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Abstract. Online skeleton-based action recognition requires per-frame
classification using only past and current observations. We identify two
key challenges in this setting: (1) Not all frames are equal: discrimina-
tive motion concentrates within specific temporal regions whose loca-
tion varies across action categories, yet existing temporal modeling relies
on fixed sampling patterns and causal attention that treat all positions
equally. (2) Not all futures need to be predicted: prior methods attempt to
explicitly predict future features to compensate for the unobserved por-
tion, but the inherent ambiguity of human motion causes such prediction
to degenerate into trivial identity mapping of the input. To address these
challenges, we propose DART (Deformable Adaptive Reasoning with
Temporal Queries). DART employs a Deformable Multi-scale Temporal
Network (DMTN) that introduces input-dependent offsets into causal
convolutions, enabling content-adaptive sampling of the most informa-
tive historical moments. The learned sampling positions naturally form
a compact temporal memory, upon which a Temporal Query Decoder
(TQD) operates: learnable queries interact with the memory to distill
high-level action evolution patterns, providing complementary temporal
reasoning without explicit future forecasting. Extensive experiments on
NTU RGB+D 60, NTU RGB+D 120, and NW-UCLA demonstrate the
effectiveness of DART. On NTU RGB+D 60, DART achieves 73.99%
AUC, surpassing the SOTA by +3.04%. Code is available.
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Fig. 1: Temporal distribution of discriminative motion across action sequences. (a)
Average normalized motion intensity over observation progress on different datasets.
(b) Motion curves for several action classes, where red dots indicate peaks. (c) Two
concrete examples with skeleton visualizations and corresponding motion curves.

1 Introduction

Human action recognition is a fundamental task in computer vision, aiming to
classify human activities from input sequences [3,23,30,34]. Among various input
modalities, skeleton data has gained increasing attention because it represents
the human body as compact joint coordinates, making it highly robust to back-
ground clutter, viewpoint variations, and appearance changes [6,7,16,23,25,34].
Recent skeleton-based methods [6, 7, 10, 17, 33–35] have achieved remarkable
progress by effectively modeling the spatial topology of human joints and the
temporal dynamics across frames.

However, most existing skeleton-based models operate in an offline setting,
which assumes the entire sequence is available before making a prediction. In
many real-world scenarios such as human-robot interaction [21, 26], the system
must recognize actions as they unfold. A related task, early action prediction
[4, 12, 14, 16, 31], attempts to address this by classifying actions from partial
observations at predefined ratios of the full sequence. However, it still requires
prior knowledge of the total sequence length and treats predictions at different
stages as isolated tasks. In contrast, InfoGCN++ [8] introduced online action
recognition for skeleton data, which requires the model to produce a classification
at every frame in a streaming fashion, using only past and current observations
without access to future frames or the full action duration. This strictly causal
constraint poses a significant challenge: the model must extract discriminative
features from limited and incrementally growing historical context.

Intuitively, not all frames are equal: recognizing an ongoing action does
not require equal attention to every observed frame—only a few key moments
carry the most discriminative information. As illustrated in Fig. 1(a), discrimi-
native motion in action sequences concentrates within specific temporal regions
rather than distributing uniformly across time. Moreover, the location of these
informative peaks varies significantly across action categories (Fig. 1(b))—for in-
stance, Clapping exhibits its peak as early as 20% of the sequence, while Falling
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peaks near 70% (Fig. 1(c)). These observations suggest that effective online
recognition requires adaptively locating the most discriminative moments from
the growing historical context, yet conventional temporal convolutions sample
at predetermined positions regardless of action content or observation progress.
Meanwhile, causal attention, which restricts each frame to attend only to past
observations, tends to dilute its weights uniformly as the sequence grows, further
limiting the model’s ability to focus on critical moments (see Sec. 3.1).

Furthermore, not all futures need to be predicted: beyond knowing
where to look, the model must also make sense of what it has observed. Prior
online methods attempt to bridge this gap by explicitly predicting future frame
features and joint coordinates to compensate for the unobserved portion [8].
However, this is inherently challenging: partial motion sequences are ambiguous,
as similar early movements may correspond to very different actions. And such
explicit forecasting often degenerates into a trivial identity mapping of the input
(see Sec. 3.1). Drawing on prior knowledge of how actions typically unfold, we can
often infer the likely motion pattern from just a few key cues—without needing
to explicitly predict every future change in the sequence. Online recognition
demands a similar capacity: at any given moment, the model sees only a partial
and growing sequence, yet must reason about the underlying motion trend that
extends beyond the current observation.

