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Appendix

In this Appendix, we provide further details to enrich the ex-
perimental analysis presented in the main paper. Section A
elaborates on more implementation details of our frame-
work. Section B provides additional quantitative compar-
isons, extended analyses, qualitative results, to demonstrate
the effectiveness of PRIMS.

A. Experiment and Implementation Details

In this section, we firstly provide the details of the datasets
used in this work. Secondly, we describe the architectural
details of the key modules in PRISM.

A.1. Dataset Details

We conduct extensive experimental analysis on multiple
datasets, including different tasks. We describe all the
dataset details in the subsection and the Tab. | summarizes
the datasets used in this work.

Posetics [15] is created on top of Kinetics-400 [3] and in-
cludes 142,000 real-world clips covering 320 action classes,
each with 2D/3D skeletons. As the Posetics dataset man-
ually merges the activities with the same motion but re-
lated to different objects (e.g., the “eat piza”, “eat sushi”
are merged into “eat”) to be more proper for human-centric
activity recognition, the class distribution is naturally un-
unbalanced in a long-tail distribution. We use it for pre-
training and evaluation and report Top-1 and Top-5 accu-
racy.

Toyota Smarthome Trimmed (TST) [6] contains 31 fine-
grained action classes over 16,115 videos, with strong long-
tail and viewpoint / subject variations. We use officially
provided 2D skeletons and report Mean Per-class Accuracy
under Cross-Subject (CS), Cross-Viewl (CV1), and Cross-
View2 (CV2) protocols.
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Toyota Smarthome Untrimmed (TSU) [5] extends the
TST dataset focusing on frame-wise detection in long
untrimmed sequences with dense multi-label annotations.
We use officially provided 2D skeletons data and report per-
frame mAP under Cross-Subject (CS) and Cross-View (CV)
protocols.

Charades [13] contains unconstrained, overlapping activ-
ities in real-world indoor scenes. We extract 2D skeletons
from RGB using existing pose estimation tool [ 14] and eval-
uate with per-frame mAP.

Mixamo [9] provides 3D motion sequences applied to styl-
ized characters. We use it for training and evaluating the
generation components (i.e., Motion Decomposition En-
coder and Decoder) of PRISM via cross-view/character mo-
tion transfer via synthetic ground truth.

NTU-RGB+D 120 (NTU-120) [11] is a widely-used
skeleton-based action classification dataset. It contains
114,480 skeleton sequences recorded by RGBD camera in
a laboratory setting. We evaluate PRIMS on NTU-120 fol-
lowing Cross-Subject (CS) and Cross-Set (CSet). Although
it is a well-established benchmark, its constrained setting
is less aligned with our target real-world, multi-label, and
long-tail tasks, we included the results in the Appendix for
completeness.

A.2. Model Details

In this section, we describe the architectural details of the
key modules in PRISM, including the Motion Decomposi-
tion Encoder and the Context-aware Encoder with Temporal
Feature Fusion (TFF). The Tab. 2 summeraizes the model
architecture details.

Motion Decomposition Encoder and Decoder: The
Motion Decomposition Encoder and the skeleton sequence
Decoder, are built as the same autoencoder in [1, 16].
They are designed by multiple 1D temporal convolutions
to process the skeleton sequences. To decode the skele-



Dataset Task Type Used For Training Stage Evaluation Metric

Mixamo [9] Generation (motion decomposition, cross-view transfer) Primitive learning Pre-train (Stage 1) transfer quality

Posetics [15] Action classification Representation evaluation; transfer from Mixamo Stage 2 (first transfer) Top-1/ Top-5 accuracy

TST [6] Action classification Fine-grained recognition; transfer from Posetics Stage 2 (first transfer) Mean Per-class Accuracy (CS/CV1/CV2)
TSU [5] Multi-label frame-wise action detection Action Detection; transfer from TST Stage 3 (second transfer) Per-frame mAP (CS / CV)
Charades [13] Multi-label frame-wise action detection Action Detection; transfer from TST Stage 3 (second transfer) Per-frame mAP

