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Appendix
In this supplementary material, we provide further details
to enrich the experimental analysis presented in the main
paper. Section A elaborates on the implementation of
our framework. Section B provides additional quantitative
comparisons, extended analyses, and qualitative results to
demonstrate the effectiveness of MoVie in action detection
tasks. The code of this work and experiments will be made
publicly available.

A. Implementation Details
This section provides additional implementation details of
the key modules used in MoVie, including the visual en-
coder, the Structured Motion Projection (SMP) module,
the Motion-guided Feature Regularization (MGFR) mod-
ule, and the temporal processing pipeline. More results,
computation cost, and analysis are provided in the supple-
mentary material.

A.1. Visual Feature Extractor
We adopt two visual backbones depending on the experi-
ment protocol: (i) pre-trained I3D [1] for comparison with
prior state-of-the-art, and (ii) ViCLIP [7], a video founda-
tion model based on a ViT-style spatio-temporal encoder
with CLIP text supervision. We keep the visual encoders
frozen unless otherwise specified, and extract per-frame vi-
sual embeddings Fv ∈ RCv×T .

A.2. Structured Motion Projection
The architecture summary of SMP and MGFR modules for
learning Motion-Video representation is shown in Tab. 1.
Specifically, given a skeleton sequence, we extract mo-
tion features using a spatio-temporal network following
UNIK [9]. This produces per-frame, per-person features
Fm (abbreviated as F):

F = {f (p)t | t = 1...T, p = 1...M}, f
(p)
t ∈ RCm .

SMP projects these features onto a learnable dictionary
of motion primitives

Dm ∈ RK×Cm ,

where K = 128. The primitive activation map is computed
as:

αt,p = Dm f
(p)
t .

To reduce noise from pose estimation, we pass the raw
activations through a lightweight MLP:

α̃ = σ(α),

and then apply multi-person pooling to obtain a unified per-
frame structured descriptor:

α̂ = Gp(α̃) ∈ RK×T ,

where Gp is max/mean pooling after a linear projection.

A.3. Motion-guided Feature Regularization
MGFR aligns visual features to structured motion features
by projecting Fv onto the orthogonal basis Q ∈ RK×Cv :

Fmv = Fv +Q⊤α̂.

Orthogonality is enforced to ensure non-redundant and
physically meaningful motion directions. MGFR ensures
that motion primitives modulate visual features without col-
lapsing semantic variance.

A.4. Temporal Modeling
We follow MS-TCT [2] for temporal processing. At each
iteration, the temporal encoder takes the concatenated fea-
tures: cat[Fmv,Fh], as input, where Fh is the cached his-
tory feature from the previous window. A sliding window
of length 300/60/60/100 is used for TSU, Charades, Multi-
THUMOS, and PKU-MMD. The output is fed into a classi-
fication head for frame-wise predictions.
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Stage Operation / Output Shape
Input Skeleton Sequence:Cin × T ×M × J

Motion Extraction Spatial MHA + Temporal TCN layers
Output: F ∈ RCm×T×M

SMP (Primitive Projection) α = QF, K = 128
MLP Refinement α̃ = σ(α)

Multi-person Pooling α̂ ∈ RK×T

MGFR Fmv = Fv +Q⊤α̂
History-aware Temporal Model Fmvh = TM(cat[Fmv,Fh])

Classifier FC + Sigmoid
Output Frame-level action labels

Table 1. Main components used in MoVie.

Feature Extractor TSU CS (%)
MoVie w/ CLIP [6] 48.6
MoVie w/ X-CLIP [5] 49.6
MoVie w/ ViCLIP [7] 50.1

Table 2. Performance (mAP) on TSU-CS in analyzing the visual
feature extractor (i.e., visual encoder) of MoVie.

B. Additional Results and Analysis
This section presents further quantitative and qualitative
MoVie evaluations to analyze the settings targeting action
detection tasks.

B.1. Adaptation with Different Visual Extractors
A key advantage of MoVie is its ability to work as a plug-
and-play motion adapter that can be attached to different vi-
sual backbones. To verify this property, we evaluate MoVie
with several popular visual encoders, including CLIP [6],
X-CLIP [5], and ViCLIP [7]. As shown in Tab. 2, MoVie
consistently improves performance across all extractors.

Among them, ViCLIP provides the highest accuracy due
to its large-scale video-language pretraining. X-CLIP and
CLIP also yield competitive results, which confirms that
MoVie does not rely on a specific visual backbone. The
improvements indicate that structured motion offers com-
plementary cues that remain effective even when the visual
encoder varies in capacity or training data. This flexibil-
ity suggests that MoVie can adapt to future stronger vision
models without requiring architectural changes.

B.2. Analysis on Temporal Modeling
We first evaluate how different ways of adding history infor-
mation influence temporal modeling. As shown in Tab. 3,
simple feature concatenation provides the best accuracy.
Attention-based fusion gives a small gain, but concatena-
tion remains more stable in online inference. We also com-
pare pure TCNs with the ConvTransformer structure. The
combined model performs slightly better, which is consis-

Figure 1. Qualitative results for action detection. In contrast
to current action detection approaches using a single modality,
MoVie takes a broad view that features two modalities (video and
motion). MoVie achieves SoTA performance.

tent with earlier findings that TCNs capture short-term mo-
tion while Transformers model longer-range dependencies.
These improvements are modest but confirm that our tem-
poral module works reliably with different history and ar-
chitecture choices.

