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Abstract

Self-supervised learning especially contrastive learning001
has emerged as a powerful paradigm for skeleton-based ac-002
tion recognition. However, existing approaches often rely003
on heavy architectural refinements, such as transformer-004
based modules, which introduce redundancy and increase005
model complexity without necessarily improving representa-006
tion consistency. To address this issue, we propose BReSK,007
a self-supervised framework that combines a bootstrap pre-008
diction with momentum contrastive learning for skeleton-009
based action understanding. At the core of BReSK is DiP, an010
asymmetric dual-branch predictor that enforces cross-view011
consistency through spatial and temporal predictors in the012
Query branch, while using exponentially moving averaged013
(EMA) targets in the Key branch to stabilize representation014
learning. In addition, we introduce BoCL, a hybrid objec-015
tive that jointly optimizes a bootstrap alignment loss (LCroP)016
and a momentum-based contrastive loss (LMiCo), improving017
instance discrimination while reducing class confusion in018
the embedding space. Extensive experiments on six bench-019
mark datasets, including NTU-RGB+D 60/120, PKU-MMD,020
Toyota SmartHome, Penn Action, and Posetics, show that021
BReSK consistently outperforms state-of-the-art methods022
across diverse settings while using fewer parameters.023

1. Introduction024

Human Action Understanding (HAU) [1, 3, 6, 18, 25, 26,025
30, 35] is fundamental for applications such as healthcare026
monitoring, daily activity analysis, and sports understanding.027
Among various modalities, skeleton-based action recogni-028
tion is particularly effective due to its robustness to appear-029
ance variations and its ability to model structured human030
motion [3, 6, 18, 30]. Recent advances have been largely031
driven by self-supervised learning (SSL), especially con-032
trastive learning methods [16, 19, 28]. These approaches033
learn discriminative representations by aligning augmented034
views of the same skeleton while separating different sam-035
ples, enabling effective learning from large-scale unlabeled036
data and improving generalization over supervised meth-037
ods [8, 12, 16, 19, 21, 28, 32].038
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Figure 1. Illustration of the contrastive learning-based skeleton
action recognition framework (top) and its accuracy-cost trade-off
(bottom) compared to our proposed method BReSK.

Although these approaches have achieved promising per- 039
formance, recent designs often rely on increasingly complex 040
architectural components for feature refinement. For in- 041
stance, SCDNet [28] introduces a Transformer-based refine- 042
ment module that enhances feature representations through 043
explicit self-correlation before projecting them into the con- 044
trastive space. While such strategies can improve represen- 045
tation quality, they also introduce redundant feature correla- 046
tions and increase computational cost during both training 047
and inference. 048

This limitation becomes more critical in real-world activ- 049
ity understanding scenarios. Compared with controlled labo- 050
ratory datasets, real-world skeleton sequences often contain 051
noisy joints, viewpoint variations, and irregular motion pat- 052
terns, as illustrated in Fig. 1. Under these conditions, overly 053
complex refinement modules may not necessarily lead to 054
more robust representations, while significantly increasing 055
computational overhead. 056

To address this limitation, we propose BReSK, a sim- 057
ple and efficient self-supervised framework for skeleton 058
representation learning. Instead of explicitly refining fea- 059
tures through complex architectural components, BReSK im- 060
proves representation quality through implicit alignment in 061
the learning objective. The framework combines a bootstrap 062
prediction mechanism with contrastive learning, encouraging 063
stable cross-view representation alignment while maintain- 064
ing strong instance discrimination. This design strengthens 065
positive pair consistency and reduces feature redundancy in 066
the contrastive space. 067
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Figure 2. Overview of BReSK framework.

