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Abstract

Continuous mid-air hand gesture recognition based on
captured hand pose streams is fundamental for human-
computer interaction, particularly in AR / VR. However,
many of the methods proposed to recognize heterogeneous
hand gestures are tested only on the classification task, and
the real-time low-latency gesture segmentation in a contin-
uous stream is not well addressed in the literature. For
this task, we propose the On-Off deep Multi-View Multi-
Task paradigm (OO-dMVMT). The idea is to exploit mul-
tiple time-local views related to hand pose and movement
to generate rich gesture descriptions, along with using het-
erogeneous tasks to achieve high accuracy. OO-dMVMT
extends the classical MVMT paradigm, where all of the
multiple tasks have to be active at each time, by allowing
specific tasks to switch on/off depending on whether they
can apply to the input. We show that OO-dMVMT defines
the new SotA on continuous/online 3D skeleton-based ges-
ture recognition in terms of gesture classification accuracy,
segmentation accuracy, false positives, and decision latency
while maintaining real-time operation.

1. Introduction
The current generation of Mixed Reality (MR) headsets

(e.g. Meta Quest 2, Hololens 2, etc.) features accurate hand
tracking capabilities, capturing finger poses at high frame
rates, and cheap sensors/APIs are available to enhance dif-
ferent applications with this data. Real-time, reliable recog-
nition of mid-air hand gestures is a fundamental ingredient
for building 3D “natural” interfaces for MR, Human-Robot,
and Human-Machine interaction in industry, home appli-
ance control, and more.

In these contexts, the gestures have to be detected and
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Figure 1. On top, the 3D hand gesture real-time classification and
segmentation scenario: in red are non-gestures, in green the seg-
mented gesture. The task is difficult: below, we show samples
from SHREC’19 (a), where it is possible to see long gestures with
a static pose of the hand and the correct start of the gesture cannot
be easily detected; in (b) a sample form SHREC’22, where ges-
tures express more pose dynamics.

classified within a continuous stream of hand movements
that can be captured by cameras or other sensors. A vari-
ety of skeleton-based architectures for hand gesture recog-
nition have been proposed over the years, leveraging differ-
ent methodologies such as multi-view learning [11, 29, 31],
attentive models [24], graph convolutional networks [3, 8,
18, 19, 21, 22, 25, 27], LSTMs [1]. Most of these methods
use features extracted from the data, proving the importance
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of enriching the input, rather than using all the raw data.
However, none of the methods proposed in the literature

has the accuracy and a false positives’ score good enough to
guarantee a natural and reliable MR interaction. A missed
or wrong gesture classification can potentially be dangerous
for the users if they have to interact with the machinery of
an industry, medical operation, or any delicate situation.

In order to build an effective model, we tackled the on-
line gesture recognition problem using a powerful yet unex-
plored framework called Multi-View Multi-Task (MVMT)
learning paradigm [17, 23]. In MVMT, complementary
views of the object of interest serve to learn a rich feature
embedding, that is fed into multiple tasks to borrow infor-
mation across tasks that can potentially increase the predic-
tive power of the learned models. Multi-View (MV) learn-
ing [33] is a well-established direction in machine learning
which associates multiple feature sets (called “views”) to
the input data e.g. given an image, extract spatial features,
color features and frequency features to form a single data
point. Each data point is thus associated with V sets of
different features where each set corresponds to a view, al-
lowing supervised or semi-supervised learning tasks to ac-
cess a more complete data descriptor. MV learning does
not have to be confused with the multi-camera approach in
which multiple camera views create their data point, that
are then usually merged (synchronized) into a single one.
Multi-Task (MT) learning aims to leverage useful informa-
tion contained in multiple related tasks to help improve the
generalization performance of at least one of the tasks [32].

MVMT learning is a less explored field, which extends
MV learning to the MT learning setting with T tasks, where
each task is a multi-view learning problem [17]. Most of the
existing MVMT methods focus on proposing linear models
for fitting the specific application requirements even though
they are not suitable for common large-scale real-world
problems in real environments. Only recently, non-linear
deep models have been taken into account [30]. In our case,
we take into account multiple views related to hand geome-
try and its global movement to create a multi-view descrip-
tion. Furthermore, we raise the accuracy by exploiting the
relatedness of multiple tasks such as gesture classification
at different grains and regression of its start-end instants.