To address these challenges, we propose DART (Deformable Adaptive Rea-
soning with Temporal Queries) for online skeleton-based action recognition. For
adaptive temporal modeling, DART employs a Deformable Multi-scale Tempo-
ral Network (DMTN) that learns content-dependent sampling positions, enabling
the model to focus on the most discriminative moments as they shift across dif-
ferent actions and observation stages. These adaptively selected positions nat-
urally compose a compact temporal memory. Rather than forecasting future
features from this memory, we introduce a Temporal Query Decoder (TQD),
where learnable queries interact with the temporal memory to directly distill
high-level motion trends that capture how actions typically progress—providing
complementary temporal reasoning without explicit future prediction.

The main contributions of this work are summarized as follows:

– We analyze the existing online recognition method and identify two limita-
tions: attention dilution and degeneracy of explicit prediction (see Sec. 3.1).

– We propose DART, comprising a DMTN for content-adaptive temporal sam-
pling and a TQD that distills motion trends from the resulting temporal
memory via learnable queries without explicit future forecasting.

– Extensive experiments on NTU RGB+D 60, NTU RGB+D 120, and NW-
UCLA demonstrate SOTA performance.

2 Related work

2.1 Skeleton-Based Action Recognition

Skeleton-based action recognition has progressed significantly. GCN-based meth-
ods [6, 7, 17, 25, 34, 38] model skeletons as spatial-temporal graphs and focus



4 C. Zheng et al.

on learning adaptive topologies for spatial modeling, such as ProtoGCN [17],
which dynamically learns channel-wise and adaptive graph topologies to capture
fine-grained relational patterns. More recently, Transformer-based approaches
[10, 29, 33, 37] leverage self-attention to capture long-range dependencies across
joints and frames, such as SkateFormer [10], which designs partition-specific at-
tention to model skeletal-temporal relationships across different joint groups.
However, these methods all operate in the offline setting with fixed temporal
sampling patterns. In contrast, our work targets the online setting and intro-
duces content-adaptive temporal modeling that dynamically focuses on the most
discriminative moments for more effective per-frame classification.

2.2 Online Action Recognition and Early Prediction

Early action prediction aims to recognize actions from partially observed se-
quences at predefined observation ratios. Existing methods typically achieve this
by learning discriminative representations from incomplete sequences [11,12,31],
by generating features for the unobserved portion to complement partial observa-
tions [4], or by distilling knowledge from full sequences to guide partial-sequence
recognition [14–16]. However, it assumes known sequence length and makes a
single prediction at a fixed ratio, unlike the streaming per-frame classification
required in real-world applications [1, 22, 26]. To achieve true streaming pro-
cessing, Online Action Detection (OAD) has been extensively explored in the
video domain. Recent OAD methods typically employ Transformer-based archi-
tectures [27,32] and memory-refined frameworks [13,20,27], utilizing anticipation
queries or generative decoders to forecast future context. However, these meth-
ods are designed for dense RGB video features and rely on rich appearance cues
that are not available in skeleton data. InfoGCN++ [8] first formalized the on-
line skeleton-based recognition setting, employing causal masked attention for
temporal modeling and a Neural ODE [5] module to predict future features. Our
analysis reveals two limitations of this paradigm: attention dilution over growing
sequences and degeneracy of explicit future prediction into trivial identity map-
ping, motivating our alternative approach based on adaptive temporal sampling
and query-based reasoning.

2.3 Deformable Modeling and Query-based Learning

Deformable convolution [9, 39] enables adaptive spatial sampling by learning
input-dependent offsets for the convolution grid. While originally designed for 2D
image recognition, this design naturally extends to temporal modeling. Query-
based learning, popularized by DETR [2], uses learnable queries with cross-
attention to aggregate task-relevant information from encoded features, and has
been widely adopted in detection [19, 40, 41], video understanding [24, 36], and
action anticipation [20, 27]. In this work, we extend deformable convolution to
learn spatio-temporal offsets in causal temporal convolutions, allowing each joint
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(a) Attention dilution across stages (b) Prediction feature similarity

Fig. 2: The limitations of existing online recognition paradigms (e.g., InfoGCN++
[8]). (a) Attention proportion across ten evaluation stages. As the observed sequence
grows, causal attention distributes increasingly uniformly across all past frames. (b)
Feature similarity analysis of ODE-based future prediction [5]. Each point represents
a prediction evaluated at a single frame from one sequence; the x-axis shows similarity
to the target zt and the y-axis shows similarity to the input source zt−s. Steps 1–3
correspond to predicting 1, 2, and 3 frames ahead.

to attend to distinct temporal positions, and introduce learnable queries that in-
teract with adaptively constructed memory to capture action evolution patterns.

