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Abstract

Skeleton-based hand gesture recognition plays a crucial role in enabling intu-
itive human–computer interaction. Traditional methods have primarily relied on
hand-crafted features—such as distances between joints or positional changes
across frames—to alleviate issues from viewpoint variation or body proportion
differences. However, these hand-crafted features often fail to capture the full
spatio-temporal information in raw skeleton data, exhibit poor interpretability,
and depend heavily on dataset-specific preprocessing, limiting generalization. In
addition, normalization strategies in traditional methods, which rely on training
data, can introduce domain gaps between training and testing environments, further
hindering robustness in diverse real-world settings. To overcome these challenges,
we exclude traditional hand-crafted features and propose Skeleton Kinematics Ex-
traction Through Coordinated grapH (SKETCH), a novel framework that directly
utilizes raw four-dimensional (time, x, y, and z) skeleton sequences and transforms
them into intuitive visual graph representations. The proposed framework incorpo-
rates a novel learnable Dynamic Range Embedding (DRE) to preserve axis-wise
motion magnitudes lost during normalization and visual graph representations,
enabling richer and more discriminative feature learning. This approach produces a
graph image that richly captures the raw data’s inherent information and provides
interpretable visual attention cues. Furthermore, SKETCH applies independent
min–max normalization on fixed-length temporal windows in real time, mitigat-
ing degradation from absolute coordinate fluctuations caused by varying sensor
viewpoints or differences in individual body proportions. Through these designs,
our approach becomes inherently topology-agnostic, avoiding fragile dependencies
on dataset- or sensor-specific skeleton definitions. By leveraging pre-trained vi-
sion backbones, SKETCH achieves efficient convergence and superior recognition
accuracy. Experimental results on SHREC’19 and SHREC’22 benchmarks show
that it outperforms state-of-the-art methods in both robustness and generalization,
establishing a new paradigm for skeleton-based hand gesture recognition. The code
is available at https://github.com/capableofanything/SKETCH.
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Figure 1: The left shows an example of the conventional methods dependent on the training data.
The right shows the proposed feature extraction approach, which converts raw data into a visual
representation and performs normalization based on real-time input data, with Dynamic Range
Embedding.

1 Introduction

Hand gesture recognition using skeleton data has emerged as a key component in realizing sophisti-
cated human–computer interaction across various �elds, including intelligent robotics, mixed reality
(MR), and human–robot interaction [21]. Hand gesture recognition via skeletal tracking contributes to
the implementation of intuitive interfaces in virtual reality/augmented reality (VR/AR) environments
and greatly assists robots in perceiving and interpreting human activities [7, 31]. In such environments,
various sensors—such as RGB cameras, depth sensors, and LiDAR—capture human motion and
the skeleton data extracted from these sensors (i.e., the 2D/3D coordinates of key joints) provides a
concise representation of human posture that is less affected by changes in illumination. Unlike RGB
video frames [15], skeleton data focuses on the structure of the body [19], offering higher processing
ef�ciency and robustness against variations in background and lighting conditions. However, directly
utilizing such raw skeleton data entails several inherent challenges for reliable gesture understanding
in real-world environments.

This challenge is further compounded by the “geometric shortcut” phenomenon, as identi�ed in
Sonata [50], where directly inputting raw coordinate data can lead models to over�t to low-level spatial
patterns—such as simply memorizing hand-height values—rather than extracting high-level features,
ultimately resulting in representation collapse [6, 52]. Furthermore, raw skeletal coordinates are
highly sensitive to sensor viewpoint and subject position, leading to substantial variation in observed
sequences for identical actions. As a result, models trained under �xed-viewpoint assumptions may
suffer degraded recognition accuracy during testing due to discrepancies in absolute coordinates
caused by viewpoint shifts [23, 30]. In addition to these viewpoint-related issues [16], further
variations may arise from individual-speci�c factors, resulting in distribution shifts between training
and testing data. Such factors include differences in users' physical proportions (e.g., hand size and
�nger proportions) and individual variations in movement style and execution speed, all of which can
signi�cantly affect the resulting skeleton data.