NTU-RGB+D 120 [11] Action classification General classification benchmark; transfer from Posetics Stage 2 (first transfer) Accuracy (CS / CSet)

Table 1. Summary of datasets, tasks, and training stages used in PRISM. PRISM is trained in a stage-wise manner: (1) primitive
learning from motion generation on synthetic 3D data; (2) transfer to classification; (3) further transfer to frame-wise detection. No joint
or multi-task training is used.

Module Input Output

A € RT*K 1.2M  Stage 1-3 TCN/MLP stack producing primitive coefficients
K learnable bases  0.05M Stage 1-3 Shared motion atoms for decomposition and reconstruction

Params Used In Description

Primitive Decomposition Encoder X € RT*/*P
Primitive Basis {px }1—, _

Primitive Decoder Deconder A X 0.6M  Stage 1 Used only for Mixamo generation training
Context Encoder g4 X temporal features ~ 3.4M  Stage 2-3 Lightweight TCN capturing local context
Temporal Feature Fusion (TFF) Cy  [A, g4(X)] H 0.09M Stage 2-3 Fuses primitive and contextual cues
Classification Head Pool(H) action label y - Stage 2 Global pooling + MLP

Detection Head H frame-wise labels Y - Stage 3 Temporal MLP/TCN for multi-label detection

Table 2. Summary of PRISM architecture components used across stages. The model is trained in a stage-wise manner. Only the
primitive space and decomposition encoder are shared across tasks.

Decoder

Input | X € RT¥?V | Z e RT*K
1 | Conv(8,64) | Upsample(2)+ Conv(7,160)
2 | Conv(8,96) | Upsample(2)+ Conv(7,64)
3| Conv(8,160) | Upsample(2) + Conv(7,2V)

Output ‘ A e RT' %K ‘ X e RT*2V

Stage |  Encoder |

Table 3. Network details of the Decomposition Encoder.

ton sequence, the Decoder includes upsampling processes
along the temporal dimension to reconstruct the skeleton
sequences (see Tab. 3). Without specifically stated, we use
K = 160 as the output feature size i.e., the number of
primitives. For real-world setting, our objective is to ex-
tract view-invariant motion primitives from 2D skeletons
that lack depth information, which is a key challenge in our
target scenarios. During pre-training, 3D Mixamo motions
are rotated and projected to generate multiple 2D observa-
tions. The decomposition encoder operates entirely on 2D
skeleton sequences, while the underlying 3D data is used
only to synthesize multi-view supervision.

Context-aware Encoder and TFF: The context-aware
encoder processes the input sequence to obtain context fea-
ture maps M € RT*P Specifically, for real-world evalua-
tion on Posetics, TST, TSU, and Charades, we adopt SoTA
backbone UNIK [15] as the context encoder with the same
hyper-parameter settings [15]. To demonstrate the applica-
tion of our framework in NTU-RGB+D 120 using 3D data
in Tab. 6 in the main paper, we use current 3D SoTA Trans-
former backbone [7] as the context-aware encoder. To fuse
motion primitives A and contextual features M, we employ

Temporal Feature Fusion (TFF), which is temporal model-
ing for the combined A and M. We adopt Dilated TCNs [4]
as the architecture of TFF.

A.3. Training Details

In this section, we outline the training hyper-parameters and
optimization settings.

Generation Block: We train the Decomposition Encoder
and Decoder using reconstruction loss, physical constraints,
sparsity, and static-motion disentanglement objectives for
300 epochs using Adam optimizer with learning rate le-
3 on the Mixamo dataset. The detailed physical-inspired
constraint can be summarized as follows.