We evaluate BReSK on six benchmark datasets, i.e.,068
Posetics, Toyota SmartHome PennAction, NTU-RGB+D069
60/120 and PKU-MMD, covering diverse scenarios includ-070
ing real-world sport and daily living activities. Across these071
benchmarks, BReSK consistently outperforms recent self-072
supervised methods. The learned representations remain073
stable and transferable across datasets, enabling strong per-074
formance in downstream tasks such as action recognition075
and temporal action detection.076

More importantly, BReSK achieves these improvements077
while maintaining significantly lower computational cost.078
Compared with recent methods relying on complex refine-079
ment modules, our framework requires substantially fewer080
parameters and lower FLOPs while preserving strong rep-081
resentation capability. These results suggest that effective082
skeleton representation learning can be achieved through083
carefully designed learning objectives rather than increas-084
ingly complex architectures.085

In summary, our main contributions are: (i) We propose086
BReSK, a simple and efficient self-supervised framework087
that combines bootstrap representation alignment with con-088
trastive learning for skeleton-based action understanding.089
(ii) We introduce an asymmetric instance prediction mecha-090
nism that enforces cross-view consistency using spatial and091
temporal predictors while maintaining stable targets through092
momentum updates. (iii) We design a hybrid learning objec-093
tive that jointly optimizes bootstrap prediction alignment and094
contrastive discrimination, improving representation quality095
while reducing feature redundancy. (iv) Extensive experi-096
ments on six benchmarks demonstrate that BReSK achieves097
state-of-the-art performance while requiring significantly098
lower computational cost.099

2. Proposed Approach100

In this section, we introduce BreSK, a self-supervised frame-101
work that improves skeleton-based action understanding by102
combines a bootstrap prediction with contrastive learning.103

Overview: As shown in Fig. 2, the proposed framework 104
(BReSK) comprises three core components: (1) Skeleton 105
Feature Extraction; (2) Dual-Branch Instance Predic- 106
tor; and (3) Bootstrapped Contrastive Learning. Each 107
component is described in detail in the following sections. 108

2.1. Skeleton Feature Extraction: 109

The input skeleton sequence SK ∈ Rt×J×C , where t is the 110
sequence length, J is the number of joints, and C denotes 111
joint coordinate dimensions (2D or 3D). Two augmented 112
views—SKq (query) and SKk (key)—are generated using 113
rotation, flipping, and spatiotemporal masking [28] to im- 114
prove robustness. Both views are encoded using a CTR-GCN 115
backbone, producing fskq

and fskk
, respectively. Inspired 116

by MoCo-v2 [9], the query encoder is updated via backprop- 117
agation, while the key encoder is momentum-driven. Both 118
share identical structure but process different augmentations. 119

Encoder outputs contain tightly coupled spatiotemporal 120
features that are suboptimal for contrastive learning. To 121
disentangle these, we apply MLPs to separate the representa- 122
tions into motion view (fm) and joints view (fj) components: 123

124fm, fj = ReLU(LayerNorm(Linear(fsk))) (1) 125

These intermediate features are projected into the contrastive 126
space via a Max Pooling operation followed by a projection 127
layer in both the branches query and key. 128

2.2. Dual-Branch Instance Predictor (DiP) 129

DiP is an implicit lightweight feature refinement module de- 130
signed to enhance representation quality through cross-view 131
interaction. It adopts an asymmetric dual-branch architecture 132
to enforce cross-view consistency while avoiding representa- 133
tion collapse. 134

The query branch is equipped with lightweight predictor 135
modules, namely Pred-S and Pred-T, to model cross-view 136
relationships between spatial and temporal representations. 137
Let qi ∈ Rd denote the query representation from view 138
i ∈ {s, t}, where s and t correspond to spatial and temporal 139
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Methods
Linear Evaluation Transfer Learning (Pre-trained on Posetics) Semi-supervised

Posetics SmartHome CS SmartHome CV2 PennAction SmartHome CS PennAction
Top-1 (%) Top-5 (%) CS (%) CV2 (%) Top-1 (%) 5 (%) 10 (%) 5 (%) 10 (%)
2D 3D 2D 3D 2D 3D 2D 3D 2D 3D 2D 3D 2D 3D 2D 3D 2D 3D