To address these issues, conventional skeleton-based action recognition approaches [32, 33] generally
do not primarily rely on using raw joint data directly (although there have been prior attempts to
do so, their generalization performance is limited by the geometric shortcut; see Appendix A for
details); instead, they focus on hand-crafted features designed to alleviate variations, which are
extracted via rule-based methods from the raw data. As shown in Fig. 1, representations such as joint
collection distances [8, 54], frame difference vectors [8, 60], joint adjacency matrices [60, 24], and
reference-joint difference vectors [60, 24] are used to encode skeletal motion in time series through
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rule-based processing, which directly extracts high-level features to mitigate geometric shortcuts and
avoid issues related to absolute coordinate variability caused by differing viewpoints. Among them,
adjacency matrices are employed to explicitly represent the structural relationships among joints for
topology modeling, and the reference-joint difference vectors encode each joint in a sequence as a
vector relative to a designated reference joint de�ned in the �rst frame.

However, existing hand-crafted feature extraction methods share common drawbacks: they are heavily
dependent on domain expert knowledge, often lack interpretability, and struggle to fully capture the
rich spatio-temporal information contained in raw skeleton data. Among them, methods based on
reference-joint difference vectors suffer from additional inherent limitations. Their performance is
highly sensitive to the choice of reference joint, requiring prior topology information. In practice, the
same anatomical joint may be indexed differently across datasets, or may not be de�ned at all, leading
to reliance on dataset- or sensor-speci�c topology de�nitions and limiting broader applicability.
Furthermore, even with an optimal reference joint, these approaches remain fragile, as missing
or noisy joints in real-world scenarios can severely degrade generalization performance, resulting
in strong reference-joint dependency. Beyond these limitations, subject-speci�c variations such as
differences in body proportions or motion styles remain unresolved. Due to the inherent coordinate
variations caused by differences in subjects' physical proportions, the hand-crafted features extracted
from raw data inevitably retain these variations. This necessitates normalization based on global
statistics computed from the entire training dataset to reduce distribution shifts arising from subject-
speci�c body scales. Notably, window-wise (i.e., �xed-length segments-wise), per-axis normalization
is generally avoided in this context, as it may distort the extracted features and undermine the intended
viewpoint-invariance mitigation of the representation. However global normalization can suppress
�ne-grained differences in joint movements due to the in�uence of joint coordinates with large
variance, and it inherently assumes that the test data distribution will closely resemble that of the
training set—an assumption often violated in real-world scenarios, potentially degrading model
performance at inference time.

To overcome these limitations, this study—drawing inspiration from ViTST [22]—proposes a novel
hand gesture recognition framework termed Skeleton Kinematics Extraction Through Coordinated
grapH (SKETCH). Unlike conventional hand-crafted approaches, as shown in Fig. 1, the proposed
SKETCH directly utilizes four-dimensional skeleton coordinate data, thereby eliminating the re-
liance on domain expert knowledge, enhancing interpretability, and preserving the rich information
inherent in the raw data. To further address the domain gap between training and testing data caused
by differences in subject-speci�c variations—issues that even hand-crafted features struggle to
mitigate—SKETCH employs a window-based axis-wise min–max normalization strategy (see Ap-
pendix E.4 for ablation analysis). However, normalization alone is insuf�cient to resolve the inherent
limitations of raw coordinate inputs, particularly the “geometric shortcut” phenomenon (as further
detailed in Appendix A). To tackle this, we leverage a plotting technique as an intermediate medium
to transform normalized coordinates into a graph image representation that alleviates viewpoint and
subject variations, enabling more robust and semantically meaningful feature learning. Beyond its
role in feature extraction, this design is inherently topology-agnostic, allowing the proposed SKETCH
method to generalize across diverse skeleton structures and remain resilient to pose estimation errors
(see Appendix E.6). The resulting visual graph also enhances interpretability by making it possible to
analyze which spatiotemporal patterns or movement cues the model focuses on. This image-based rep-
resentation further enables the use of backbones—pretrained on image classi�cation datasets such as
ImageNet-1k [37] and -22k [10]—to extract high-level features. By leveraging a pretrained backbone,
our approach converges in fewer epochs for training than existing methods and achieves higher hand
gesture classi�cation accuracy. While the proposed window-based axis-wise min–max normalization
effectively reduces domain shifts, it inevitably normalizes all coordinate axes to the same[0; 1] range,
resulting in the loss of relative movement scale across axes. To address this issue, we introduce
Dynamic Range Embedding (DRE), which compressively encodes the movement range or variability
of each axis into a scalar and injects it into the corresponding partition of the image. Consequently,
the SKETCH framework—combining visual representation construction, window-based axis-wise
normalization, and axis-wise DRE—enables robust recognition even under varying absolute scales or
sensor viewpoints [23]. Furthermore, since each windowed input unit is processed independently, the
model exhibits strong adaptation to environmental variability. This design is particularly well-suited
for online (streaming) methods that process data on a per-frame basis for action recognition.

