-diagonal) is higher than values in the upper-left
region; this may indicate that the synthetic combination items are more compact overall (increasing all
similarity values). Since the combination operator here was an MLP, it is not necessary for synthetic items to
be closer to each other than real items; however, it is possible that this structure arose during pretraining. In
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Figure 4: Confusion matrices corresponding to Table 1. The entry at row i column j shows the fraction of
items known to belong to class ¢ that were predicted to belong to class j. (a) Model calibration performed
using partial supervision (only single gesture examples). (b) Model calibration performed using full supervision
(real single and combination gesture examples). (¢) Model calibration performed using proposed method
of augmented supervision. Dotted lines show the boundary between the 8 single gesture classes, the 16
combination gesture classes, and the 1 class for outliers. Whereas the partial supervision model achieves
nearly zero performance on combination gestures, the augmented supervision model shows strong performance
improvement for combination gestures.

particular, it is possible that the combination operator learns to place synthetic gestures close to the mean of
the corresponding class, since this would lead to a better triplet loss on average.
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6 Discussion

6.1 Summary

We study the problem of gesture recognition from EMG, with the goal of maximizing expressiveness while
ime required for an unseen test subject. Typical approaches to modeling biosignals
require new subjects to perform burdensome calibration sessions and exhaustively demonstrate all regions
large differences in signal characteristics between individuals. This exhaustive

minimizing the calibration t

of input space, due to the

egion, we see the comparison between real and synthetic items. The diagonal is
clearly visible, indicating that items with exactly matching label are most similar to each other, as desired.
block-diagonal pattern, indicating of similarity between items whose direction
label matches, but whose modifier label does not match. For items whose label is totally non-matching, we

€s.

calibration scales with the number of classes and results in a large up-front time cost.

We construct a large gesture vocabulary as the product of two smaller sets; subjects may perform a single
gesture or a combination gesture. For an unseen test subject, we collect only examples of single gestures,
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and use these to create synthetic combination gestures; then we can train a classifier model with partial
supervision plus augmentation. To make useful synthetic data, we use pre-train an EMG encoder and
combination operator using contrastive learning and auxiliary cross-entropy objectives.

We evaluate the proposed method on a supervised EMG dataset of single and combination gestures. We
conduct extensive computational experiments comparing the proposed method against two baselines; a
partially-supervised model in which the unseen subject’s classifier is trained using real single gestures with no
augmentation, and a fully-supervised in which the unseen subject’s classifier is provided real supervision for
both single and combination gesture classes. The full supervision model represents the maximal performance
that we could achieve on a particular unseen test subject using a particular encoder, if we did not attempt
to reduce time spent collecting calibration data; the partial supervision model represents the performance
decrease we would naively suffer by collecting only single gesture examples from the unseen subject.

We measure model performance using balanced accuracy on single gestures, combination gestures, and all
gestures together. To evaluate the structure of the learned feature space, we also use a set-similarity metric
based on an RBF kernel to measure the similarity between matching and non-matching items.

6.2 Key takeaways

We find that the proposed method provides a striking increase in the classification of combination gestures.
This increase comes at the cost of a small decrease in single gesture classification performance, but the overall
effect is a large net gain in performance. The feature-space similarity metrics we compute show that the
pre-trained encoder is able to produce classes that are well-clustered, well-separated, and highly similar to
the corresponding real classes.

6.3 Limitations and Future Work

There are several sources of error that limit the generalization performance of our method in the current
study. As mentioned, an unseen test subject may differ from training subjects due to measurement noise,
differences in signal characteristics, or differences in motor behavior. The dataset also contains label noise,
since labels are applied based on a visual task instruction, but subjects may perform the wrong gesture or
with inaccurate timing. Furthermore, the proposed contrastive learning approach forces the model to adjust
the structure of its feature space; it is conceivable that this could impede the ability to train a classifier on
the unseen subject (or that the effect of the auxiliary cross-entropy loss terms during pretraining was not
sufficiently strong). There are other types of modeling changes that could help increase absolute performance
for the full supervision, such as feature engineering and neural architecture search; these techniques are
orthogonal to the proposed strategy for augmented supervision. Future experiments using ground-truth labels
of hand position may further improve the absolute performance of our method by reducing label noise.