The issue arises when some tasks can’t be performed un-
der certain conditions, such as the regression of the start
frame of a gesture when no gestures are active. This in-
validates the classical MVMT framework, which requires
all the tasks to be active at each time. For this reason, we
propose the On-Off deep Multi-View Multi-Task paradigm
(OO-dMVMT), which extends MVMT by allowing specific
tasks to switch on/off depending on whether they can pro-
cess the observation sample.

OO-dMVMT deals exactly with this situation, introduc-
ing a mechanism that, at training time, switches tasks on

and off depending on whether they can act on a specific
data observation. Our contributions are the following:

• We individuate MVMT as the correct framework to
deal with real-time hand gesture recognition.

• We extend MVMT to adapt to cases when some of the
tasks cannot operate on a specific data sample, intro-
ducing OO-dMVMT

• With OO-dMVMT, we define the new state-of-the-art
of hand gestures real-time classification and segmen-
tation.

We show the performance of our method in the realistic
scenario proposed by specific benchmarks (SHREC’19 [5],
SHREC’22 [13]), where gestures live within long se-
quences of non-significant hand movements from which
they need to be distinguished .

2. Related works
Hand gestures designed for AR/VR interaction have

short but variable lengths, varying action granularity, and
their semantics may depend on completely different factors
(the static pose, the global hand trajectory, the fingers’ artic-
ulation). While many classifiers have been proposed to rec-
ognize gestures of this kind from hand poses’ sequences,
most of them were not tested in a realistic scenario, but
only tested on offline benchmarks like DHG14/28 [9] and
SHREC’17 [10]. These benchmarks only evaluate the la-
beling accuracy of pre-segmented gestures obtained with
classifiers trained on similar data.
Offline classification methods. For this task different
network architectures have been proposed. Devineau et
al. [11] proposed a multi-channel convolutional neural net-
work with two feature extraction modules and a residual
branch per channel. Maghoumi et al. [24] proposed Deep-
GRU, based on a set of stacked gated recurrent units (GRU)
and a global attention model. Hou et al. [18] employed an
end-to-end Spatial-Temporal Attention Residual Temporal
Convolutional Network (STA-Res-TCN). Spatial-temporal
GCN has been also adapted for hand gesture recogni-
tion [21]. Chen et al. [8] built a fully connected graph from
the hand skeleton and learned node features and edges via a
self-attention mechanism that performs in both spatial and
temporal domains. Liu et al. [22] extracted optimized fea-
tures from skeleton data by using a disentangled multi-scale
aggregation scheme. Li et al. [19] proposed a two-stream
network to address the variable temporal scales of the ges-
ture classes. The first stream extracts short-term temporal
information and hierarchical spatial information, and the
second one extracts long-term temporal information. Shi et
al. [27] modeled the spatial-temporal dependencies between
joints without the requirement of knowing their positions or
mutual connections by employing a Spatial-Temporal At-
tention Network.

2746



A key observation looking at the literature on segmented
gesture classification is that, while there is no evidence of
particular advantages in the accuracy obtained with differ-
ent network architectures (recurrent, graph-convolutional,
1D convolutional networks), it seems that better classifica-
tion performances have been obtained by feeding the net-
works with pre-computed features instead of raw data, often
organized in multiple sets with different semantics. Avola et
al. [1] used a stack of LSTM units fed with angles at fingers’
joints, intra-finger angles, fingertips’, and hand center dis-
placements. In [7] global and local motion features, along
with the skeleton sequence, are fed into different branches
of a Long-Short Term Memory (LSTM) network to get the
predicted class of input gesture. Yang et al. [31] proposed
DDNet, a simple network based on 1D convolutions, fed
with multiple features (linearized joints’ distance matrix,
joints speeds) with a motion summarising module to reduce
noise from non-relevant frames. Trivedi et al. [29] used
multiple features (joints, bones, joints’ velocity, bones ve-
locity) to feed a Spatio-Temporal Relational Module. The
use of the pre-computed features results in lighter and eas-
ier to train networks and the parallel encoding of different
sets of features can be interpreted as an application multi-
view learning paradigm. Note that multi-view here does not
mean that multiple features are related to different physical
viewpoints (even if this idea has been proposed as well, for
example, in [20]).