The main contributions of this study are as follows:
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• Direct utilization of raw data : Uses raw joint coordinates without complex preprocessing,
preventing information loss due to hand-crafted feature extraction and simplifying the data
pre-processing pipeline.

• A simple and intuitive image graphing method—Skeleton Kinematics Extraction
Through Coordinated grapH (SKETCH) : SKETCH is a novel plotting technique that
converts time-series skeleton data into images, effectively mitigating the geometric short-
cut problem [50], where models tend to over�t to low-level spatial cues when using raw
coordinates. By applying window-wise per-axis min–max normalization and incorporating
Dynamic Range Embedding (DRE) to encode each axis's movement range and variability,
the method achieves stable real-time recognition despite variations in viewpoint, scale, user
body proportions, and domain gaps between training and testing data. It is also inherently
topology-agnostic, enabling robust generalization across diverse skeleton structures and
real-world conditions.

• Integration with vision models and interpretable image features: By combining with
powerful vision models such as ViT [11] and Swin Transformer [27], the proposed approach
attains superior classi�cation and detection accuracy compared to conventional methods and
introduces a new paradigm—distinct from existing approaches—as an interpretable feature
in the �eld of skeleton-based hand gesture recognition.

2 Related Work

Skeleton-based hand gesture recognition techniques primarily utilize sequence data composed of
coordinates and frames. Depending on the characteristics of the dataset, existing methods can be
broadly categorized into of�ine approaches [9] and online approaches [2, 4, 12].

2.1 Of�ine Classi�cation Methods

As shown in Fig. 10(a), of�ine datasets are annotated such that each sequence corresponds to a single
gesture class. Of�ine hand gesture recognition methods can be broadly divided into two approaches.
First, CNN and LSTM-based methods [1, 25, 46, 47] utilize the current frame along with adjacent
frame information to recognize gestures. This approach is effective for data with short sequence
lengths but struggles to fully exploit information from frames that are temporally distant. Second, to
simultaneously consider �ne-grained gesture details and temporal information beyond what the �rst
approach offers, recent studies have actively investigated architecture incorporating structures such as
GCN [17] and Transformer [45].

CNN-based methods in [25, 46, 47] voxelize the joints and then apply a 3D CNN to simultaneously
learn spatial and temporal information. DDNet [54] extracts joint collection distances (JCD) and
employs a 1D CNN architecture to incorporate temporal information between frames for gesture
classi�cation. However, these CNN-based techniques [25, 54] do not de�ne the relationships between
joints, making it dif�cult to fully capture the geometric characteristics of joint con�gurations. Due to
the issue of not de�ning the relationships between joints, GCN-based methods [17, 43, 53, 60] that
consider joint connectivity have recently been actively studied. Notably, methods such as ST-GCN [53]
and MS-ISTGCN [43] re�ect the structural characteristics of the skeleton in a graph, modeling the
interactions between adjacent joints using techniques like an adjacency matrix. However, since
GCN-based approaches rely on connected adjacent information, they struggle to capture correlations
between frames that are temporally distant. To address this, methodologies applying Transformer
architectures—which can leverage long sequence time-series data—have also been proposed [13, 57].
Nevertheless, applying Transformer architecture requires a large amount of training data and extensive
training [48, 49, 57, 58].

Of�ine recognition methods achieve high classi�cation accuracy by generating a single prediction
for an entire sequence labeled with one gesture class. However, they are unsuitable for real-world
applications requiring frame-wise recognition in continuous input streams.

2.2 Continuous (Online) Classi�cation

In real-world environments, hand gesture recognition is implemented using online hand gesture
recognition methods as shown in Fig. 10(b). A segment is de�ned as a unit consisting of consecutive
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frames that share the same label. In practical settings, gesture recognition results must be predicted
at every frame from a streaming data sequence. Moreover, the input sequence contains multiple
types of gestures, with the gesture's start and end points as well as intervening non-gesture segments.
Therefore, online classi�cation techniques must simultaneously perform the following two tasks: (1)
determining the type of gesture at each frame, and (2) detecting the start and end points of gestures.
Online recognition methods [18, 43, 57] can be broadly categorized into two approaches: two-stage
and one-stage methods. Two-stage methods [18] �rst determine whether a gesture is present within a
segment and then decide the gesture class for that segment. This approach has the drawback that its
overall performance heavily depends on the effectiveness of the gesture presence detector. On the
other hand, one-stage methods receive real-time input data and simultaneously predict the gesture's
start frame and end frame as well as the gesture class. RNN-based models [20, 30] tend to forget
past frames when the sequence length becomes long; to mitigate this, LSTM-based models [5, 36]
have been proposed. However, since these methods classify frames based on sequential processing,
parallel processing is challenging and training speeds are slow. Transformer-based models [57] enable
parallel processing, but they face dif�culties in achieving high performance when there is insuf�cient
training data.