One of the key design considerations of our method is the structure of the combination operator. In our main
experiments, we considered a class-conditioned MLP. Providing additional information to the combination
operator may be an avenue for future innovation, such as summary statistics that describe the feature-space
structure of the test subject’s gestures.

For the purpose of clearly measuring the effect of the proposed method, we used a simple downstream
classification strategy. The relative changes in accuracy that we observe in our experiments clearly demonstrate
the benefit of the proposed method. Further performance gains could be achieved by using more sophisticated
downstream classification methods and other transfer learning techniques such as model ensembling or
regularized pre-training. The time required for demonstrating examples could also be further reduced by
using active or continual learning techniques to reduce the number of examples provided for each gesture
class.

Broader Impact Statement

Gesture recognition from EMG may increase the ability to interact expressively with computer systems, but
the failure modes of these models may not be well-defined. Thus, gesture recognition systems should be used
with care in sensitive production environments.
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Some research has been done in the area of biometrics and de-anonymizing EMG and related biosignals.
Extracting a subject’s identity from anonymized recordings of biosignals is only possible if a reference dataset
is available from that individual. If a reference signal for a certain person is available, and if they use a
gesture recognition system with an expectation of anonymity, then the possibility that they may be identified
from their anonymized data may lead to a violation of privacy.
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A Appendix

In Section A.1, we give additional details on the paradigm used when collecting our dataset. In Section A.2,
we conduct hyperparameter search experiments in which we vary model architecture, try a learned and a
fixed feature combination operator, and vary the contrastive loss function. These experiments show that the
proposed method is robust to these choices. The primary effect of varying these hyperparameters is to change
the trade-off between performance on single and combination gestures; however the proposed augmented
supervision method yields a large overall benefit in all cases. In Section A.3, we conduct ablation experiments
to check the importance of each term in our pre-training objective, as well as the effect of adding noise to the
raw input data during pre-training. We find that all three terms in our loss function are necessary to achieve
maximal performance, and that the chosen level of input noise yields the best performance.

A.1 Dataset Details

Our supervised dataset of single and combination gestures was obtained by recording surface EMG while
subjects performed gestures according to visual cues. EMG was recorded from 8 electrodes (Trigno, Delsys
Inc., 99.99% Ag electrodes, 1926 Hz sampling frequency, common mode rejection ratio: > 80 dB, built-in
20 — 450 Hz bandpass filter), spaced uniformly around the mid forearm as shown in Figure 6.

Figure 6: Surface EMG Recording setup. Electrodes were placed on the mid-forearm of the subject starting
from mid-line on the dorsal aspect and continuing towards the thumb.

Subjects followed visual prompts to perform each gesture, as shown in Figure 7. The experimental paradigm
consisted of 6 blocks.

In the first block, subjects were shown the Ul in Figure 7a and performed single gesture trials. Each single
gesture trial consisted of 3s of preparation time (indicated by a yellow screen border), followed by 2s of active
time holding the gesture (green screen border), and finally 3s of rest time (red screen border). From each
single gesture trial, we extracted a single 500ms window of data centered within the active period.

In the next five blocks, subjects were shown the Ul in Figure 7b and performed combination gesture trials.
Each combination gesture trial consisted of 2s of preparation time (yellow screen border), followed by 8s of
active time (green screen border), and 2s of rest time (red screen border). The structure of each combination
gesture trial was defined by two horizontal line segments. One segment (the “held” gesture) spanned the
full 8s of active time, while the other (the “pulsed” gesture) was present for 4 intervals (alternating between
a 1s interval, and a 0.5s interval). The vertical gray cursor gradually moved from left-to-right during the
trial; subjects were instructed to follow the cursor and perform gestures as the cursor intersected with the
horizontal line segments. In some trials, one of the horizontal lines was omitted; in this case, a single gesture
was held for 8s, or a single gesture was pulsed 4 times.

From each combination gesture trial, we extracted 500ms windows of data as follows. Consider the arrangement
of the line segments as shown in Figure 7b; there are 9 intervals of interest during the active period (5
intervals when only the held gesture is active, and 4 intervals when both gestures are active). We extracted a
window of data centered in each interval, with labels decided as follows:

o In trials that contained a held gesture and a pulsed gesture (the majority of trials), we extracted 5
single-gesture windows, and 4 combination gesture windows.

o In trials that contained only a held gesture, we extracted 9 single gesture windows.

