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SPARK: sparse-perception action 
recognition with keyframes for 
quadruped robots
Sehun Park & Andrew Jaeyong Choi

This study introduces a lightweight Human Action Recognition (HAR) model designed for 
computational efficiency and real-world applications. Faced with the challenge of processing large 
scale video data, the proposed approach strategically selects only the most informative keyframes, 
thereby, significantly reducing data redundancy. The model leverages a high-performing pre-trained 
DaViT backbone for feature extraction, combined with a Temporal Transformer that effectively 
captures both spatial details and temporal dynamics from sparse keyframes. The proposed method 
reduces the high computational cost associated with traditional architectures such as 3D CNNs, LSTMs 
that process every single frame. To validate its practical utility, the proposed model was deployed on 
a quadruped robot, establishing an efficient inference pipeline in which the robot captures video and 
performs on-device action recognition. The proposed method demonstrates a significant step towards 
applying complex HAR tasks in resource-constrained, robotic environments.
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The explosive growth of video data across countless domains has underscored the critical importance of 
Human Action Recognition (HAR). From intelligent surveillance systems1 and advanced human-computer 
interaction2 to content-based retrieval, the ability to automatically understand and classify human actions is 
a core technology. However, the inherent temporal dimension of video introduces a significant computational 
challenge3. Conventional deep learning models, such as 3D Convolutional Neural Networks (3D CNNs)4 
or Long Short-Term Memory (LSTM)5 networks, often process every single frame of a video clip to capture 
spatiotemporal information. While highly effective, this exhaustive approach is resource-intensive, demanding 
substantial computational power and memory, which ultimately renders it impractical for many real-time 
applications on constrained devices like mobile robots.6

To address these limitations, this paper proposes a novel, lightweight HAR7 framework that balances 
recognition accuracy with computational efficiency. The overall architecture of our system, illustrating the 
distinct offline training and online inference pipelines, is shown in Fig. 1. Our research deviates from the frame-
by-frame analysis paradigm. Instead, we introduce a keyframe selection mechanism that distills a video into a 
small, information-rich set, as conceptualized in Fig. 2. This strategy drastically reduces the amount of data to be 
processed without losing the essential context of the action.

The core of our model architecture synergizes two high-performing components: a pre-trained Vision 
Transformer (DaViT8) backbone and a Temporal Transformer. By using the DaViT model as a feature extractor, 
we harness its robust, pre-trained knowledge to derive detailed spatial features from each keyframe. These 
features are then fed into a Temporal Transformer, which is specifically designed to model the long-range 
dependencies and temporal relationships between the sparsely selected keyframes. This combination allows for 
a comprehensive understanding of an action’s ’what’ and ’when’ using minimal data.

Finally, to demonstrate the true potential and practicality of our lightweight model, we have deployed it in a 
real-world scenario on a quadruped robot. We developed a complete inference pipeline where the robot’s onboard 
camera captures live video and our model performs efficient action recognition. This successful implementation 
validates our model not only as an accurate and efficient architecture but also as a viable solution for embodied 
AI, establishing a foundation for increasingly advanced and autonomous robotic applications.

Robots that truly ’see’ human gestures need vision models that run at the edge. Conventional 3D CNNs 
demand over 100 GFLOPs per video—draining batteries in minutes. We tackle this by reducing each 
approximately 10-second action (roughly 250 frames) to just eight essential keyframes, an approximately 97% 
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Fig. 2.  Keyframe selection concept. The visual example shown is from the public Kinetics-400 dataset. 
Keyframes (left and right) are defined as frames containing the most semantically significant information 
within an action sequence, representing pivotal moments such as a change in posture, the peak of a movement, 
or a state transition. In contrast, the intermediate frames (center) often have high temporal redundancy. Our 
model selectively processes only these keyframes to ensure computational efficiency. The dataset is available at 
the following link https:​​​//huggingfa​ce​.co/data​sets/sehu​npar​k/​k400_keyframe.