To overcome these issues, OO-dMVMT [8], which utilizes a sliding window technique, has been pro-
posed and provides state-of-the-art (SOTA) performance. OO-dMVMT integrates spatial and temporal
information by employing features such as joint collection distances (JCD) and the difference vectors
for the same joint between consecutive frames. However, since the conversion from coordinates to
JCD relies on the Euclidean distance between joints, some of the �ne-grained spatial information
contained in the raw coordinate data is lost. Moreover, the normalization statistics computed from the
training dataset are also applied during testing, based on the assumption that the test data follows a
similar distribution—an assumption that may not hold in real-world scenarios.

2.3 ViTST

To handle irregularly sampled time-series data, ViTST [22] converts time-series data into line graph
images and then employs a pretrained vision transformer for classi�cation. Speci�cally, each feature
within the time-series data is represented as an individual line graph. In each line graph, the horizontal
axis represents time, while the vertical axis denotes the observed values of the corresponding feature.
The converted image is then fed into a vision transformer. When ViT is used as the backbone, the
image representing the graph is divided into �xed-size patches, and global relationships are captured
by comparing the similarities between these patches. In contrast, the Swin Transformer divides
the input graph image into local Swin windows, performs self-attention within each Swin window,
and adopts a hierarchical structure by shifting the Swin windows to merge information between
adjacent Swin windows. However, because ViTST employs a �xed per-feature normalization scheme,
applying it directly to coordinate data that exhibit signi�cant positional variability over time can
obscure subtle variations in movement trajectories. Additionally, data that belong to different absolute
coordinate systems but share the same local coordinate system may not be recognized as the same
class. Moreover, when features correspond to observed coordinate data—which can vary widely over
time—their line graph representations struggle to convey the differing scales of multiple feature axes
within a single image. ViTST, which does not incorporate dynamic range embedding, therefore fails
to capture this variability.

3 Proposed Method

Figure 2 illustrates the overall �ow of the proposed training method, divided into three stages. As
shown on the left, the SKETCH (Skeleton Kinematics Extraction Through grapH) module transforms
raw four-dimensional skeleton data (time,x, y, andz) into a visual representation—enabling high-
level feature extraction from the raw data without prior topology knowledge—then applies our
novel Dynamic Range Embedding (DRE) to encode axis-wise relative range information, which is
subsequently added via element-wise broadcasting to the corresponding partition of the image. Here,
Ft represents the frame corresponding to the skeleton information at timet, and a windowWt is
de�ned by groupingNF frames (whereNF denotes the number of frames per window), which is then
converted into a single graph image. In the middle stage, the graph image generated by SKETCH
is used as input to the backbone, where each image is divided into patches; relationships between
patches are captured via self-attention within Swin windows, and subsequently, `patch merging' [27]
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Figure 2: Overall architecture of the proposed method. First, the skeleton data are partitioned into
windows (Wt ). The SKETCH module then normalizes each window per-axis, generates a visual
representation, and applies Dynamic Range Embedding to produce the �nal graph image. The
transformed graph image is then passed through a backbone, followed by two separate heads: one for
gesture classi�cation and another for start and end frame regression, enabling simultaneous gesture
recognition and segment boundary detection.� indicates element-wise broadcasting addition.

integrates local and global information. On the right, a classi�cation head is responsible for gesture
classi�cation per window, and two separate regression heads estimate the start and end frames of the
gesture within the window. Finally, the classi�cation head and regression head are optimized using
cross entropy loss and mean squared error (MSE) loss, respectively.