3 Methods

3.1 Preliminary Analysis

As InfoGCN++ [8] represents the current SOTA for online skeleton-based ac-
tion recognition, we revisit its two core designs—causal temporal attention and
Neural ODE-based [5] future prediction—and identify key limitations in both
components that motivate the design of our approach.
More history, less focus. While the causal mask successfully ensures valid
online inference, each frame attends to all available past frames with learned
weights. As the observed sequence grows, the attention distribution tends to
spread across an increasingly large history. As shown in Fig. 2(a), at later obser-
vation stages the attention weights gradually approach a near-uniform distribu-
tion, behaving similarly to average pooling over the entire history. This suggests
that the model may have difficulty concentrating on the few critical moments
that carry the most discriminative information, calling for a more adaptive and
content-aware temporal sampling mechanism.
Predicting the future by copying the present. Moreover, InfoGCN++ [8]
attempts to predict future motion from partially observed sequences. Specifi-
cally, given the encoded feature zt−s at frame t−s, a Neural ODE module is
trained with MSE loss to predict the feature zt at frame t, where s denotes
the prediction step. However, human motion is inherently ambiguous: the same
partial observation can lead to vastly different continuations depending on the
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Fig. 3: Overview of model architecture.

person’s intent. Under this ambiguity, minimizing the per-sample MSE loss en-
courages the model to reproduce the current frame features as the predicted
future, converging to a trivial solution. As shown in Fig. 2(b), the predicted fea-
tures exhibit consistently higher cosine similarity to the input source frame than
to the intended target frame, suggesting that the prediction has largely collapsed
into near-identity copying, motivating an alternative approach that avoids direct
instance-level prediction altogether.

3.2 Overview

The above analysis points to two requirements for online recognition: adaptively
focusing on discriminative moments from a growing history, and reasoning about
motion trends without explicit future forecasting. To this end, we propose DART,
which consists of three main components: (1) a spatial-temporal encoder that
extracts per-frame representations under the causal constraint, (2) a Deformable
Multi-scale Temporal Network that replaces fixed sampling patterns with input-
dependent offsets, enabling content-adaptive temporal sampling for each frame
and joint, and (3) a Temporal Query Decoder that interacts with the temporal
memory formed by DMTN to distill action evolution patterns. An overview of
the proposed framework is illustrated in Fig. 3.

3.3 Spatial-Temporal Encoder

Given an input skeleton sequence X ∈ RCin×T×V×M , where Cin denotes the
input feature dimension (e.g., 3D joint coordinates), T is the number of frames,
V is the number of body joints, and M is the number of persons, the goal of
online skeleton-based action recognition is to predict the action label y at each
frame t using only the observed frames up to and including t. We encode each
frame into a d-dimensional representation using a causal Transformer with SA-
GC [7] spatial modeling, following InfoGCN++ [8]:

Zt = Encoder(X1:t) ∈ Rd×V , t = 1, 2, . . . , T. (1)
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This causal constraint prohibits the model from accessing any future frame in-
formation during both training and inference.

3.4 Deformable Multi-scale Temporal Network

As illustrated in Fig. 1, discriminative moments vary in temporal location across
actions and observation stages, yet conventional temporal convolutions sample
at fixed positions regardless of input content. We address this by proposing a
Deformable Multi-scale Temporal Network (DMTN) that learns input-dependent
spatio-temporal offsets to dynamically locate informative moments.
Deformable Causal Convolution. For a standard causal convolution with
kernel size K and base dilation rate δ, the regular sampling positions relative to
the current frame t are strictly historical: {t−(K−1)δ, . . . , t−δ, t}. We augment
each sampling position with a learnable temporal offset ∆t,v,k predicted directly
from the input features. Let k ∈ {0, 1, . . . ,K − 1} index the kernel steps. The
adaptive sampling position for joint v at time t is formulated as:

pt,v,k = t− kδ +∆t,v,k, (2)

where the offset ∆t,v,k is generated by a lightweight network g(·) consisting of
two convolutional layers:

∆t,v,k = g ([Zt,v ∥ PE(t)]) . (3)

Here, [· ∥ ·] denotes channel-wise concatenation, zt,v is the current spatial rep-
resentation, and PE(t) is a sinusoidal temporal positional encoding that injects
absolute temporal awareness for discriminative frame localization.