Continuous (online) classification. To build effective in-
terfaces, we need to perform continuous or “online” recog-
nition, which requires performing multiple tasks: localiz-
ing the gestures in the pose stream and labeling them by
only using past information, providing results with a small
delay, and avoiding detection not corresponding to actual
gestures (false positives). Specific benchmarks have only
recently been proposed. The first is SHREC’19 [5], that
tests continuous recognition, but features only simple dy-
namic gestures characterized by global trajectories without
hand articulation (see Sec. 4.1). The benchmark we adopted
to train and evaluate our system is SHREC’22 [13] where
the gesture dictionary is heterogeneous, including static and
dynamic gestures similar to those proposed in DHG14/28
and SHREC’17 (see Sec. 4.1). This benchmark improves
the previous SHREC’21 [4], proposed by the same authors
and with a similar structure, but solving some issues that,
according to the website, made it unreliable for compara-
tive tests. For these benchmarks, training data are long se-
quences of pose streams with annotated start frames, end
frames, and labels of the gestures executed and the task is
to detect the occurrences of gestures in test sequences using
past information only. SHREC’22 data are captured with
an Hololens 2 headset, meaning that a recognizer trained
for the task could be directly integrated into an interactive
demo using the same device to capture hand poses.

Two classes of approaches can be adopted to handle the
online task [14]: direct and indirect methods. Direct meth-
ods employ specialized heuristics based on speed, energy,
or curvature (or trained networks) to find gesture bound-
aries and then send the extracted candidates to a classifi-
cation module. Although this approach is not expected to
work well in the case of complex motions/gestures [28],
it has been proposed in different implementations. In
SHREC’19 [5], Seg.LSTM1 uses an LSTM together with
a specialized segmentation network. The ST-GCN method
used in [4] uses an energy-based segmentation approach
adding several ad-hoc rules. In the 2ST-GCN method of
[13], an energy-based detection module is combined with
a fine-grained classifier, providing gesture/non-gesture dis-
crimination. Indirect methods perform a continuous clas-
sification (simultaneous detection and labeling). This can
be done using pre-trained classifiers working with fixed-
size input sub-sequences and sliding windows schemes or
by using recurrent networks like Long-Short Time Mem-
ory (LSTM) networks or Gated Recurrent Units (GRU).
A simplified version of DeepGRU [24], combined with a
smart data augmentation method and adapted for online de-
tection, performed best in the SHREC’19 contest [5], but
a similar solution did not perform well on complex het-
erogeneous gestures [4]. The use of sliding windows is
a simple and popular solution for the online task. Two
main ideas have been proposed in this context: train the
classifier on segmented gestures, handling the unknown in-
put gesture length in the online testing [12], or train it on
fixed-size sub-parts (solution adopted by two methods pre-
sented in [13]). In [12] a modified DDNet [31] is trained
with resampled, segmented gestures and randomly sampled
non-gesture windows. The online testing is performed with
windows of variable width and the results are combined
with a voting procedure. The TN-FSM method proposed
in SHREC’22 [13] trains a Transformer Network to clas-
sify windows of 10 frames on subsets of the training se-
quences and uses a Finite State Machine to create the on-
line prediction. Causal TCN, the method providing the best
accuracy in [13], trains a temporal convolutional network
on 20-frames windows labeled with gesture classes or non-
gestures depending on their intersections with the annotated
ground truth of the training set. We decided to apply a
similar protocol for our online training framework and we
tested many of the models proposed for the offline setting in
the continuous task, training them with fixed-size windows
and adding a non-gesture class. Within this framework,
we finally developed our novel On-Off deep Multi-View
Multi-Task (OO-dMVMT) method providing enhanced per-
formances with respect to the SotA classifiers. We show
that with OO-dMVMT using a sliding window approach we
are able to perform not only real-time gesture classification
but also gesture segmentation with SotA performances.
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3. Our pipeline
We present our proposed OO-dMVMT by first detailing

the views and the tasks we have considered (Sec. 3.1 and
Sec. 3.2, respectively). Then, we present how to train the
model (Sec. 3.3) and how to infer from it for the real-time
hand classification problem (Sec. 3.4). To fix the notation,
ξt is the observation window that ends at frame t of length
W , covering the frame interval [t−W + 1, t].