 

Fig. 1.  System architecture showing the distinct offline training and online inference pipelines. The training 
pipeline (top) consists of a preprocessing stage for keyframe extraction and a training stage where features 
are extracted and fed into a Temporal Transformer to build the HAR model. The inference pipeline (bottom) 
is deployed on the robot, where it captures real-time frames, performs on-device action classification, and 
generates a behavior command.

 

https://huggingface.co/datasets/sehunpark/k400_keyframe
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reduction in data throughput. Our model then extracts spatial cues with a frozen DaViT and models time with 
a lightweight Temporal Transformer. The result: 68.5% Top-1 on Kinetics-4009 and an effective processed-frame 
throughput of 124.6 frames/s on an NVIDIA Orin NX Developer Kit (FP16, warm-start; 8 frames per inference 
step), enabling our Go2 Edu quadruped to react instantly to claps or finger-snaps.

Related work
The evolution of video-based action recognition
Early paradigms in Human Action Recognition (HAR) centered on the design of hand-crafted features. While 
foundational, these methods often exhibited limited generalization capabilities when faced with the variability 
of real-world video data. The emergence of deep learning marked a paradigm shift, leading to two-stream 
architectures that processed spatial information with 2D CNNs and temporal context with Recurrent Neural 
Networks (RNNs)10 or LSTMs. However, the disjointed nature of this approach often failed to capture complex 
spatiotemporal dependencies effectively. To address this, 3D CNNs, such as C3D and I3D11, were introduced 
to learn spatiotemporal features jointly from video volumes. Despite achieving significant performance 
gains, these models are characterized by their immense computational and memory requirements, posing a 
substantial barrier to practical deployment. More recent advancements have seen the rise of video transformer 
architectures, like TimeSformer12, which excel at modeling long-range dependencies. Nevertheless, the immense 
computational and memory requirements of both 3D CNNs and large-scale Transformers pose a substantial 
barrier to their deployment on resource-constrained platforms like mobile robots.

Approaches for efficient action recognition
To temper the high computational cost of deep learning-based HAR models, research focusing on “efficiency” 
has been actively pursued. The most representative strategy is the keyframe-based approach. This method 
dramatically reduces the computational load by processing only a few keyframes that capture the most important 
moments of an action, instead of every single frame.

Lightweight keyframe extraction often relies on appearance-based heuristics (e.g., blur, brightness, entropy, 
and contrast) to discard low-quality or redundant frames. While computationally attractive, such heuristics 
do not guarantee preservation of action-discriminative temporal cues, motivating empirical validation of the 
keyframe budget and stronger temporal aggregation for robust recognition.

Keyframe selection and representation granularity
Selecting a small set of representative frames can be viewed as compressing a video into a compact summary 
while retaining task-relevant information. Related directions in video understanding (e.g., video captioning) 
have explored how representation granularity and global–local cues affect the ability to capture salient temporal 
content. For example, GL-RG investigates global–local representation granularity for video captioning, and 
Prompt Learns Prompt explores knowledge-aware prompt collaboration to extract informative content from 
videos13,14. Although these works target captioning rather than action recognition, they highlight a shared 
challenge: balancing compact representations with sufficient temporal semantics, which motivates careful 
design and validation of keyframe-based pipelines in our setting.

For instance, some methods based on channel averaging can lead to spatial information loss, while the use 
of RNNs for temporal processing risks information degradation. Crucially, these limitations make it difficult to 
build a system that is both robustly accurate and responsive enough for real-time interaction on a mobile robot, 
which requires a more intelligent selection of frames and a more powerful temporal model. This study aims to 
overcome this specific challenge.