3.1 Transforming the Online Task into a Window Problem

As shown in Fig. 11, in this study, the continuous stream of input frames in an online environment is
grouped into a window (W), thereby converting the real-time frame-based classi�cation task into
a window-based problem. The windowW is represented asWt 2 RN F � j � c using timet. Each
window, composed ofNF frames, is represented as a three-dimensional array with dimensions
corresponding to the numbers of frames (NF ), joints (j ), and coordinates (c), effectively capturing
the spatio-temporal characteristics of the skeleton data. Within each window, the inherent frame-level
labels (NF labels) are aggregated, and the most frequent label is assigned as the window-level label,
a strategy applied during both training and testing. A window may also be labeled as `non-gesture' if
non-gesture frames are dominant. In particular, when both gesture frames and non-gesture frames are
mixed within a window, the gesture's start and end frames are also labeled to regress the boundaries
of the gesture, where these annotations are normalized to a[0; 1] range by mapping the �rst and last
frames of the window to 0 and 1, respectively. Aggregating frame-level labels in this way enables the
assignment of a reliable representative label to each window, helping to mitigate the effects of noisy
or inconsistent labels—such as transient frame-level mismatches between the actual gesture transition
frames and the incorrectly labeled frames. Moreover, by converting the problem into a window-based
one, leveraging the independent contextual information of each window and performing normalization
within each window can reduce the domain gap between training and testing data.

3.2 Skeleton Kinematics Extraction Through Coordinated grapH (SKETCH) Module

Figure 3 shows the graph plotting, normalization, and Dynamic Range Embedding (DRE) employed
in the proposed SKETCH module. The raw data is divided into windows (W), and min–max nor-
malization is performed on each coordinate axis (x, y, andz) within each window. Through this
process, the relative patterns and subtle differences in the data are emphasized without relying on the
absolute coordinates. The normalized data is then converted into a 2D image through graph plotting.
Speci�cally, as shown on the right side of Fig. 3, the horizontal axis represents time (t), while the
vertical axis represents each coordinate value of (x, y, andz), and three subplots are vertically
stacked to form a single graph image. In each subplot, the coordinates ofj joints are displayed
as discrete points, which are connected by lines to represent continuous movement. To preserve
cross-axis relative scales that may be lost in this transformation, we introduce our novel DRE to
encode axis-wise relative range information. Speci�cally, for each axis, coordinate values across
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Figure 3: Process of the SKETCH module. Raw skeleton sequences are windowed and min–max
normalized per coordinate axis (x, y, andz). In each subplot,26 lines corresponding to the joint
coordinates are displayed. The dynamic range embedding module shares weights across all coordinate
axes. Frames 4, 5, and 6 show raw skeleton data aligned with the time-axis points of the graph image.

NF frames andj joints undergoZ -normalization [35] and are then reshaped into a vector of length
2 R1� (N F � j ) . This vector is processed by two successive fully connected (FC) layers—each followed
by BatchNorm (BN) and ReLU activation—and �nally by a third FC layer to produce a single scalar
DRE value per axis, denoted asDRE x , DRE y , andDRE z . These scalar values, which compactly
represent the movement range or variability of each axis, are broadcast [34] to all pixel channels of
the corresponding axis subplot and added to the visual representation, as illustrated in Fig. 3. The
entire process is termed Skeleton Kinematics Extraction Through Coordinated grapH (SKETCH).

Unlike ViTST, as described in Section 2.3, the proposed SKETCH module represents the interactions
among thej joint lines within a single subplot while assigning separate subplots for each coordinate
axis (x, y, andz), as shown in Fig. 3. This joint-wise co-location preserves the relative spatial
con�guration between joints, enabling the model to directly perceive their spatial dependencies.
Moreover, by vertically stacking the subplots, temporal information is aligned along the horizontal
axis, providing a coherent temporal �ow that effectively preserves the continuity of motion, thereby
aiding the model in identifying precise gesture boundaries such as the start and end frames. In
contrast, ViTST's feature-wise isolated line graphs fragment the spatial context and obscure inter-joint
dependencies, making it dif�cult for the model to capture spatial relationships and temporal continuity
simultaneously (further details are provided in Appendix E.1). Furthermore, each joint is consistently
assigned a �xed color, ensuring consistent joint representation. Unlike conventional methods that rely
either on hand-crafted features or on dataset- and sensor-speci�c topology de�nitions, our approach
represents the time, three-dimensional space, and joints of the raw data in a single graph. This
graph image implicitly incorporates features typically extracted through rule-based methods while
enabling the model to autonomously learn richer representations from the raw data, and it is inherently
topology-agnostic, ensuring robust generalization across diverse skeleton structures. In this way, by
representing raw data on a window basis and performing normalization for each coordinate within
the window, the distribution differences (domain gap) between the training and testing data can be
mitigated. Through the SKETCH module, converting four-dimensional data into two-dimensional
images enables the effective utilization of powerful pre-trained classi�cation models.