Lipone enforces temporal consistency of bone lengths:

Lyone = Z Z |pr - pEH - gij

t(i.9)

; ey

wihere i, j denote linked joints, while £;,;,: penalizes vio-
lations of joint angle limits:

Lioint = Y _ Y _max(0,0! — 0;"*), )

t 7

and L, regularizes temporal smoothness to suppress non-
physical acceleration:

Lace =Y [IP" —2p" +p' 3. 3)
t

The Arecs Aorth> Asparses ad Aphys are set to 1.0, 0.1, 0.01, and
0.1 respectively unless stated otherwise.

Action Classification: For action classification, we use
an initial learning rate of 0.1 for 65, 50 epochs with step



LR decay with a factor of 0.1 at epochs {45, 55}, {30, 40}
for Posetics and TST respectively. Weight decay is set to
1 x 10~* for training the Context-aware Encoder and TFF.
2D skeleton inputs are pre-processed with normalization
and centering following [12]. For training with 3D data,
we follow the same setting as [7]. We perform joint-bone
two-stream fusion for all action classification evaluations.
following [7].

Action Detection: For action detection tasks, we use an
initial learning rate of 0.01 for 50 epochs with step LR de-
cay with a factor of 0.1 at epochs {30, 40} for all the TSU
and Charades datasets. Weight decay is set to 1 x 1074
for final models. We adopt a temporal sliding window with
sizes 64 frames along the untrimmed sequences for training
the Context-aware Encoder and TFF. For such multi-label
detection, we use BCE (binary cross entropy) loss, which
computes classification loss separately for all classes in the
same frame.

A.4. Computational Resources

All experiments are conducted on a single NVIDIA V100
GPU. The Motion Decomposition stage on the Mixamo
dataset takes approximately 10 hours to train with a batch
size of 64. Downstream perception tasks (classification and
detection) require around 30—40 hours depending on dataset
scale.

A forward pass through the Decomposition Encoder and
the perception heads together requires 0.28 GFLOPs for
a typical input sequence (20-30 frames), which is signifi-
cantly lower than common vision backbones [2, 8]. During
inference, PRISM processes over 1.5 skeleton frames per
millisecond on a single V100 GPU, enabling efficient de-
ployment for real-time or streaming scenarios.

Training is performed in a stage-wise manner: (1) primi-
tive learning via motion generation on Mixamo, (2) transfer
to classification tasks (Posetics, TST, NTU-120), and (3) a
second transfer to frame-wise detection (TSU, Charades).
No joint multi-task training is used.

B. Additional Results and Discussions

This section presents further evaluations of PRISM on addi-
tional datasets, ablation results on design choices, and qual-
itative results for action generation and perception.

B.1. Primitive Size and Sparsity

We investigate the influence of the primitive size and co-
efficient sparsity on downstream perception tasks. Specif-
ically, we vary the number of primitives on the motion-
related (K,,) and static (K) components. As shown in
Table 5, setting of 160 primitives with K,, = 128 and
K, = 32 achieves the best performance on TST under the

Training Strategy TST CV2 (%) TSU CV (%)
End-to-End 69.6 25.8
Stage-wise (Ours) 72.5 28.1

Table 4. Comparison of training strategies under cross-view proto-
cols. Stage-wise training leads to better structured representation
and generalization.

Category Configuration TST CV2 (%) TSU CV (%)
K,n=96, K,=64 70.2 26.5
Primitive Size  Km=100: /=0 68.1 24.3
VeSIZE g 128, K.=32 725 28.1
K,,=144, K,=16 71.3 274
Asparse = 0.0 69.8 26.1
. . Agparse = 0.001 71.3 27.8
Sparsity Weight , = 0.01 72.5 28.1
Asparse = 0.1 70.8 27.3

Table 5. Ablation study on primitive coefficient size allocation and
sparsity control. Optimal performance is achieved by a balanced
primitive design and moderate sparsity.

cross-view protocol, suggesting that this configuration of-
fers a good trade-off between dynamic representation ca-
pacity and static disentanglement. Reducing K, leads to
insufficient motion expressiveness, while increasing it in-
troduces redundancy.