3.1. The views

Every observation training window ξt is associated to
V = 3 views: 1) Geometric layout. We borrow from [31]
the flattened Joint Collection Distances (JCD) features,
which are location-viewpoint invariant. JCD computes the
Euclidean distances between a pair of collective joints, and
is of size

(
J
2

)
for each frame of the observation window,

resulting in a tensor of
(
J
2

)
× W . 2) Short-term slow mo-

tion Mslow. Mslow computes the 1-frame linear velocity of
every single joint for all the joints, resulting in a tensor of
size J ×W − 1. 3) Short-term fast motion Mfast. Mfast

is similar to the short-term slow motion, but the linear ve-
locity is computed every other frame (skipping the ones in
between), with a J × W

2 − 1 resulting tensor. In practice,
Mslow and Mfast model the short-term global motion of
the skeleton in terms of speed. Following the multi-view
learning paradigm, the three views JCD, Mslow and Mfast

are each embedded into a RW
2 ×8 dimensional space by a set

of independent encoders and concatenated in a multi-view
latent pattern gt of RW

2 ×24 dimensions.

3.2. The tasks

T = 4 tasks have been considered: 1) SDN classifica-
tion. We classify gestures into three main categories: Static
gestures (S), Dynamic gestures (D), and Non-Gestures (N).
This macro classification is typical in heterogeneous hand
gesture modeling [4,13], and every gesture can fall in one of
these superclasses. Static gestures require the user to fix the
hand in a predetermined pose, keeping it still for a while.
Dynamic gestures require the user to move the hand cen-
troid, following a specific trajectory. Non-gestures are all
those natural movements of the hand that occur between
gestures and are the most difficult class to capture. 2) Fine-
grained classification of gestures. This task implements the
fine-grained classification of the window ξt considering all
the L classes into play (including the non-gesture class).
This is the only task that is activated during testing time.
3) and 4) Start/end gesture frame regression. These two
tasks perform the regression on the frame indices tstart,
tend ∈ [0,W − 1] of the start and end of a gesture, re-
spectively. The idea is to identify the patterns of the start
and/or end of a gesture, thus aiding the classification tasks.

These last two regression tasks could be unable to func-

tion, due to the presence of observation windows which are
completely contained in gesture (or non-gesture) streams.
This configuration, dealing with multi-views data and with
some tasks which cannot be associated with some (or all) of
the views of the input data, is novel in the MVMT literature.

3.3. Model training

Let ξt be an input data instance sampled at time t, and
k the index of the k-th task. We define the aggregated
OO-dMVMT objective function to minimize as:

F (ξt) =

T∑
k=1

c(k, t) · F (k)(gt, wg, wk) (1)

F (k) is the deep objective function associated with task
k controlled by c(k, t), a boolean selector which is 1 if task
k can work with input ξt, otherwise ξt does not contribute to
the weights update for the task k. The decision of whether
the task can work with the input is done at train time and
depends on the semantics of ξt and the task itself. The
term gt represents the multi-view representation of ξt (see
Sec. 3.1), wg are the multi-view parameters which generate
gt starting from ξt, and wk are the k-th task parameters that
generate the output for the k-th head. The deep objective
functions F (k) associated with our tasks are MSE for the
regression tasks (k = 3, 4) and cross-entropy for the clas-
sification tasks (k = 1, 2). All the objective functions are
uniformly weighted.

The idea is to treat the OO-dMVMT model as an instance
of asynchronous optimization [2], where the central server
begins to update the shared model wg after it receives a gra-
dient computation from one task node, without waiting for
the other task nodes to finish their computations. In our
case, the switching off of a task k corresponds to having a
delay for that task, while the other active tasks contribute to
the model update.