Crucially, the offsets are initialized to zero, ensuring the network stably starts
from the standard fixed-dilation behavior. To strictly maintain causality during
the deformable sampling, the absolute positions pt,v,k are clamped to the valid
historical range [0, t], preventing any non-causal information leakage. Since pt,v,k
is fractional, the features at these continuous temporal positions are obtained
via linear interpolation and subsequently aggregated:

Ẑt,v = Conv1×K

([
ϕ(Zv, pt,v,k)

]K−1

k=0

)
, (4)

where ϕ(·, p) denotes the fractional sampling function at temporal position p for
joint v, and Zv ∈ Rd×T represents the temporal feature sequence of joint v.
Multi-scale Architecture. Each temporal layer comprises B deformable
causal branches with distinct base dilation rates {δ1, . . . , δB}, alongside a causal
max-pooling branch and an identity branch inspired by [6, 7]. The input chan-
nels are evenly split among branches and the outputs from all branches are
concatenated along the channel dimension and fused via a residual connection.
L such layers are stacked to construct the complete temporal network. Since each
deformable branch samples temporal positions independently per joint, two SA-
GC [7] layers are applied after the final temporal layer to re-integrate spatial
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features within the global skeletal context. Finally, the representations are aver-
aged over all joints V and persons M to produce the compact per-frame feature
vectors zt ∈ Rd. The learned sampling positions from each deformable branch are
further leveraged to construct the temporal memory for query-based reasoning.

3.5 Temporal Query Decoder

As analyzed in Sec. 3.1, explicit future prediction suffers from degeneracy under
motion ambiguity. Instead, we introduce a query-based reasoning module that
operates on an adaptively constructed temporal memory to distill complemen-
tary temporal cues for classification.
Temporal Memory Construction. The deformable convolutions in Sec. 3.4
learn to dynamically attend to the most informative past frames. We systemat-
ically reuse these learned sampling positions to construct a compact temporal
memory. Specifically, at a given frame t, each deformable branch has learned K
sampling positions. Across all B branches, this yields Nm = B × K temporal
positions. Let n index these aggregated positions, where n = 1, 2, . . . , Nm. We
extract d-dimensional features at these fractional positions from the temporal
feature maps prior to spatial refinement via linear interpolation. The sampled
features are subsequently averaged to form the temporal memory bank:

mt,n =
1

V

V∑
v=1

ϕ(Zv, pt,v,n), (5)

Mt =
[
mt,1,mt,2, . . . ,mt,Nm

]⊤ ∈ RNm×d, (6)

where Mt is the temporal memory bank at frame t, and mt,n is the feature
extracted at the n-th aggregated sampling position via linear interpolation. This
design offers two key advantages. First, unlike standard cross-attention that must
attend over the entire observed history, the memory bank provides a compact set
of Nm tokens pre-selected at the most informative temporal locations, avoiding
the attention dilution problem. Second, since the sampling positions are input-
dependent, the memory content naturally adapts to different action classes and
observation progress, enabling the model to capture discriminative temporal
patterns specific to each instance.
Query Decoder. The temporal memory is first projected into a dq-dimensional
space via a linear projection with Layer Normalization (LN). We then introduce
a set of Nq learnable action queries Q(0) = Qemb ∈ RNq×dq , which interact with
the memory through a stack of Ndec standard Transformer decoder layers. Each
layer consists of three sequential operations with pre-normalization and standard
residual connections as follows:

Q′ = Q(l) + SelfAttn(LN(Q(l))), (7)

Q′′ = Q′ + CrossAttn(LN(Q′),Mt), (8)
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Q(l+1) = Q′′ + FFN(LN(Q′′)), (9)

where the self-attention mechanism enables information exchange among queries,
and the cross-attention allows each query to distil relevant evolution patterns
from the temporal memory Mt. A final LN is applied to produce the distilled
query output Q

(Ndec)
t ∈ RNq×dq at each frame t.