Combining transfer learning and robotics vision
The success of modern computer vision relies heavily on the transfer learning paradigm, which utilizes models 
pre-trained on large-scale datasets for specific downstream tasks. Vision Transformer (ViT)15 and its variants 
have proven the high-performing generalization capabilities of such architectures. By using a pre-trained DaViT 
with its weights frozen purely as a feature extractor, our research efficiently obtains high-quality features without 
the cost of training a massive model from scratch. Furthermore, this research distinguishes itself by deploying 
the model on an actual robot, moving beyond theoretical performance evaluation. While most HAR research 
stops at measuring accuracy on standard datasets, this work builds a real-time inference pipeline by integrating 
the lightweight model onto a quadruped robot. This is a significant attempt to solve the practical challenges in 
the fields of Embodied AI or Robotics Vision. In summary, this work aims to bridge the gap between academic 
accuracy and real-world applicability by combining an efficient yet powerful pre-trained model, a holistic 
keyframe selection strategy, and a Temporal Transformer for temporal context.

Efficient and robust perception for mobile robots
Recent robotics and intelligent transportation literature highlights that real-world deployment requires not only 
accuracy but also robustness and efficiency under sensor and environmental constraints. For example, feature-
level knowledge distillation has been explored to transfer representational capacity to compact models for place 
recognition16. Multi-modal perception and attention mechanisms have also been studied for navigation in 
intelligent vehicles, emphasizing robust decision-making from heterogeneous sensor inputs17. Comprehensive 
surveys further discuss open challenges in multi-modal place recognition, including domain shift, robustness, 
and compute constraints18. Robust visual place recognition under adverse illumination has been addressed via 
end-to-end enhancement networks19. Although these studies center on navigation and place recognition, they 
motivate a shared requirement in embodied systems: deployment-friendly perception under strict on-device 
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resource constraints. Our work is aligned with this objective by compressing video input into sparse keyframes 
and enabling low-latency inference on a quadruped platform.

Methodology
This study proposes a pipeline for human action recognition (HAR) that balances efficiency and performance. 
As illustrated in Fig. 3, the proposed methodology is composed of three sequential stages: (1) information-
driven keyframe extraction to reduce computational load, (2) feature representation using a pre-trained and 
frozen vision backbone, and (3) temporal modeling and classification using a Temporal Transformer.

Keyframe extraction
Processing every frame in a video is inefficient, as many frames are redundant or irrelevant to the action itself. To 
address this, we select only the most information-rich keyframes using a multi-stage filtering process based on 
the Katna library20(LUV Color Space Filtering, Brightness Score Filtering, Entropy and Contrast Filtering, and 
Image Blur Detection). This drastic reduction in data is an essential step for enabling real-time processing on the 
robot’s limited computing resources. To this end, we set the keyframe budget to K=8 as a practical compromise: 
it substantially reduces the frame budget while retaining sufficient information for accurate action classification. 
While many video recognition baselines sample 16–32 frames, our goal is single-view, keyframe-based inference 
under resource-limited deployment; accordingly we fix the budget to K=8.

Implementation note
Equations  (1)–(5) summarize representative formulations of the heuristics used within Katna. In our 
implementation, these criteria are applied internally by Katna to generate and score candidate frames; we then 
enforce a fixed cardinality by selecting the top-K frames by Katna’s score and reordering the selected keyframes 
chronologically (by frame index) before feeding them to the model. All Katna configuration parameters used in 
this work are reported in Table 1 for reproducibility. 

1.	 LUV Color Space Filtering To measure visual changes more closely aligned with human perception, each 
frame is converted to the LUV color space. Frames where the absolute difference from the previous frame 
exceeds a set threshold are selected as candidates, reducing temporal redundancy. The difference is calculated 
as: 

	
D(t) = 1

H × W

H∑
i=1

W∑
j=1

|LUVt(i, j) − LUVt−1(i, j)|� (1)

2.	 Brightness Score Filtering To ensure the quality of candidate frames, a brightness score is calculated for each 
frame. Frames that are too dark or overly bright, falling outside a predefined range [Bmin, Bmax] are discard-
ed to prevent distorted or uninformative features. 