19



Under review as submission to TMLR

Extension

Extension

Extension

(a) Example Single Gesture Trial (b) Example Combination Gesture Trial

Figure 7: User interface (UI) shown to subjects during supervised data collection. (a): UI during a single
gesture trial. The screen border was yellow for 3s of preparation, then green for 2s of active time, then red
for 3s of rest time. (b): UI during a combination gesture trial. The gray vertical cursor scrolled from left to
right; when it intersected a horizontal line segment, the subject performed that gesture. The screen border
color also indicated when the subject should be active (yellow for 2s of preparation, then green for 8s of
activity during the trial, then red for 2 of rest).

e In trials that contained only a pulsed gesture, we extracted 4 single gesture windows.

Single gesture data from all blocks was pooled, giving a total of 584 single gesture example per subject (73
examples for each of the 8 single gesture classes). Likewise, combination gesture from all blocks was pooled,
giving a total of 640 combination gesture examples per subject (40 examples for each of the 16 combination
gesture classes). When constructing data splits during model training and evaluation, we used a stratified
split as described in Section 4.1.

A.2 Varying Hyperparameters

A.2.1 Effect on balanced accuracy

In the previous sections, we showed results using a particular model setup. However, as described in
Section 4.3, we also experimented with varying several hyperparameters in our model. Table 2 shows the
effect of varying model hyperparameters on the performance of the proposed augmented training scheme as
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Table 2: Effect of varying model hyperparameters on balanced accuracy, for the 8 single gesture classes
(Accsingie), the 16 combination gesture classes (Acceoms), and all 24 classes (Accqy). Augmented supervision;
classifier for unseen subject trained according to Section 3.4. Partial Supervision and Full Supervision;
baseline models described in Section 4.1. G(I;G’“e type; structure of auxiliary classifier used during pretraining.
Cp. type; structure of combination operator. Triplet type; loss function for pretraining. See Section 4.3 for
details on hyperparameter values. All models used random forest algorithm for unseen test subject. Entries
show the mean and standard deviation across 50 independent trials. Bold row represents model shown in
Table 1 and Figure 4.

Hyperparameters Augmented Supervision Partial Supervision Full Supervision
Gire type  Cy. type Triplet type Accsingle Acceomb Accan Accsingle AcCeomp Accan Accsingle Acceomb Accan
large avg basic 0.69 + 0.15 0.30 £ 0.06 0.43 £ 0.06 0.89 £ 0.06 0.01 £ 0.01 0.30 £ 0.02 0.79 £ 0.08 0.57 £ 0.10 0.65 £ 0.09
large avg centroids 0.68 £+ 0.13 0.30 £ 0.05 0.43 £ 0.05 0.89 £ 0.06 0.01 £ 0.01 0.30 £ 0.02 0.77 £ 0.08 0.56 £+ 0.08 0.63 £ 0.08
large avg hard 0.68 £ 0.14 0.31 £ 0.07 0.44 £+ 0.06 0.89 £ 0.06 0.00 £ 0.01 0.30 £ 0.02 0.77 £ 0.07 0.56 £+ 0.10 0.63 £ 0.08
large mlp basic 0.85 £ 0.08 0.22 £ 0.06 0.43 £ 0.05 0.90 £ 0.05 0.01 £ 0.01 0.31 £ 0.02 0.79 £ 0.07 0.58 £ 0.10 0.65 £ 0.08
large mlp centroids 0.71 £ 0.13 0.28 + 0.06 0.42 £ 0.04 0.90 £ 0.05 0.01 £ 0.01 0.31 £ 0.02 0.79 £ 0.07 0.56 £+ 0.08 0.64 £ 0.07
large mlp hard 0.84 £ 0.06 0.21 £ 0.06 0.42 £ 0.04 0.88 £ 0.04 0.01 £ 0.01 0.30 £ 0.02 0.77 £ 0.06 0.54 £ 0.08 0.62 £ 0.07
small avg basic 0.67 £ 0.14 0.38 £ 0.07 0.47 £ 0.05 0.90 £ 0.04 0.01 £ 0.01 0.31 £ 0.02 0.80 £ 0.06 0.59 £+ 0.09 0.66 £ 0.08
small avg centroids 0.65 + 0.13 0.35 £ 0.05 0.45 £ 0.05 0.90 £ 0.05 0.01 £ 0.01 0.30 £ 0.02 0.79 £ 0.06 0.55 £ 0.10 0.63 £ 0.08
small avg hard 0.68 + 0.15 0.33 £ 0.07 0.45 £ 0.07 0.89 £ 0.06 0.01 £ 0.01 0.30 £ 0.02 0.79 £ 0.07 0.57 £ 0.09 0.65 £ 0.07
small mlp basic 0.77 £ 0.11 0.32 £ 0.08 0.47 £+ 0.06 | 0.90 = 0.05 0.01 = 0.01 0.31 + 0.02 | 0.80 = 0.07 0.58 + 0.09 0.65 + 0.07
small mlp centroids 0.71 £ 0.13 0.33 £ 0.06 0.46 £ 0.05 0.90 £ 0.05 0.01 £ 0.01 0.31 £ 0.02 0.80 £ 0.06 0.54 £ 0.09 0.63 £ 0.08
small mlp hard 0.84 £+ 0.08 0.25 £ 0.07 0.44 £ 0.05 0.90 £ 0.06 0.01 £ 0.01 0.31 £ 0.02 0.79 £ 0.08 0.58 £ 0.09 0.65 £ 0.07