AimCLR [21] (AAAI 22) 19.2 – 39.3 – 46.6 – 48.3 – – – – – – – – – – –
CMD [16] (ECCV 22) 20.4 20.4 40.5 40.7 49.0 50.8 52.5 – 89.4 87.4 – – – – – – – –
HiCLR [4] (AAAI 23) 20.1 – 39.9 – 49.1 – 52.3 – 88.7 – – – – – – – – –
HiCo [7] (AAAI 23) 21.3 28.7 42.1 – 54.3 53.3 54.8 56.1 87.6 92.7 34.5 25.5 46.0 34.6 57.2 75.5 74.5 83.3
MAMP [17] (ICCV 23) – 20.4 – 40.7 – 50.8 – – – 87.4 – – – – – – – –
PCM3 [33] (ACMMM 23) 20.0 34.5 40.3 58.0 45.3 49.7 46.8 56.6 85.6 94.9 23.1 30.5 30.1 37.1 46.3 78.8 60.9 84.9
UmURL [20] (ACMMM 23) – 32.7 – 56.5 – 48.1 – 56.9 – 94.8 – 22.7 – 30.6 – 78.1 – 85.9
SCD-Net [28] (AAAI 24) 27.2 – 50.6 – 54.6 – 55.5 – 90.8 – – – – – – – – –
ViA [32] (IJCV 24) 20.7 – 40.1 – 49.5 50.5 52.6 – 90.2 – 38.6 – 45.3 – 65.8 – 85.2 –
MacDiff [29] (ECCV 24) – 23.3 – 42.1 – 51.1 – 56.2 – 91.9 – – – – – – – –
USDRL [27] (AAAI 25) 25.9 34.6 48.6 58.5 55.0 49.6 53.9 56.7 89.6 95.2 37.1 34.3 43.6 40.3 58.1 73.9 70.3 86.4

BReSK (Our) 29.8 36.9 52.7 61.0 56.5 53.9 56.9 57.8 91.9 95.8 39.7 37.4 48.3 46.5 69.5 80.4 86.1 89.7

Table 1. 2D vs 3D Comparison across Linear, Transfer, and Semi-supervised settings on Posetics, SmartHome, and PennAction.

Method NTU-RGB+D 60 NTU-RGB+D 120
CS(%) CV(%) CS(%) CSet(%)

CrosSCLR [13](CVPR21) 72.9 79.9 - -
HiCLR [4](AAAI23) 80.4 85.5 70.0 70.4
UmURL [20](ACMMM 23) 82.3 89.8 73.5 74.3
HiCo [7](AAAI 23) 81.1 88.6 72.8 74.1
ActCLR [14](CVPR 23) 80.9 86.7 69.0 70.5
ViA [32](IJCV 24) 78.1 85.8 69.2 66.9
SCD-Net [28] (AAAI 24) 86.6 91.7 76.9 80.1
ACA2Net [2](TCSVT 25) 86.0 89.6 - -
ActCLR+ [15](TPAMI 25) 82.3 88.2 70.9 73.2
Heterogeneous [23] (CVPR 25) 80.2 88.0 70.7 73.5
USDRL [27] (AAAI 25) 84.2 90.8 76.0 76.9
USDRL+ [24] (TPAMI 25) 85.8 91.8 77.5 78.8
PCM3++ [34] (IJCV 26) 84.8 91.0 76.7 -

BReSK (Our) 87.3 92.0 79.1 80.1

Table 2. Action Recognition- Linear Evaluation results- for
Lab-setting datasets (NTU-RGB+D 60 and NTU-RGB+D 120)

streams, respectively. The predictor fi→j(·) maps features140
from view i to the feature space of view j. Each predictor is141
implemented as a two-layer MLP:142

fi→j(qi) = W
(i→j)
2 σ

(
LN

(
W

(i→j)
1 qi

))
, (2)143

where W1 ∈ Rdh×d and W2 ∈ Rd×dh are learnable pa-144
rameters, LN(·) denotes Layer Normalization, and σ(·) is145
the ReLU activation function. In practice, we employ two146
cross-view predictors:147

q̂s = ft→s(qt), q̂t = fs→t(qs), (3)148

where q̂s and q̂t denote the predicted representations in the149
spatial and temporal spaces, respectively. By explicitly learn-150
ing mappings across views, the proposed predictors encour-151
age the model to capture complementary spatial-temporal152
semantics and improve representation alignment.153

2.3. Bootstrapped Contrastive Learning (BoCL)154

BoCL jointly optimizes two complementary objectives, i.e.,155
a Cross-Branch Prediction Alignment Loss (LCroP) that en-156
forces cross-view semantic consistency, and a Mixed Con-157
trastive Loss (LMiCo) that sharpens inter-instance discrimina-158
tion via a momentum-updated memory bank.159