Fig. 3.  The overall architecture of our efficient HAR pipeline. (1) First, a multi-stage filtering module selects a 
sparse set of 8 keyframes from the input video to reduce redundancy. (2) These frames are then passed through 
a frozen, pre-trained DaViT backbone and a linear projection layer to extract powerful 768-dimensional 
feature vectors. (3) The resulting sequence of feature vectors is fed into a Temporal Transformer to model 
spatiotemporal dependencies. (4) Finally, the sequence is summarized and classified into one of 400 action 
classes.
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B(t) = 1

H × W

H∑
i=1

W∑
j=1

LUVt(i, j)L� (2)

3.	 Entropy and Contrast Filtering To quantify the level of detail within a frame, we measure its entropy and 
contrast. Frames with low entropy or weak contrast, indicating a lack of detailed information, are effectively 
removed. 

	
E(t) = 1

H × W

H∑
i=1

W∑
j=1

EL(i, j)� (3)

	

C(t) =

√√√√ 1
H × W

H∑
i=1

W∑
j=1

(LUVt(i, j)L − B(t))2� (4)

4.	 Image Blur Detection Finally, to ensure keyframe quality, we evaluate the sharpness of each frame using Lap-
lacian variance. Blurry frames with a variance below a certain threshold are removed from the final keyframe 
set, ensuring that only visually clear and informative frames are chosen. 

	
Var(∆Lt) = 1

H × W

H∑
i=1

W∑
j=1

(
∆Lt(i, j) − ∆Lt

)2
� (5)

This process reduces the frame budget from dense clips (typically hundreds of frames) to eight keyframes, 
substantially lowering input redundancy and I/O overhead. This massive data reduction is the primary enabler 
of the model’s efficient training and inference, despite its large parameter capacity.

Algorithm 1.  Offline keyframe extraction (Katna + Top-K enforcement)

Component / Parameter Value

Candidate proposal (Katna FrameExtractor)

USE_LOCAL_MAXIMA True

len_window 20

window_type hanning

max_frames_in_chunk 500

Appearance-based selection (Katna ImageSelector)

min_brightness_value 5.0

max_brightness_value 95.0

brightness_step 1.5

min_entropy_value 0.5

max_entropy_value 10.0

entropy_step 0.25

Output enforcement

Final keyframe count K 8 (Top-K by Katna score)

Chronological reordering Yes (by frame index)

Table 1.  Katna configuration used for offline keyframe extraction. We use permissive thresholds to obtain a 
sufficiently large candidate pool, and then select exactly K=8 keyframes by ranking candidates with Katna’s 
score.
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Algorithm 1 summarizes the exact offline keyframe extraction procedure used in this work.

Frame-wise feature representation
To convert the selected keyframes into rich and semantically meaningful feature vectors, our methodology 
centers on the strategic use of a pre-trained vision model. Our choice of backbone is DaViT (Dual Attention 
Vision Transformer), a powerful architecture that also serves as the foundation for Microsoft’s Florence-221 
model. This selection is deliberate, as DaViT’s hybrid design is uniquely suited for action recognition. It 
synergizes two distinct attention mechanisms: a CNN-like spatial window attention for capturing fine-grained 
local details, such as hand or object positions, and a Transformer-style channel group attention for modeling the 
global, long-range dependencies of the entire scene. This dual-attention approach allows DaViT to create a rich 
feature hierarchy that understands both the micro-level details of an action and its macro-level context, which is 
critical for distinguishing between similar actions.

A core component of our strategy is utilizing this DaViT backbone, pre-trained on ImageNet-1K22, in a 
frozen state where its weights are not updated during training. This decision is fundamental to achieving a 
lightweight and efficient model. Primarily, it drastically reduces the number of trainable parameters by over 
90%, which in turn shortens training time, lowers memory requirements, and mitigates the risk of overfitting. 
Furthermore, this approach preserves the powerful, generalized visual knowledge from the massive ImageNet-
1K dataset, providing a robust feature foundation without costly relearning. Consequently, the inference pipeline 
is significantly simplified and accelerated, satisfying a critical prerequisite for real-time operation on a mobile 
robot.