well as the partially- and fully-supervised baseline models. The bold row indicates the model hyperparameters
used in Table 1 and Figure 4.

The performance of the baseline models is relatively constant across these hyperparameters. Although the
baseline models do not make use of the combination operator directly when during the calibration stage
with the unseen test subject, the hyperparameters included here influence how the encoder Fy,, is trained,
and therefore may have an effect on the baselines. The partially-supervised model’s constant performance
indicates that, despite changes in the pretraining procedure, extrapolating from single gestures to combination
gestures remains challenging. The fully-supervised model’s constant performance indicates that the feature
space continues to be amenable to training a fresh classifier for the unseen subject.

Examining the performance of the model with augmented supervision, there is a clear trade-off between
performance on single gestures and performance on combination gestures. The choice of architecture for the
auxiliary classifier chre and the choice of feature combination operator Cy, affect this trade-off strongly,
while the loss function type has relatively less effect on performance. In all cases, however, the overall accuracy
of the augmented model is much greater than the partial supervision model.

A.2.2 Effect on Feature-Space Similarity

In Table 3, we show how changing model hyperparameters affects the structure of the learned feature space,
as measured using the similarity matrix Mg;,. As described in Section 4.2, we perform pretraining, then
extract features of real and synthetic gesture combinations for an unseen test subject, analyze their structure
by constructing Mg, .

In order to show key information from this large matrix for many scenarios, we summarize Mg, with four
key values of interest:

o within-class similarity for real combination gestures (SetSim(Zcomp, Zcomb))s

o within-class similarity for synthetic combination gestures (SetSim(Z omp, Zcomb))s

o similarity between matching real and synthetic combinations (SetSim(Zcomb, Zeoms)), and

o similarity between combinations with non-matching labels (SetSim(Zcomb, ZLomp))-

The row in bold represents the model hyperparameters used in the main experiments (Section 5).
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Table 3: Effect of varying model hyperparameters on feature-space similarity of combination gestures. See
Section 4.2 for description of similarity metrics. Gé’c’;e type; structure of auxiliary classifier used during
pretraining. Cpy, type; structure of combination operator. Triplet type; loss function for pretraining.
SetSim(Zeomb, Zecomp); average similarity between real items of same class (first 16 diagonal elements of
Mgim)- SetSim(Z:fcomb7 écomb); average similarity between synthetic items of same class (last 16 diagonal
elements of Mg;y,). SetSim(Z.omp, écomb); average similarity between real and synthetic items of matching
label (16" sub-diagonal elements of Mg;,,). SetSim(Zeomb; Zlomp); average similarity between items of
non-matching label (all other below-diagonal elements of Mg;,,; note this includes real and synthetic items).
Entries show the mean and standard deviation across 50 independent trials. Bold row represents model
shown in Table 1 and Figure 4.