3.4. Model inference

The pipeline of the framework at inference time is sum-
marized in Fig. 2 and consists of three steps: in step 1) the
observation window ξt is sampled at frame t, and the multi-
view description is extracted; in step 2) gt flows into the
fine-grained classification task, and a preliminary classifi-
cation label ỹt is associated with the observation window
ξt. The other three tasks are considered only during the
training stage, as discussed in Sec. 3.3. 3) a post-processing
step is carried out, considering the previous W − 1 pre-
liminary classifications, in order to remove spurious ones.
It is implemented by looking backward at W frames, as-
signing the class label yt = l to the observation window ξt
if l ∈ {0, . . . , L} is the most frequent label in the last W
preliminary classification labels ỹt. Step 3 ensures a more
stable output, as the single window classifications may be
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Figure 2. The pipeline of our framework, is composed of three steps: 1) Multi-view feature extraction, 2) OO-dMVMT per-frame inference,
3) Post-processing. In red is highlighted the path used during the testing time, after the OO-dMVMT model has been trained.

noisy if the window is small and the gesture dictionary in-
cludes complex examples with similar subparts. It is worth
noting that W is an important parameter of the method that
needs to be tuned based on the specific characteristics of the
gestures’ dictionary: it needs to be long enough to capture
long gestures, but as short as possible to reduce input delay.

4. Experiments
The experiments are organized as follows: in Sec. 4.1,

we detail the popular SHREC’22 [13] and SHREC’19 [5]
datasets, together with the associated gesture classification
metrics; in Sec. 4.2 we report the results on the SHREC’22
benchmark; in Sec. 4.3 we focus on SHREC’19; finally, we
present multiple ablative studies in Sec. 4.4. As compara-
tive approaches, we consider several graph-based architec-
tures like SeS-GCN [25] and MS-G3D [22], the attention-
based networks DG-STA [8] and DSTA [27], a 1D convolu-
tional network specifically designed for hand gestures, the
Double-feature Double-motion Network (DDNet) [31], and
a lightweight action recognition network (PSUMNET [29]).
These approaches add to the competitors which can be
found in the SHREC’22 challenge [13] and SHREC’19
challenge [5], for a total of 13 comparative methods.

4.1. Datasets and evaluation metrics

SHREC’22. The SHREC’22 benchmark [13] features
continuous recordings of 3D hand poses captured in simu-
lated Mixed Reality interactions with an Hololens 2 device.
The training set includes 144 sequences, with a total of 36
occurrences for each of the 16 gesture classes, interleaved
with non-significant hand movements (non-gestures). The
testing set has the same cardinalities. Gestures belong to
four categories: static, dynamic coarse, dynamic fine, and
periodic. Each sequence is annotated with start frames, end

frames, and gesture labels. Training and testing sequences
have been captured by different subjects. The benchmark
evaluation protocol requires that the recognizer outputs se-
quences’ annotations with the list of recognized gestures,
their labels, and the predicted start and end frames. Since
online prediction uses time samples after the estimated start,
storing this delay is necessary for evaluating interface re-
sponse time. We follow the protocol and make use of the
official evaluation code provided in the contest’s reposi-
tory [13]. The metrics are the following:
Jaccard Index (JI): the average relative overlap between
the ground truth and the predicted labels for the input se-
quences. It is used in many continuous classification tasks,
but it does not evaluate the ability to avoid multiple activa-
tions for a single gesture or small noisy activations.
Detection rate (DR): the ratio between the number of cor-
rectly detected gestures and the total number of gestures in
the input sequences. A gesture is considered correctly de-
tected if it has a temporal intersection (referred to as Mini-
mum Overlap Ratio) with the ground truth greater than 50%
of the true interval, does not last more than twice the real
duration, and has the same label. The gestures predicted by
the recognizer but not corresponding to ground truth ones
are defined as false positives.
False positive score (FP): defined as the ratio between the
number of false positives and the total number of gestures.
Minimal detection delay (Delay): the delay metric is the
difference in frames between the gesture start and the last
frame used for the prediction.

SHREC’19. The SHREC’19 benchmark [5] is focused on
dynamic coarse gestures, characterized by the trajectory of
the joints following specific 2D patterns (V-mark, X-mark,
Caret, Square, Circle). Hand trajectories have been cap-
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tured with a Leap Motion sensor on users performing sim-
ulated interactive tasks in VR. The dataset is composed of
195 sequences, each one containing a single gesture sur-
rounded by non-meaningful movements labeled as non-
gestures. Each sequence includes the 3D coordinates of the
hand joints and the quaternions defining bones’ orientation.