We also evaluate in Tab. 5 the impact of enforcing coef-
ficient sparsity. Using ¢; regularization on A slightly im-
proves performance by promoting disentanglement and in-
terpretability, but overly strong sparsity harms accuracy due
to loss of expressiveness. These results validate that a mod-
erately sparse, structured coefficient space contributes to
better generalization in real-world action recognition tasks.

B.2. Training Strategy Analysis

We investigate the effect of our stage-wise training strat-
egy by comparing it against an end-to-end approach where
three modules (i.e., generation, classification and detection)
are optimized jointly from scratch. In our default strat-
egy, we first train the Motion Decomposition Encoder and
Decoder using only reconstruction, sparsity, and physics
losses. Once the primitive space is well formed, we freeze
or partially fine-tune the encoder during different down-
stream perception tasks. This decoupled training ensures
stable primitive learning and avoids interference from noisy
task-specific gradients.

By contrast, the end-to-end strategy jointly optimizes the
encoders, decoder, and perception heads from the begin-
ning. While this setting reduces training stages, we ob-
serve unstable convergence and lower interpretability in the
learned primitives, resulting in degraded performance on
both classification and detection tasks. As shown in Tab. 4,
the stage-wise strategy consistently achieves better accu-



Model Backbone only 4+ PRISM (Ours)
HD-GNC [10] 47.1 52.2
BlockGCN [17] 47.6 52.1
Hyper-GCN [18] 48.3 52.6
HD-GCN [10] 85.7 87.6
BlockGCN [17] 86.9 88.0
Hyper-GCN [18] 86.9 88.3
HD-GCN [10] - 34.1
BlockGCN [17] - 34.4
Hyper-GCN [18] - 37.3

Table 6. Results on Posetics Top1 (top), NTU120 CS (mid), TSU
CS (bot) with different backbone Context Encoders.
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Figure 1. Qualitative Results of PRISM. Given two input skele-
ton sequences extracted from real-world custom source and driv-
ing videos (left), PRISM can generate and recognize the action
(right) for the source sequence.

racy. This confirms the importance of first constructing a
clean and semantically meaningful motion basis before us-
ing it for downstream understanding.

B.3. Application with More Context Backbones

To further clarify the role of PRISM, and reliance on spe-
cific encoders, we evaluate PRISM with multiple context
backbones. PRISM is designed as a motion representation
module rather than a backbone architecture. It can be inte-
grated with different skeleton encoders by augmenting their
contextual features with motion primitives learned from the
decomposition model. Tab. 6 shows that PRISM consis-
tently improves several recent backbones across datasets,
indicating that the gains are not tied to a specific encoder
design. The improvements remain consistent even when
strong context encoders are used. This suggests that PRISM
does not simply increase encoder capacity, but provides
complementary motion structure that improves representa-
tion robustness.

B.4. More Qualitative Results

We include additional visualizations for reconstructed se-
quences, action classification, and cross-view motion com-
position outputs using real-world video in TST (see Fig. 1).
Moreover, we show both action generation and perception

results with real-world videos (see the video attached in the
supplementary material). These support the robustness of
PRISM in diverse tasks.

B.5. Remarks on 2D Kinematic Constraints

The kinematic (physics-inspired) constraints in our decom-
position model are applied on projected 2D skeleton se-
quences. Since perspective projection may introduce mild
geometric distortions (e.g., foreshortening), quantities such
as bone length are not strictly preserved across views. In
practice, these terms mainly act as regularizers that encour-
age temporally stable and consistent motion patterns in the
projected domain. Empirically, we observe that this for-
mulation is sufficient for learning robust motion primitives
under multi-view projections. Exploring depth-aware con-
straints or 3D-consistent formulations could be an interest-
ing direction for future work.
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