G(I)Ze type 09(7 type Triplet type SetSim(ZcombA, Zwmb) SetSim(Zuombs Zcomb) SetSim(Zcumby Zcoan) SetSim(Zcomb’ Z(/;omb)
large avg basic 0.88 £ 0.03 0.95 + 0.01 0.86 + 0.02 0.71 = 0.02
large avg centroids 0.12 £ 0.17 0.20 + 0.23 0.06 + 0.14 0.02 + 0.06
large avg hard 0.92 £+ 0.06 0.96 £ 0.03 0.91 £ 0.06 0.82 £ 0.13
large mlp basic 0.71 £ 0.08 0.82 £ 0.05 0.62 £ 0.08 0.38 £ 0.09
large mlp centroids 0.10 £ 0.12 0.17 £ 0.16 0.03 £ 0.10 0.01 £ 0.05
large mlp hard 0.83 £ 0.07 0.89 + 0.04 0.77 £ 0.07 0.59 £ 0.13
small avg basic 0.36 £+ 0.14 0.56 £ 0.13 0.27 £ 0.12 0.10 + 0.07
small avg centroids 0.19 £ 0.15 0.35 + 0.21 0.13 £ 0.14 0.04 + 0.06
small avg hard 0.64 £ 0.13 0.79 = 0.10 0.58 £ 0.15 0.34 = 0.15
small mlp basic 0.33 £ 0.14 0.51 + 0.14 0.22 £ 0.12 0.07 £ 0.07
small mlp centroids 0.17 £ 0.15 0.31 = 0.19 0.10 £ 0.11 0.03 = 0.05
small mlp hard 0.60 £ 0.15 0.74 £ 0.10 0.49 £ 0.16 0.28 £ 0.18

Note that these feature similarity values are difficult to interpret and compare. The key information comes
from comparing the magnitude of similarities for “matching” items against the magnitude of similarities for
“non-matching” items; a model whose feature space brings matching items closer together than non-matching
items may allow a downstream classifier to more easily learn decision boundaries. A well-structured feature
space should have relatively larger values in the first three values (similarity of matching real items, matching
synthetic items, and pairs of matching real/synthetic items), and a relatively smaller value in the final column
(similarity between non-matching items). However, the absolute magnitude of similarity values on their
own is not meaningful, since this only reflects the relative scale of distances in feature space to the kernel
lengthscale § used in Equation 4. For example, keeping ¢ fixed while isotropically shrinking all feature vectors
(multiplying all feature vectors by a matrix of the form al, o« << 1) would drive all similarity values very
close to 1.

Generally, we see that the similarity of non-matching items is lower than for matching items; for most models
the non-matching similarity values are many times smaller than the matching similarity values. This is
unsurprising, given that we were able to train a downstream classifier successfully for all models. It also gives
some circumstantial evidence for the hypothesis that the contrastive learning objective used in pretraining
is effective at structuring the feature space, and that this structure correlates with downstream classifier
performance.

A.2.3 Choice of Classifier Algorithm

In Table 4, we show how the balanced accuracy of the unseen subject’s final classifier model is affected by
the choice of classifier algorithm. In this comparison, all other model hyperparameters were kept constant.
We report the mean and standard deviation of balanced accuracy on single gestures, combination gestures,
or all gestures, for the model with augmented supervision, the partial supervision baseline, and the full
supervision baseline. The first 3 algorithms shown in the table learn a non-linear decision boundary, while
the the final 2 algorithms can only learn linear decision boundaries. Two main patterns stand out from these
results. First, most classification algorithms show the same trend, where the augmented training results in a
small decrease in accuracy on single gesture classification, and a large increase in accuracy on combination
gesture classification, resulting in a net benefit overall as compared to the partial supervision model. Second,
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Table 4: Effect of classifier algorithm on balanced accuracy, for the 8 single gesture classes (Accgingle), the
16 combination gesture classes (Acceoms), and all 24 classes (Accqy). Augmented supervision; classifier for
unseen subject trained according to Section 3.4. Partial Supervision and Full Supervision; baseline models
described in Section 4.1. GHTGGSt Alg; classifier algorithm used for unseen test subject’s model. RF; random
forest. kNN; k-Nearest Neighbors. LDA; Linear Discriminant Analysis. DT; Decision Tree. LogR; Logistic
Regression. All classifiers implemented in Scikit-Learn using default hyperparameters. All models used “small”
auxiliary classifier during pretraining, MLP combination operator, and “basic” triplet loss. Entries show the
mean and standard deviation across 50 independent trials. Bold row represents model shown in Table 1 and
Figure 4.