B.3. Temporal Window Size
We study the effect of different sliding-window sizes used
during training and online inference. Results in Tab. 4 show
that the best window size depends on dataset characteristics.
Charades benefits from a shorter window due to dense ac-
tivity changes, while TSU performs best with a larger win-
dow because of its long untrimmed sequences. This anal-
ysis helps guide practical parameter selection but does not
affect the core design of our method.

B.4. Comparison of 2D and 3D Skeletons
We compare the performance of MoVie using 2D and 3D
skeleton inputs on TSU. Although 3D skeletons contain
richer structural information, they may be less reliable in
real-world scenes because current 3D pose estimators often
fail under occlusion and extreme viewpoints [8]. In con-
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History Features TSU CS (%)
w/o history 48.1
w/ attention 49.3
w/ concatenation 50.1
TCNs 49.4
ConvTransformer 50.1

Table 3. mAP on TSU-CS and Charades in analyzing Temporal
Modeling.

Window Size TSU CS (%) Charades (%)
Ws=30 47.7 31.4
Ws=60 49.4 33.5
Ws=100 50.0 30.8
Ws=300 50.1 24.3
Ws=500 46.0 16.2

Table 4. Performance (mAP) on TSU CS and Charades in analyz-
ing observed temporal sliding window size.

Motion Data TSU CS (%) TSU CV (%)
3D Skeletons 46.3 29.5
2D Skeletons 50.1 30.1

Table 5. Performance (mAP) on TSU CS and CV in analyzing the
2D/3D skeleton data.

trast, 2D skeleton estimation is generally more stable [4].
As shown in Tab. 5, 2D skeletons achieve better perfor-

mance in the cross-subject setting and perform on par with
3D skeletons in the cross-view setting. This suggests that
reliable motion cues matter more than dimensionality. The
results confirm that MoVie adapts well to different types of
skeleton data. We believe that high-quality 3D poses (e.g.,
from MoCap systems) could further boost performance but
are not required for the effectiveness of our approach.

B.5. Application with Noisy Skeletons
MoVie is designed to remain effective even when the skele-
ton modality is imperfect. The datasets used in our evalua-
tion contain real-world challenges such as occlusion, view-
point changes, and lighting variation, yet the estimated
skeletons still provide useful motion cues. To quantify ro-
bustness, we inject Gaussian noise into joint coordinates
and report the results in Tab. 7. The performance decreases
by less than 2% even with relatively large perturbations,
suggesting that the structured motion representation and
MGFR alignment are stable under noisy inputs. This also
shows the benefit of multi-person pooling, which reduces
the impact of occasional pose estimation failures.

B.6. Motion Representation and Design Choices
To show that the structured motion representation plays a
critical role, we further provide the results using SMP alone

Motion Representation and Design Choices
Setting TSU CS (%) Charades (%)
SMP-only 32.6 19.1
MoVie (full) 50.1 33.5
Random Init. 46.2 30.0
PCA 46.4 31.1
Pretrained (Ours) 50.1 33.5
K=16 39.7 28.1
K=160 49.9 33.3
K=128 50.1 33.5

Table 6. Additional ablation results on TSU CS and Charades.

Noise Level (std) TSU-CS (%) Charades (%)
No noise 50.1 33.5
σ = 2 49.1 32.4
σ = 4 48.6 31.7

Table 7. Analysis on MoVie when applied with noisy skeletons on
TSU-CS and Charades.

(see Tab. 6). It confirms that motion primitives are most
effective when combined with visual features. We also
compare different dictionary initializations and observe that
the pretrained motion dictionary consistently outperforms
random or PCA initialization, indicating that meaningful
motion primitives are essential for accurate motion–visual
alignment. We further evaluate different dictionary sizes
and find that performance remains stable when the number
of primitives is sufficiently large, while too small dictionar-
ies limit motion expressiveness.

B.7. Computational Expense
We report the training cost and FLOPs of MoVie in Tab. 8.
All models are trained on 4 × V100 GPUs with a window
size of 300 frames on TSU. The results show that MoVie in-
troduces moderate computational overhead compared with
single-modal RGB or motion models, but remains sig-
nificantly more efficient than previous multi-modal ap-
proaches.

MoVie achieves this balance because the Structured
Motion Projection and MGFR modules operate on low-
dimensional motion descriptors rather than dense feature
maps. As a result, the added computation remains small rel-
ative to the visual backbone. The comparison confirms that
MoVie is a practical plug-in module that improves detection
accuracy while keeping computational cost manageable.

B.8. Qualitative Results
To further illustrate the effectiveness of MoVie compared
to single modality methods [2, 10], we include examples
of their action detection performance on real-world TSU
videos (see Fig. 1 and the attached video). These exam-
ples showcase the proposed MoVie, which can accurately
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Methods Modality Training Time FLOPs
(hrs) (G per window)

MS-TCT [2] RGB 19.5 6.6
SD-TCN [3] Motion 17.0 -
LAC [10] Motion 21.5 -
MMFF [11] Motion+RGB 48.0 10.7
MoVie (Ours) Motion+RGB 33.0 9.5

Table 8. Training cost and FLOPs comparison on TSU-CS. FLOPs
are computed per sliding window of 300 frames.

detect complex actions in untrimmed videos, even in chal-
lenging scenarios involving multiple persons and compo-
sitional (overlapping) activities. MoVie is more robust to
distractor objects (e.g., book and TV) and at the same time
motion-aware to human motion. The results demonstrate
the potential of MoVie for real-world applications such as
healthcare activity monitoring and human-computer inter-
action.
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