The evaluation method provided in this benchmark con-
siders an inference as correct if the correct predicted gesture
is within 2.5 seconds from the ground truth gesture time
window. The metrics used for the evaluation of this bench-
mark are the DR, FP (defined as for SHREC’22), and the
inference time, intended as the time needed to perform a
model inference for labeling a single frame.

It is worth noting that SHREC’22 and SHREC’19 have
similar evaluation , but quite different dictionaries (hetero-
geneous types and duration of the classes in the first case,
homogeneous in the second) and characteristics (acquisition
devices, hand skeleton model, average gesture length).

4.1.1 Implementation details

The architecture of the network is shown in Fig. 2. The view
encoders are independent series of 1D Conv layers. Each
task branch is a series of 1D Conv layers except for the last
layers, which are fully-connected layers (with one final neu-
ron for regression, three for SDN, and L for the fine-grained
classifier). We adopted the Adafactor [26] with an initial LR
of 0.004 over 100 epochs on 2 NVIDIA RTX3090.

4.1.2 Real-time 3D hand pose

As far as we know, the sequences in the benchmarks have
been acquired with off-the-shelf devices and there are no
guarantees on the accuracy of the tracking. This can pos-
sibly be one of the reasons for the non-optimal results of
many methods, and OO-dMVMT achieving better scores
shows that it may be more robust against tracking errors.
Improvements in hand tracking systems [15, 16] could fur-
ther reduce the errors without changing the algorithm.

4.2. SHREC’22 results

In Tab. 1 we report the official gesture classification met-
rics as provided by the evaluation code. For each compara-
tive model, we look for its best parameters. The W param-
eter should be as small as possible, to lower input delay, but
large enough to capture significant information for longer
gestures. In our case, we found W = 16 to be an optimal
choice for SHREC’22.

OO-dMVMT defines the new SOTA in all the metrics,
with a fast inference time (4.1ms), and very low variances.
Fig. 3 highlights the detection rate per gesture type of
the five best performing models on SHREC’22. Notably,
OO-dMVMT is the most consistent top performer on this

Figure 3. Detection rate per gesture class for SHREC’22. Points
are connected with a line for clarity. On the x-axis, a colored dot
indicates, for each class, the method that achieved the best detec-
tion rate. Only the best 5 methods by DR are shown for clarity.

Figure 4. Jaccard index for SHREC’22 as a function of the mini-
mum overlap ratio. For clarity, we show only the best 5 methods.

benchmark, with a detection rate that spans between 0.82
and 1, which is the thinnest min-max score range.

An important parameter of the evaluation metrics for
SHREC’22 [13] is the minimum overlap ratio (MOR) of
the detected gestures with the ground truth. When MOR =
1 the predicted gesture needs to completely envelop the
ground truth, while a value closer to MOR = 0 relaxes
this constraint. Like in the original evaluation protocol, the
results are evaluated with MOR = 0.5. Fig. 4 shows the
Jaccard Index (described in Sec. 4.1) as a function of the
Minimum Overlap Ratio. Obviously, the higher the MOR,
the lower the JI of all the approaches. Until MOR = 0.7,
OO-dMVMT clearly dominates the competitors.

Of particular importance is the FP results, as they would
trigger unwanted actions making the interaction frustrating.
In Fig. 5, a stacked barplot showing the total FPs for each
model is presented (lower is better). Interestingly, the macro
category which in general attracts the most false positives is
the dynamic one, probably due to the fact that a movement
of the limb is necessary to start this kind of gesture. As soon
as we move towards more effective approaches, it is easy to
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Table 1. Classification results of SHREC’22 benchmark. The metrics are the detection rate (DR), false positives scores (FP), the Jaccard
Index (JI), the delay in frames, and per-frame processing time. In brackets are the standard deviations. Columns SV/MV refers to the
single-view or multi-view learning approach, while ST/MT refers to single-task or multi-task learning approach.