The resulting 768-dimensional feature vector, f ′
t , from the frozen DaViT is then passed through a lightweight, 

trainable linear projection layer. This final layer acts as a task-specific adapter, mapping the general-purpose 
features into a new space that is optimized for our final action classification task.

Sequence modeling and classification
The final stage of our model is to interpret the sequence of feature vectors F = (f1, f2, ..., fN ) to classify the 
action. We employ a Temporal Transformer architecture for this purpose. The sequence is passed through 
L=6 standard Transformer encoder layers to effectively model the temporal order, patterns, and long-range 
dependencies between the keyframes. The output from the Transformer, a sequence of context-aware feature 
vectors, is then summarized into a single vector using Temporal Average Pooling. This summary vector, which 
represents the entire action, is fed into a final fully connected layer with a Softmax function to produce the 
probability distribution over the action classes.

By using a lightweight yet powerful Temporal Transformer, the model can effectively learn temporal context 
even from a limited number of keyframes, making this approach highly suitable for our efficiency-focused 
robotic application.

Asymmetric inference pipeline
It is crucial to distinguish our online inference strategy from the offline training phase. During offline training, 
we employ the information-driven keyframe extraction (LUV, Entropy, etc.) to force the model to learn from 
the most semantically rich features. However, for the online robotic inference, applying these heavy filters is 
impractical due to variable processing times and sensitivity to robot ego-motion.

Therefore, we adopt a lightweight uniform sampling strategy during inference. The robot maintains a sliding 
window buffer, selecting frames at a fixed stride (e.g., every 4th frame) to construct an 8-frame input tensor. This 
ensures: 

1.	 Robustness to Ego-motion: By bypassing pixel-difference filters, the system remains stable even when the 
robot walks or turns.

2.	 Deterministic Latency: The processing pipeline guarantees a fixed execution time per inference step.
3.	 Consistency: A fixed number of 8 frames is always guaranteed, preventing tensor shape mismatch errors.

Experiment and results
To empirically validate our proposed model, we conducted a series of experiments, including a quantitative 
performance analysis and a real-world deployment demonstration.

Experimental setup
Dataset: The model was trained and evaluated on the Kinetics-400 dataset, a large-scale benchmark for action 
recognition comprising 400 human action classes. For each video clip, our keyframe extraction module was 
configured to select a sequence of 8 frames.

Implementation Details: The model was trained for a maximum of 50 epochs with a cosine annealing learning 
rate scheduler. We employed an early stopping strategy, monitoring the validation accuracy after each epoch and 
saving the checkpoint with the best performance. The best performing model was obtained at epoch 17, which 
was used for all subsequent evaluations.

Component ablation study
To address the constraints of robotic applications and justify our specific architectural choices, we conducted a 
component ablation study as summarized in Table 2. This experiment isolates the contributions of the sampling 
strategy, spatial backbone, and temporal aggregation module.
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Necessity of Informative Keyframes (1 vs. 2): Replacing random sampling with keyframe selection improves 
Top-1 accuracy from 42.31% to 56.20% (+13.89%p), confirming that under a strict 8-frame budget, selecting 
semantically informative frames is crucial.

Importance of Strong Spatial Backbone (3 vs. 2): Under identical sampling (keyframes) and aggregation (average 
pooling), DaViT outperforms ResNet-50 by +10.62%p (56.20% vs. 45.58%), indicating that discriminative 
frame-level representations dominate performance in sparse-frame regimes.

Synergy with Temporal Transformer (3 vs. 4, 2 vs. 5(ours)): Temporal Transformer improves ResNet-50 from 
45.58% to 51.59% (+6.01%p) and further boosts DaViT from 56.20% to 68.50% (+12.30%p). This suggests that 
temporal contextualization is beneficial, but its impact is substantially larger when built on high-quality spatial 
features.