Feature Fusion and Classification. Instead of regressing future features, we
employ the query outputs as condensed representations that encode action evo-
lution patterns. The query outputs are projected back to the original encoder
feature dimension, averaged into a single representative vector, and injected into
the current frame’s representation:

z′t = zt +
1

Nq

Nq∑
i=1

Woutq
(Ndec)
t,i , (10)

where Wout ∈ Rd×dq is the projection weight and q
(Ndec)
t,i ∈ Rdq denotes the i-th

individual query vector extracted from the final decoder output matrix Q
(Ndec)
t .

The augmented feature z′t is fed into a linear classifier to predict the label ŷt.

3.6 Training Objective

The entire framework is trained end-to-end. The total training objective consists
of a main classification loss and an auxiliary query loss:

L = Lmain + λLaux, (11)

where λ is a balancing hyperparameter.
The main objective Lmain is a label-smoothed Cross-Entropy (CE) loss ap-

plied to the per-frame predictions across the entire sequence of length T :

Lmain =
1

T

T∑
t=1

LCE(ŷt, y), (12)

where y is the ground-truth action label, and ŷt is the prediction at the t-th
frame. Furthermore, to explicitly encourage each learnable query to indepen-
dently distill discriminative temporal patterns from the temporal memory, we
apply an auxiliary classifier to each individual query output at every time step.
These outputs are supervised with the same ground-truth label y:

Laux =
1

T

T∑
t=1

 1

Nq

Nq∑
i=1

LCE
(
Wauxq

(Ndec)
t,i , y

) , (13)

where Waux ∈ RNc×dq is a shared linear classifier across all Nq queries, Nc

is the number of action classes. This auxiliary supervision provides a direct
learning signal to each query, complementing the indirect gradient from the
main classification through feature fusion.
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Table 1: Performance comparisons at different observation ratios for a single model
trained using the full observation on NTU RGB+D 60 [23] and NTU RGB+D 120 [18].
The best results are highlighted in bold.

Datasets Methods Observation Ratio AUC
10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

NTU 60
X-Sub

ST-GCN [34] 6.86 10.78 18.09 33.44 53.60 67.68 74.71 78.34 79.81 81.50 50.48
2S-AGCN [25] 8.69 12.34 20.79 33.54 47.70 61.88 73.31 81.45 85.58 88.50 51.38
CTR-GCN [6] 5.19 9.02 19.11 33.93 51.93 66.32 77.89 86.07 88.95 89.93 52.83
InfoGCN [7] 8.26 12.14 21.51 35.65 54.88 70.65 81.55 87.33 89.42 89.80 55.12
MixFormer [33] 5.32 11.48 22.19 36.66 55.23 69.45 79.53 85.45 88.90 90.73 54.94
STST [37] 12.91 23.71 32.64 42.34 62.04 69.42 75.47 79.10 85.70 91.90 57.92
InfoGCN++ [8] 28.56 44.57 64.66 73.59 78.47 81.68 83.15 84.42 85.05 85.38 70.95

DART(Ours) 29.79 48.75 67.84 76.63 81.74 85.12 86.78 87.69 87.96 87.63 73.99

NTU 60
X-View

ST-GCN [34] 10.24 14.02 21.40 35.81 53.78 70.85 82.07 86.55 88.72 88.00 55.14
2S-AGCN [25] 9.12 14.25 23.83 38.34 54.56 69.57 81.56 89.57 93.21 95.10 56.91
CTR-GCN [6] 6.47 11.07 21.59 35.10 55.22 71.37 83.71 91.60 94.00 94.67 56.48
InfoGCN [7] 8.10 12.59 24.32 39.09 59.47 75.41 86.47 92.50 94.51 95.20 58.77
MixFormer [33] 6.12 12.04 23.98 38.91 57.75 73.49 84.89 91.25 93.17 95.76 57.73
STST [37] 14.03 28.80 42.70 54.39 64.78 70.65 77.10 83.20 90.00 96.80 62.25
InfoGCN++ [8] 35.88 55.57 76.39 84.62 88.68 90.79 91.80 92.35 92.67 92.55 80.13