Augmented Supervision Partial Supervised Full Supervision
Gg;s‘ Alg Accsingle AcCeomp Accan Accsingle AcCeomp Accan Accgingle Acceomb Accay
RF 0.77 £ 0.11 0.32 + 0.08 0.47 + 0.06 | 0.90 + 0.05 0.01 + 0.01 0.31 + 0.02 | 0.80 + 0.07 0.58 + 0.09 0.65 + 0.07
kNN 0.74 £ 0.12 0.33 + 0.08 0.47 £+ 0.06 0.91 £+ 0.05 0.00 £+ 0.00 0.30 £+ 0.02 0.76 + 0.07  0.57 £ 0.09 0.64 £+ 0.08
DT 0.66 + 0.10  0.23 £ 0.06 0.38 + 0.06 0.83 + 0.08 0.04 + 0.03 0.31 + 0.03 0.64 + 0.09 0.48 £ 0.07  0.53 £ 0.07
LDA 0.87 £ 0.07  0.08 £ 0.05 0.35 £0.04 | 0.94 £+ 0.04 0.05 + 0.03 0.35 + 0.02 0.82 + 0.06 0.57 £+ 0.09 0.66 £+ 0.07
LogR 0.88 + 0.07 0.13 £ 0.06 0.38 £+ 0.06 0.91 £ 0.05 0.10 £+ 0.04 0.37 £ 0.03 0.77 £ 0.07 0.61 + 0.08 0.66 + 0.07

it appears that classification algorithms with a non-linear decision boundary benefit much more from the
augmented training, and achieve higher overall accuracy as a result.

A.3 Ablation Experiments

We conduct ablation experiments on several elements of our pretraining procedure. Specifically, we train
models in which one more of the three loss terms in Equation 3 are removed. We also vary the amount
of noise added to the raw input data, as described in Equation 6. In these experiments, we use the same
model hyperparameters as in Table 1 and Figure 4; specifically, the auxiliary classifier Gf:c’”e used during
pretraining is the “small” architecture, the combination operator Cy,, is the MLP architecture, and the triplet
loss function used is the “basic” version.

A.3.1 Effect on balanced accuracy

Table 5: Effect of ablations on balanced accuracy, for the 8 single gesture classes (Accsingie), the 16 combination
gesture classes (Acceomp), and all 24 classes (Accqy). Augmented supervision; classifier for unseen subject
trained according to Section 3.4. Partial Supervised and Full Supervision; baseline models described in
Section 4.1. Lipwprer, Lok, ﬁCE; loss terms in Equation 3. SN R; signal-to-noise ratio (dB) after adding noise
to raw input data. All models used random forest algorithm for unseen test subject, “small” architecture for
auxiliary classifier Gggﬁ MLP combination operator Cy,, and “basic” triplet loss. Entries show the mean
and standard deviation across 50 independent trials. Bold row represents non-ablated model used in Table 1
and Figure 4.

Hyperparameters Augmented Supervision Partial Supervision Full Supervision
Liriptet  Lce Ece SNR Acctsingie AcCeomp Accan Accsingle AcCeomb Accay Accsingie AcCeomp Accan
- - v 20.0 0.71 £ 0.11 0.19 £+ 0.04 0.36 + 0.04 0.86 + 0.06 0.00 + 0.00 0.29 + 0.02 0.71 + 0.08 0.45 £+ 0.08 0.54 + 0.06
- v - 20.0 0.69 £ 0.14 0.32 £ 0.06 0.44 £+ 0.05 0.89 + 0.06 0.01 + 0.01 0.30 + 0.02 0.78 + 0.08 0.58 £+ 0.09 0.65 = 0.08
- v v 20.0 0.69 £ 0.13 0.33 £+ 0.06 0.45 £ 0.05 0.88 + 0.06 0.01 £ 0.01 0.30 £ 0.02 0.78 + 0.07 0.54 £ 0.10 0.62 £+ 0.08
v - - 20.0 | 0.85+0.06 0.16 £0.06 0.39 &+ 0.05 0.87 £ 0.06 0.00 £ 0.01 0.29 £ 0.02 0.76 £0.07  0.56 = 0.09  0.63 = 0.08
v - v 20.0 | 0.86 £0.06 0.23 £0.07 0.44 + 0.05 091 £0.04 0.01 £ 0.02 0.31 £ 0.02 0.80 £0.06 0.62+0.09 0.68 = 0.07
v v - 20.0 | 0.76 £0.11 0.30 £ 0.07  0.45 + 0.05 0.90 £ 0.05 0.01 £ 0.01 0.30 £ 0.02 0.80 £0.07 0.59 +0.10  0.66 = 0.08
v v v 10.0 | 0.81 £0.08 0.30 £0.06 0.47 £+ 0.05 0.91 £ 0.06 0.01 £ 0.01 0.31 £ 0.02 0.81 £0.07 0.61 £0.08 0.67 = 0.07
v v v 30.0 | 0.75 £ 0.11 0.33 +£0.07  0.47 + 0.05 0.90 + 0.05 0.01 £ 0.01 0.31 £ 0.02 0.79 £0.06 0.56 + 0.08  0.64 + 0.07
v v v S 0.74 +£0.12  0.34 +£0.06  0.47 £ 0.05 0.90 + 0.05 0.01 £ 0.01 0.31 £ 0.02 0.80 £0.07  0.57 +£0.09  0.65 + 0.07
v v v 20.0 | 0.77 £ 0.11 0.32 £+ 0.08 0.47 + 0.06 | 0.90 + 0.05 0.01 + 0.01 0.31 £+ 0.02 | 0.80 + 0.07 0.58 + 0.09 0.65 + 0.07