3.3 Backbone Models

In this study, we adopt Vision Transformer (ViT) or Swin Transformer as backbone models, which
tokenize input into patches and utilize Transformer architectures for joint gesture classi�cation and
boundary localization [11, 27]. Swin Transformer further captures both local and global dependencies
via hierarchical patch merging and Swin window shifting, enabling the model to learn intra-subplot
relationships (among joints sharing the same coordinate axis) and inter-subplot relationships (across
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different coordinates and time steps). To support this, each backbone is equipped with a classi�cation
head and two regression heads—implemented as single linear layers—for predicting gesture types
and temporal boundaries between gesture and non-gesture segments, respectively.

3.4 Loss Function

The model employs a combined loss function consisting of classi�cation and regression terms.
The classi�cation loss (L cls ) uses cross entropy as in [8] to classify the type of gesture, while the
regression losses (L start , L end ) use mean squared error (MSE) as in [8] to predict normalized start
and end frame positions within each window. This formulation enables the model to simultaneously
optimize gesture classi�cation and boundary prediction. The total loss is de�ned as:

L = � 1L cls + � 2L start + � 3L end : (1)

3.5 Online Inference Process

In the inference phase, the output from the regression head is not used; only the results from the
classi�cation head are utilized. Continuous window-based predictions are post-processed following
Algorithm 1 to classify frames into a certain gesture. Brie�y, the input frames are grouped into
windows of �xed length (NF ), and for each window, class prediction value (ŷ) is obtained using
the model (f ). These predictions are then accumulated in a queue structure of �xed size (Q), and
g is determined by applying a majority voting method to the class prediction values stored in the
queue, enabling noise-robust frame-wise classi�cation. However, waiting for the �nal detection after
collectingQ prediction values introduces a certain delay. Therefore, an appropriate value forQ must
be applied, taking into account both noise reduction and delay.

4 Experiments

All experiments were conducted using PyTorch [34] on a single NVIDIA RTX A6000 or NVIDIA
A100 GPU, and the model was trained and tested using the SHREC'19 and SHREC'22 datasets
(details provided in Appendix B). Appendix E reports the impact of various ablation versions of the
SKETCH module, loss con�gurations, and related factors, etc. Training strategies and implementation
details are provided in Appendix G.

4.1 SHREC'19 Results

Table 1: Comparison of benchmark and proposed methods on SHREC'19. DR and FP denote detection
rate and false positive, respectively. Values in parentheses indicate backbone con�gurations, where
backbone type: V = ViT, S = Swin; model size: L = Large, B = Base, S = Small; patch size; Swin
window size (for Swin only); and image resolution. JCD, FD, Adj, and Ref indicate the use of joint
collection distances, frame difference vectors, adjacency matrices, and reference-joint difference
vectors features, respectively. Plot denotes the use of graph image as input. `Aug.' indicates the use of
additional data augmentation strategies, which are detailed in Appendix G.

Method DR" FP# Time (s) FPS JCD FD Adj Ref Plot

PSUMNet [44] 0.64 0.22 0.0250 40X X
MS-G3D [28] 0.69 0.25 0.0303 33 X
SeS-GCN [38] 0.75 0.12 0.0020 500 X
SW 3-cent [3] 0.76 0.19 0.0030 333 X X
DS-GCN [51] 0.80 0.05 - - X X
DSTA [41] 0.81 0.08 0.0088 114 X
DG-STA [5] 0.81 0.07 0.0042 238 X
DDNet [54] 0.82 0.10 0.0022 455 X X
DDNet [54] 0.82 0.10 0.0022 455 X X
BlockGCN [60] 0.83 0.04 - - X X X
uDeepGRU [4] 0.85 0.10 0.0030 333 X X
ProtoGCN [24] 0.86 0.05 0.0334 30 X X
OO-dMVMT [8] 0.88 0.05 0.0058 172 X X

SKETCH (V-L-16-384) 0.90 0.03 0.0176 57 X
SKETCH (S-S-4-7-224) 0.88 0.04 0.0039 256 X
SKETCH (S-B-4-12-384) 0.91 0.03 0.0091 110 X
SKETCH (S-L-4-12-384) 0.92 0.02 0.0142 70 X
SKETCH (S-L-4-12-384) + Aug. 0.93 0.01 0.0142 70 X
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