DART(Ours) 37.49 58.09 78.59 86.43 90.53 92.34 93.29 93.87 94.07 93.93 81.86

NTU 120
X-Sub

ST-GCN [34] 5.30 7.09 11.41 19.02 29.57 43.04 56.30 67.74 75.23 77.44 39.21
2S-AGCN [25] 7.04 10.59 17.41 28.67 42.19 55.50 66.70 74.34 79.09 80.36 46.19
CTR-GCN [6] 5.19 5.08 10.52 20.64 38.50 54.09 67.38 77.91 83.07 84.93 44.73
InfoGCN [7] 3.80 5.77 10.25 18.86 33.98 50.17 64.76 77.13 82.82 85.10 43.26
MixFormer [33] 4.64 6.49 12.86 22.66 39.41 53.77 64.55 75.19 80.98 85.82 44.67
STST [37] 1.72 7.14 22.01 37.51 57.91 67.08 73.36 79.82 84.32 87.60 51.85
InfoGCN++ [8] 22.13 33.63 48.16 58.86 66.28 71.72 74.45 76.35 77.26 77.42 60.63

DART(Ours) 24.92 36.73 52.60 63.43 70.80 76.19 78.90 80.62 81.28 81.12 64.66

NTU 120
X-Set

ST-GCN [34] 6.20 8.35 13.04 21.37 32.64 46.20 60.34 71.74 78.10 80.36 41.83
2S-AGCN [25] 7.47 10.95 18.62 30.18 44.04 57.02 68.44 76.98 81.24 82.53 47.75
CTR-GCN [6] 5.19 9.02 11.68 21.02 37.06 51.99 66.32 78.63 84.35 85.93 45.12
InfoGCN [7] 4.91 7.59 14.76 25.67 43.05 58.47 71.04 80.58 84.96 86.30 47.73
MixFormer [33] 5.14 8.66 13.47 24.88 40.30 53.95 65.81 76.34 81.50 87.64 45.77
STST [37] 2.51 8.21 24.10 40.11 59.79 71.33 77.32 82.62 86.62 89.44 54.20
InfoGCN++ [8] 27.09 38.70 54.93 64.90 71.32 76.01 78.54 80.31 81.04 81.20 65.40

DART(Ours) 26.89 39.92 56.89 67.11 73.79 78.69 81.16 82.81 83.47 83.32 67.40

4 Experiment

4.1 Datasets and Settings

NTU RGB+D 60 [23] contains 56,880 skeleton sequences across 60 action cat-
egories performed by 40 subjects. We evaluate under two standard benchmarks:
Cross-Subject (X-Sub), where training and testing are split by subject identity,
and Cross-View (X-View), where the split is based on camera viewpoints.
NTU RGB+D 120 [18] extends NTU 60 to 114,480 sequences covering 120
action categories, performed by 106 subjects across 32 camera setups. We eval-
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Table 2: Performance comparisons at different observation ratios for a single model
trained using the full observation on the NW-UCLA [28] dataset. The best results are
highlighted in bold.

Dataset Methods Observation Ratio AUC
10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

NW-UCLA

ST-GCN [34] 12.72 12.93 21.98 33.84 47.41 57.54 66.59 78.45 82.76 87.50 50.17
2S-AGCN [25] 17.89 24.57 38.36 51.94 61.21 68.53 76.08 83.19 88.36 90.87 60.10
CTR-GCN [6] 10.56 13.79 29.09 43.32 56.90 71.55 81.68 91.16 93.53 95.04 58.66
InfoGCN [7] 18.32 23.71 37.50 57.54 69.40 79.74 85.78 90.52 91.38 94.00 64.79
MixFormer [33] 24.38 33.72 44.45 59.00 69.81 81.40 85.38 88.19 92.15 95.50 67.40
STST [37] 23.38 39.25 47.44 66.28 73.48 81.34 85.20 88.54 91.49 94.42 69.08
InfoGCN++ [8] 70.69 78.02 83.84 85.99 86.20 88.15 89.80 90.73 90.95 90.09 85.47

DART(Ours) 70.26 77.80 84.91 86.85 89.01 89.44 90.30 91.38 91.81 91.59 86.34

uate under Cross-Subject (X-Sub) and Cross-Setup (X-Set) benchmarks, where
the latter splits training and testing by camera configuration.
NW-UCLA [28] consists of 1,494 skeleton sequences of 10 action categories
captured simultaneously by three Kinect cameras from different viewpoints. Fol-
lowing the standard protocol, we use samples from the first two cameras for
training and the third for evaluation.
Implementation Details. All skeleton sequences are uniformly sampled to
T=64 frames. The spatial-temporal encoder follows the configuration of In-
foGCN++ [8] with feature dimension d=128 and we follow the same evaluation
protocol. The deformable temporal network consists of L=4 layers with kernel
size K=5, base dilations δ1, δ2=1, 2. The query decoder uses Nq=10 queries,
Ndec=4 decoder layers. The auxiliary loss weight is λ=0.5. All experiments are
conducted on a single NVIDIA RTX 3090 GPU. We train for 90 epochs using
SGD with momentum 0.9, and weight decay 3×10−4. The initial learning rate is
0.1, decayed by a factor of 0.1 at epochs 50 and 70. The offset prediction network
uses a 10× higher learning rate to accelerate convergence.