Objective 1: Cross-Branch Prediction Alignment. Our160
Dual-Branch Instance Predictor (DiP) learns to match the161
output of a momentum-updated teacher (key) network using162
stop-gradient targets and a predictor-based alignment. To163
enforce cross-view consistency, we apply a cosine similar-164
ity loss between predicted features and their corresponding165
target representations.166

Method mAP@tIoU (%)

0.1 0.3 0.5

AimCLR [21] 43.9 - 35.1
HiCo-Transformer [7] 32.5 31.8 28.6
HiCo-GRU [7] 50.1 48.6 44.3
SkeAttnCLR [10] 48.5 - 41.7
LAC [31] 55.2 - -
SCDNet [28] 65.6 64.7 58.5

BReSK (Our) 69.5 68.5 64.0

Table 3. Action Detection- Linear Evaluation results- for
Lab-setting datasets (PKU-MMD I).

BReSK consists of two branches: (i) a query branch, op- 167
timized via back-propagation and equipped with cross-view 168
predictors, and (ii) a key branch, implemented as a momen- 169
tum encoder updated using an exponential moving average 170
(EMA) of the query parameters. The key branch provides 171
stable targets and is detached from gradient computation. 172

Let kj denote the target representation from view j, pro- 173
duced by the EMA encoder, and let q̂j = fi→j(qi) be the 174
predicted representation from the query branch. We normal- 175
ize both vectors as: 176

q̃j =
q̂j

∥q̂j∥2
, k̃j =

sg(kj)

∥kj∥2
, (4) 177

where sg(·) is the stop-gradient operator, ensuring gradi- 178
ents flow only through the query branch. The cross-view 179
alignment loss is defined as: 180

Li→j =
1

N

N∑
n=1

(
1− q̃

(n)
j · k̃(n)j

)
, (5) 181

which minimizes the negative cosine similarity between pre- 182
dictions and targets. This encourages the query branch to 183
align its representations with the EMA teacher across differ- 184
ent views. Finally, the objective is symmetrized across both 185
directions: 186LCroP = Lt→s + Ls→t. (6) 187

Objective 2: Contrastive Learning. This objective en- 188
hances discrimination in the embedding space by mixing 189
spatial, temporal, and global views from different branches. 190
Following [28], the MiCo loss is defined as: 191

LMiCo =Linfo(Qj ,Kc) + Linfo(Qm,Kc) 192

+Linfo(Qc,Kj) + Linfo(Qc,Km), (7) 193
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CroP loss form loss terms (Query → Key) acc
Instance (S → S) + (T → T ) + (G → G) 86.6
Sub instance (S → S) + (T → T ) 86.4
Mixed (S → G) + (T → G) 86.3
Cross (S → T ) + (T → S) 87.3

Table 4. Prediction loss forms

where Q and K represent query and key features, and Linfo194
is the InfoNCE loss [22].195

Final Loss. The total self-supervised loss combines both196
objectives, L = LCroP+LMiCo. This complementary strategy197
ensures that representations are internally consistent and198
externally discriminative, a key for robust generalization in199
downstream tasks.200

3. Experiments and Analysis201

We conduct extensive experiments comparing with state-of-202
the-art (SoTA) SSL methods to validate the effectiveness203
and generalization of BReSK across diverse settings. Evalu-204
ation protocols, additional implementation details, dataset205
descriptions, experimental details, and results are provided206
in the Appendix.207

3.1. Comparison with State-of-the-Art208

Action Recognition - Linear Evaluation. As reported in Ta-209
ble 1 (blue), BReSK achieves SoTA performance across all210
real-world benchmarks, outperforming ViA [32] by +9.1%211
(Top-1) and +12.6% (Top-5) on Posetics. On controlled lab212
benchmarks (Table 2), BReSK consistently surpasses strong213
prior methods such as SCD-Net [28] on NTU-RGB+D214
60/120, achieving a +2.2% improvement on NTU-120 under215
the Cross-Subject protocol using the joint modality.216