Method DR ↑ FP ↓ JI ↑ Delay(fr.) ↓ time(ms) ↓ SV MV ST MT

DeepGRU [24] (2018) 0.26 (.14) 0.25 (.23) 0.21 (.09) 8.00 3.1 ✓ ✓
DG-STA [8] (2019) 0.51 (.10) 0.32 (.20) 0.40 (.20) 8.00 4.2 ✓ ✓
SeS-GCN [25] (2022) 0.60 (.13) 0.16 (.09) 0.53 (.13) 8.00 1.8 ✓ ✓
PSUMNET [29] (2022) 0.62 (.14) 0.24 (.15) 0.52 (.15) 8.00 24.4 ✓ ✓
MS-G3D [22] (2020) 0.68 (.11) 0.21 (.15) 0.57 (.14) 8.00 29.3 ✓ ✓
Stronger [13] (2022) 0.72 (.11) 0.34 (.26) 0.59 (.18) 14.79 100.0 ✓ ✓
DSTA [27] (2020) 0.73 (.07) 0.24 (.13) 0.61 (.12) 8.00 9.2 ✓ ✓
2ST-GCN 5F [13] (2022) 0.74 (.12) 0.23 (.05) 0.61 (.11) 13.28 2.1 ✓ ✓
TN-FSM+JD [13] (2022) 0.77 (.06) 0.23 (.12) 0.63 (.03) 10.00 4.6 ✓ ✓
Causal TCN [13] (2022) 0.80 (.15) 0.29 (.22) 0.68 (.24) 19.00 28.0 ✓ ✓
DDNet [31] (2019) 0.88 (.06) 0.16 (.18) 0.78 (.14) 8.00 2.2 ✓ ✓

FG + SDN 0.86 (.06) 0.17 (.06) 0.75 (.11) 8.00 4.1 ✓ ✓
FG + SDN + GC 0.90 (.11) 0.10 (.11) 0.83 (.13) 8.00 4.0 ✓ ✓
OO-dMVMT 0.92 (.06) 0.09 (.09) 0.85 (.11) 8.00 4.1 ✓ ✓

Figure 5. Stacked False Positives for SHREC’22 per model. The
gestures are divided into 4 types (colors). The FPs for each type
are then summed to show the total value. Lower is better.

see that the number of false positive gestures considered as
dynamic gestures diminishes drastically. Our approach has
a balanced performance on all the gesture macro categories.

4.3. SHREC’19 results

Results of our tests on the SHREC’19 benchmark [5] are
shown in Tab. 2. Some of the metrics are missing due to
the unavailability in the original evaluations. The metrics
differ slightly from the ones used in SHREC’22 [13] due
to the differences between SHREC’19 benchmark to its ’22
counterpart, as discussed in Sec. 4.1. For these tests, we
chose a larger window size, W = 40. This is motivated by
the longer average length of the gestures (∼ 45 frames) and
by the fact that no short gestures are included in the dic-

Table 2. The metrics are the detection rate , false positives scores ,
and inference time. Parameters with (*) comes from [5] and may
not be accurate. Dash (–) values were not reported in the original
benchmark. Standard deviation is reported between brackets.

Method DR ↑ FP ↓ time(ms) ↓
PSUMNET [29] 0.64 (.21) 0.22 (.20) 25.0
MS-G3D [22] 0.69 (.24) 0.25 (.22) 30.3
SeS-GCN [25] 0.75 (.20) 0.12 (.13) 2.0
SW 3-cent [6] 0.76 (–) 0.19 (–) 3.0*
DSTA [27] 0.81 (.11) 0.08 (.07) 8.8
DG-STA [8] 0.81 (.11) 0.07 (.05) 4.2
DDNet [31] 0.82 (.13) 0.10 (.09) 2.2
uDeepGRU [5] 0.85 (–) 0.10 (–) 3.0*

OO-dMVMT 0.88 (.04) 0.05 (.04) 5.8

tionary. The results are consistent with the ones presented
in Sec. 4.2 and show our model achieving state-of-the-art
performances on almost all of the metrics, except for the
inference time.

4.4. Ablation studies

In this section, we show the impacts of our Multi-Task
Learning On-Off paradigm, as well as discuss the impact
of a correct training procedure for the regression heads in a
Missing View scenario.
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Table 3. Classification results on SHREC’22 with different Multi-
task heads. Standard deviation is reported between brackets.