4.2 Comparison with SOTA Methods

NTU RGB+D 60. Tab. 1 presents the results on NTU RGB+D 60 [23]. Our
method achieves AUC of 73.99% and 81.86% on the Cross-Subject and Cross-
View splits, outperforming InfoGCN++ [8] by 3.04% and 1.73%, respectively.
The improvement is most pronounced at early-to-mid observation stages (e.g.,
20%–50%), where the available history is short and fixed sampling patterns are
particularly wasteful. DMTN’s adaptive sampling can concentrate on the few
informative frames rather than being locked to predetermined positions. At 90%–
100%, some offline methods (e.g., STST [37]) achieve higher per-stage accuracy
as they optimize solely for full-sequence recognition without the need to maintain
performance across all observation stages. As an online method, DART must
maintain strong performance across all observation stages, yet still achieves the
highest overall AUC on both splits.
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Table 3: Ablation studies on the NTU RGB+D 60 [23] X-Sub dataset. We systemati-
cally evaluate the effectiveness of our proposed components and key hyperparameters.
Default settings for our full model are highlighted in bold.

DMTN TQD AUC (%)

69.25
✓ 70.27

✓ 73.37
✓ ✓ 73.99

(a) Component-wise ablation.

Sampling Strategy AUC (%)

Fixed dilation 72.37
Learnable offset 73.37
(b) Deformable vs. Fixed.

L AUC (%)

2 71.68
3 72.42
4 73.37
5 73.03

(c) DMTN layers L.

Nq AUC (%)

2 73.42
6 73.62
10 73.99
14 73.29

(d) Number of queries Nq .

Model Params FLOPs

InfoGCN++ 2.50M 10.00G
DART (Ours) 2.35M 4.59G

(e) FLOPs and params.

Ndec AUC (%)

2 73.36
3 73.58
4 73.99
5 73.57

(f) TQD layers Ndec.

NTU RGB+D 120. On the larger-scale NTU RGB+D 120 [18] (Tab. 1),
our method achieves 64.66% and 67.40% AUC on the Cross-Subject and Cross-
Setup splits, surpassing InfoGCN++ [8] by 4.03% and 2.00%, respectively. The
larger margin on this more challenging benchmark suggests that as the action
vocabulary grows and temporal patterns become more diverse, content-adaptive
sampling and query-based temporal reasoning become more beneficial.
NW-UCLA. On NW-UCLA [28], our method achieves 86.34% AUC, improving
over InfoGCN++ [8] by 0.87%. While the margin is smaller on NW-UCLA, as its
limited training set (∼1.5K samples) constrains the learning of input-dependent
adaptive sampling patterns and the query priors, our method consistently out-
performs at the 30%–80% stages and attains the highest overall average.

4.3 Ablation Studies

We conduct comprehensive ablation studies on the NTU RGB+D 60 [23] Cross-
Subject split to evaluate the contribution of each proposed component and the
sensitivity to key hyperparameters. All results are summarized in Tab. 3.
Effectiveness of Each Component. As shown in Tab. 3(a), adding DMTN to
the baseline yields an AUC of 73.37%, and further incorporating TQD brings the
performance to 73.99% (+0.62%), demonstrating that both components provide
complementary benefits. Notably, applying TQD alone with uniform memory
already improves the baseline by 1.02%, confirming that the query decoder is
independently effective. Tab. 3(b) further isolates the effect of deformable sam-
pling: replacing the learnable offsets with fixed dilation patterns causes a 1.00%
drop (72.37% vs. 73.37%). This confirms that content-adaptive temporal sam-
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Fig. 4: Visualization of the learned deformable temporal sampling on the NTU
RGB+D 60 [23] Cross-Subject split. (a) Learned sampling positions: fixed dilation
(blue circles) vs. deformable (red triangles) at four observation stages. (b) Aggregated
motion magnitude at the sampled positions, with the red shaded area indicating where
deformable sampling exceeds fixed dilation.

pling is essential, as fixed patterns cannot accommodate the diverse temporal
dynamics across different action categories and instances.