Action Recognition - Transfer Learning Evaluation. We217
further evaluate representation transferability across datasets.218
In the real-world setting, we pre-train on Posetics and219
transfer to unseen datasets using linear evaluation (Table 1,220
green). BReSK outperforms prior state-of-the-art meth-221
ods by +1.5% under the Cross-Subject protocol and +1.4%222
under Cross-View2 on SmartHome, demonstrating strong223
robustness to domain shifts and camera variations.224

Action Recognition - Semi-supervised Evaluation. We225
evaluate BReSK under limited labeled data by fine-tuning226
with 5% and 10% of annotations on SmartHome and Penn-227
Action (Table 1, yellow). BReSK maintains strong per-228
formance under these low-label settings, demonstrating229
that slot-structured learning effectively captures transferable230
motion priors. Extending this evaluation to 3D skeletons231
(BReSK-3D), we observe consistent improvements across232
datasets, particularly for general actions in Posetics and233
sports actions in PennAction.234

Action Detection – Linear Evaluation. We further evalu-235
ate BReSK on temporal localization using the untrimmed236
PKU-MMD I dataset. Following [28], the encoder is pre-237
trained on NTU-60 (Cross-Subject) and a linear classifier is238
trained to predict frame-level actions. As shown in Table 3,239
BReSK achieves significant mAP improvements over recent240

Framework Contrastive DiP CroP NTU60-CS (%) NTU120-CS (%)

Baseline ✓(NCE) ✗ ✗ 83.5 75.0
BReSK (Ours) ✓(NCE) ✓ ✓ 85.8 76.7
Baseline ✓(MiCo) ✗ ✗ 84.0 75.8
- ✓ ✗ ✓ 86.7 76.9
- ✓ ✓ ✗ 87.0 77.5
BReSK (Ours) ✓(MiCo) ✓ ✓ 87.3 79.1

Table 5. Ablation study of different components.

Model Inference Training NTU120-CS (%)
Params GFlops Params Time (h) Memory

H-Transformer [5] >100 M 118.6 — — — —
GL-Transformer [11] 214 M — 214 M 18 — 66.0
PCM3 [33] — — 103 M 15 394.66 MB 76.5
SCDNet [28] 83.26 M 7.14 184 M 17 702.04 MB 76.9
USDRL [27] 94.86 M — 95 M 14 362.13 MB 76.0

BReSK (Ours) 22.03 M 3.75 83 M 11 318.74 MB 79.1

Table 6. Computation cost on NTU-RGB+D 120 CS during infer-
ence(blue) and training process (green).

self-supervised baselines [7, 31], demonstrating that its slot- 241
structured motion representation and unified discriminative 242
reconstruction effectively capture temporal dynamics and 243
enhance precise action localization in untrimmed sequences. 244

3.2. Ablation Study 245

Component-wise Analysis of BReSK: Table 5 shows that 246
both DiP and CroP consistently improve over the baseline 247
across different contrastive objectives. While each com- 248
ponent individually provides noticeable gains, their com- 249
bination leads to the best performance, indicating a clear 250
complementary effect. This is further validated under the 251
stronger MiCo setting, where the full BReSK model achieves 252
the highest accuracy. 253

Effect of Cross-Space Feature Alignment: Table 4 shows 254
the importance of cross-space feature alignment in improv- 255
ing representation quality. While instance-level and sub- 256
instance losses based on intra-space mappings (e.g., S → S, 257
T → T ) yield comparable performance, they are consis- 258
tently outperformed by formulations that encourage inter- 259
space interactions. Notably, the cross loss (S → T , T → S) 260
achieves the highest accuracy (87.3%), demonstrating that 261
explicitly modeling complementary relationships between 262
spatial and temporal features leads to more discriminative 263
representations. 264

Computation Cost: Table 6 shows that BReSK achieves 265
SOTA performance across all evaluation protocols, while 266
simultaneously providing a significant reduction in computa- 267
tional cost, with up to ∼2× fewer inference parameters and 268
over 3× lower GFLOPs compared to existing methods. 269

4. Conclusion 270

We presented BReSK, a self-supervised framework that 271
leverages bootstrap prediction with contrastive learning for 272
skeleton action recognition. Our design improves cross- 273
view representation consistency while maintaining strong 274
instance discrimination. Experiments on multiple bench- 275
marks show that BReSK consistently outperforms existing 276
methods across diverse settings with lower computational 277
cost. 278
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