In Table 5, we show the balanced accuracy of various ablated models. We find that the original, non-ablated
model (shown in bold) performs best. Of the three loss terms, the best single term to include is the real
cross-entropy Lcg; surprisingly, including only the triplet loss Ligprer results in a model that performs better
on single gestures than on combination gestures.
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A.3.2 Effect on Feature-Space Similarity

Table 6: Effect of model ablations on feature-space similarity of combination gestures. See Section 4.2 for
description of similarity metrics. Ligprer, Lcg, ECE; loss terms in Equation 3. SN R; signal-to-noise ratio
(dB) after adding noise to raw input data. SetSim(Z.omb, Zcomp); average similarity between real items of
same class (first 16 diagonal elements of Mg;,). SetSim(Z’C(,mb, Zcomb); average similarity between synthetic
items of same class (last 16 diagonal elements of Mgy, ). SetSim(Zcoms, Z’comb); average similarity between
real and synthetic items of matching label (16" sub-diagonal elements of Mg;,,). SetSim(Zcomp, Z )
average similarity between items of non-matching label (all other below-diagonal elements of Mg;,,; note this
includes real and synthetic items). Entries show the mean and standard deviation across 50 independent

trials. Bold row represents model shown in Table 1 and Figure 4.

Hyperparameters
Liriplet Lee Lee SNR | SetSim(Zeomb, Zeomb) S€tSim(Zeomps Zeomb)  SetSin(Zeombs Zeombd) S€tSim(Zeombs 2o
- - v 200 0.28 + 0.11 0.41 + 0.13 0.15 + 0.08 0.05 + 0.04
- v - 20.0 0.21 £ 0.18 0.39 £ 0.20 0.12 £ 0.12 0.06 £ 0.07
- v v 200 0.19 + 0.19 0.36 + 0.21 0.13 £ 0.15 0.06 £ 0.09
v - - 20.0 0.92 £+ 0.03 0.94 £+ 0.01 0.85 £+ 0.03 0.72 £ 0.07
v - v 200 0.65 + 0.09 0.78 + 0.05 0.53 £ 0.08 0.26 £ 0.08
v v - 20.0 0.36 = 0.14 0.52 £ 0.13 0.23 £ 0.11 0.09 £ 0.06
v v v 100 0.42 + 0.09 0.60 £ 0.08 0.28 £ 0.08 0.11 £ 0.05
v v v 30.0 0.31 £+ 0.18 0.48 £+ 0.17 0.21 £ 0.16 0.08 £ 0.09
v v v 00 0.30 £ 0.16 0.47 £+ 0.16 0.20 £ 0.13 0.07 £ 0.06
1.0 1.0 1.0 20 0.33 + 0.14 0.51 + 0.14 0.22 + 0.12 0.07 + 0.07

As mentioned previously, we used a fixed kernel lengthscale ¢ for all experiments. When interpreting
similarity values, the key outcome we desire is that matching classes should have higher similarity values
than non-matching classes. In general, we observe that this remains true across all model ablations, though
the degree of contrast varies. Note that due to the dynamics of gradient descent during the pretraining stage,
it is possible that some model’s feature spaces have a generally shorter or longer lengthscale, and this may
affect the apparent contrast in similarity values.
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