DMTN Depth. Tab. 3(c) varies the number of deformable temporal layers L.
Performance steadily improves from L=2 (71.68%) to L=4 (73.37%), as deeper
networks progressively expand the effective temporal receptive field through
stacked deformable convolutions. However, increasing to L=5 causes a 0.34%
drop, indicating that excessive depth introduces optimization difficulty without
further representational gain. We therefore adopt L=4 as the default setting.

Query Decoder Configuration. Tab. 3(d) and Tab. 3(f) examine the num-
ber of queries Nq and decoder layers Ndec, respectively. For Nq, performance
improves as the number of queries increases from 2 to 10, reaching the peak of
73.99%, as more queries provide greater capacity for extracting relevant cues
from the temporal memory. However, performance drops at Nq=14 (73.29%),
suggesting that excessive queries introduce redundancy and dilute the learning
signal from the auxiliary supervision. A similar trend holds for Ndec, where 4
layers achieve the best result and adding a fifth layer yields diminished returns
(73.57%), likely due to overfitting on the limited temporal memory tokens.

Computational Efficiency. As shown in Tab. 3(e), DART requires only 2.35M
parameters and 4.59G FLOPs, reducing computational cost by 54% compared to
InfoGCN++ (10.00G FLOPs) while using fewer parameters (2.35M vs. 2.50M).
This is because DART replaces the computationally expensive Neural ODE mod-
ule which requires iterative numerical integration with lightweight deformable
offsets and a compact query decoder, achieving both stronger performance (AUC
+3.04% on NTU RGB+D 60) and higher efficiency.
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Fig. 5: Qualitative visualization of the learned deformable sampling on individual ac-
tion instances from three categories. For each sample, the top row shows skeleton
frames at selected time steps, with red boxes highlighting the key frames that receive
the most sampling attention. The bottom row plots the motion intensity curve along-
side the sampling positions from two branches (δ=1 and δ=2), where vertical stacking
indicates higher sampling frequency.

5 Visual Analysis

Visualization of Deformable Temporal Sampling. We visualize the learned
sampling behavior of the last DMTN layer on the NTU RGB+D 60 [23] Cross-
Subject split in Fig. 4. As shown in Fig. 4(a), at early stages (e.g., t=10), the
deformable positions spread more uniformly across the available history than
the clustered fixed pattern, achieving a more comprehensive temporal coverage.
At later stages (e.g., t=63), the offsets shift substantially toward earlier frames,
expanding the receptive field beyond what fixed dilations can reach. Fig. 4(b)
further shows that this adaptive sampling enables the model to maintain high
motion capture even when overall motion declines in the later portion, confirming
that the learned offsets effectively steer toward informative temporal regions.
Visualization of samples. To qualitatively examine whether the learned off-
sets adapt to individual action dynamics, we visualize the deformable sampling
behavior on representative instances from three action categories in Fig. 5. For
each sample, we identify the key frames—those most frequently attended by the
deformable branches—and overlay the sampling positions onto the motion inten-
sity curve. It is also notable that branch 1 (δ=1) consistently focuses on nearby
frames, while branch 2 (δ=2) freely shifts to distant positions, naturally forming
a short-term and long-term temporal memory. Across all examples, the sampling
concentrates around the motion peaks: the throwing phase in Throw, the takeoff
in Jump up, and the postural transition in Sitting down. Importantly, even for
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the same action class, the temporal location of these key frames shifts across
different instances (e.g., Sitting down peaks at t=6–19 in the left sample vs.
t=23–34 in the right), demonstrating that the offsets are driven by per-instance
content rather than fixed class-level priors.

6 Conclusion

We propose DART, a deformable adaptive reasoning framework for online
skeleton-based action recognition. We first identify two limitations of exist-
ing online paradigms and thus propose two complementary components. The
DMTN replaces fixed dilation patterns with input-dependent offsets, enabling
each frame and joint to adaptively sample from the most discriminative tempo-
ral positions. The TQD avoids explicit future forecasting and instead leverages
learnable queries to distill action evolution patterns. Extensive experiments on
NTU RGB+D 60, NTU RGB+D 120, and NW-UCLA demonstrate that DART
achieves state-of-the-art performance across all benchmarks.
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