Method DR ↑ FP ↓ JI ↑
FG 0.88 (.06) 0.16 (.18) 0.78 (.14)
FG + GS/GE 0.52 (.35) 0.48 (.31) 0.38 (.32)
FG + SDN 0.86 (.06) 0.17 (.06) 0.75 (.11)
FG + SDN + GC 0.90 (.11) 0.10 (.11) 0.83 (.13)

OO-dMVMT 0.92 (.06) 0.09 (.09) 0.85 (.11)

4.4.1 Task head removal

In this study, we explore the performance of OO-dMVMT
with some tasks removed. Results are in Tab. 3, where
FG stands for fine-grained classification head only, FG +
GS/GE adds the regression heads, and FG + SDN adds the
coarse classification head. The FG model shows better per-
formances than most methods of Tab. 1. In the table we
can see a pattern suggesting that, by introducing the multi-
view approach, the performances tend to increase. The SDN
module slightly decreases the performances but ameliorates
the standard deviations. Surprisingly, the sole addition of
the regression heads to the FG head drastically reduces the
performances. This is probably due to the low task relat-
edness (start/end gestures are independent of the specific
gesture classes), creating competing gradients during the
model optimization. However, adding the SDN head al-
lowed for reaching the optimal balance between classifica-
tion and regression, with the latter improving the overall
performance. It is worth noting that a grid search for the
weights of the single tasks has been carried out, showing
that uniform weighting was the best setup, and that each
different task had a role in defining the optimal solution.
Therefore, our joint OO-dMVMT appears to be the right
task ensemble. Additionally, we removed the regression
heads in favor of a binary classifier (GC) trained to clas-
sify if a window contains the start or end of a gesture. As
opposed to the always-active classification performed by
GC, the On-Off regression procedure produces better per-
formance and more stable results.

4.4.2 The On-Off regression head

Since the regression heads are the ones switched on and off
by OO-dMVMT, we further investigate them. In particular,
we trained with different On-Off policies for the regression
heads. The Index Error simulates inaccurate gesture seg-
mentation by randomly changing the gesture start/end index
in window ξt containing them. The Window Error is more
dramatic since it randomly switches on/off the heads with a
probability p = 0.5. It induces two kinds of errors since a
wrongly activated window also implies a wrongly indexed

Table 4. Classification results on SHREC’22 with different Re-
gression Heads training procedures. Standard deviation is reported
between brackets.

Method DR ↑ FP ↓ JI ↑
Window Error 0.76 (.33) 0.24 (.55) 0.65 (.31)
Index Error 0.83 (.14) 0.20 (.21) 0.72 (.19)

OO-dMVMT 0.92 (.06) 0.09 (.09) 0.85 (.11)

gesture start. In Tab. 4 the results confirm our expectations:
both errors degrade the performance, with the Window Er-
ror having a worse impact compared to the Index Error.

5. Limitations

Despite the results being SotA, the OO-dMVMT frame-
work presents a few limitations. Even though we achieve
the best false positive performances as highlighted in Tab. 1
we note that, for the fine-dynamic gestures, the false posi-
tives are higher than some of the comparative approaches.
More research is needed to improve it with additional views
or determine if hand acquisition noise is the issue. Although
our method has a longer execution time compared to other
methods, it is still fast enough to be suitable for real-time
applications. Finally, the delay of our approach is heavily
dependent on the value of W as explained in Sec. 3.4.

6. Conclusions

Our OO-dMVMT paradigm for facing real-time classi-
fication and segmentation of complex hand gestures seems
to be ideal: the geometric pose of a hand and its move-
ment are views that are naturally complementary; at the
same time, the concurrent processing of multiple tasks is
intuitive, mimicking how humans decode a gesture. For
example, shaking hands requires that one understands both
the start of the gesture from the other partner (to initiate a
proper reaction) and the nature of the gesture. The SotA re-
sults on all the available benchmarks in the literature further
promote our proposal. Our study, in addition, may help in
the design of novel hand gestures: Fig. 3 indicates that, re-
gardless of the specific approach, actions like “grab” give a
local minimum in terms of detection rate. Future work will
be devoted to forecasting the gesture, in order to delete the
small delay (8 frames) that we are requiring here.
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