Comparison of temporal modeling modules
Following the architectural validation, we further analyze temporal aggregation for sparse keyframes by 
comparing our Temporal Transformer with standard baselines, including Average Pooling (AvgPool), LSTM, 
and GRU. As summarized in Table 3, the Temporal Transformer achieves 68.5% Top-1 accuracy, improving 
over AvgPool (56.2%) and the recurrent baselines (LSTM: 57.54%, GRU: 60.39%). Top-5 accuracy also increases 
from 80.3% (AvgPool) to 87.5% (Transformer). These results suggest that when inputs are temporally sparse 
and potentially semantically discontinuous, recurrent models may be less effective at capturing long-range 
relationships, whereas global self-attention can more directly relate any pair of keyframes regardless of their 
temporal distance.

We additionally examine training dynamics in Fig. 4. The Temporal Transformer reaches its peak validation 
accuracy at epoch 17, earlier than AvgPool (epoch 31), LSTM (epoch 26), and GRU (epoch 40). Overall, these 
observations are consistent with the view that self-attention provides a useful inductive bias for sparse video 
representations, leading to both higher accuracy and earlier attainment of peak validation performance.

(a) Top-1 Accuracy (b) Top-5 Accuracy

Fig. 4.  Training curves for the baseline AvgPool model and the proposed SPARK model.

 

Temporal Module Params Top-1 Acc(%) Top-5 Acc(%)

Avg Pooling 95.7M 56.2 80.3

LSTM 97.5M 57.5 81.0

GRU 95.1M 60.4 83.3

Temporal Transformer (Ours) 102.2M 68.5 87.5

Table 3.  Comparison of temporal aggregation modules on Kinetics-400 with sparse keyframes. Significant 
values are in bold.

 

Config Sampling Strategy Backbone Temporal Aggregation Top-1 Acc (%) Improvement (vs. Config 1, %p)

1 Random 8 DaViT (Frozen) Avg Pooling 42.31 –

2 Keyframe DaViT (Frozen) Avg Pooling 56.20 + 13.89

3 Keyframe ResNet-50 (Frozen) Avg Pooling 45.58 + 3.27

4 Keyframe ResNet-50 (Frozen) Temporal Transformer 51.59 + 9.28

5(ours) Keyframe DaViT (Frozen) Temporal Transformer 68.50 + 26.19

Table 2.  Component ablation study on Kinetics-400. All backbones are pretrained on ImageNet and frozen 
during training.
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Efficiency trade-off and data sparsity analysis
To contextualize SPARK’s performance, we compare its accuracy and inference cost against 10 established 
baselines in Table 4. A key experimental difference is that all baselines are trained and validated on full Kinetics-400 
videos, whereas SPARK is trained and offline-validated using only eight sparsely extracted keyframes per video. 
This extreme reduction in temporal information likely contributes to the observed accuracy gap while enabling 
substantially lower test-time cost.

Under the reported multi-view evaluation protocols, competitive accuracy is typically obtained by aggregating 
predictions over many views, which increases the effective inference workload. For example, C2D and TPN each 
evaluate 30 views, resulting in 240 frame evaluations (8 frames/view × 30) and total costs of 990 GFLOPs (33.0×
30) and 1515 GFLOPs (50.5×30), respectively; TANet uses 24 views (192 frame evaluations; 1032 GFLOPs), 
and X3D-M, while efficient per view (6.2 GFLOPs), still relies on 30-view testing (480 frame evaluations; 186 
GFLOPs). Heavier clip-based models are markedly more demanding (see Table 4).

In contrast, SPARK operates strictly in a single-view setting during both offline validation and on-device 
inference, processing exactly 8 frames per inference step with a total cost of 122 GFLOPs (122.0×1). For 
real-world deployment, we employ lightweight uniform sampling with a temporal stride of 4 (e.g., indices 
0,4,8,12,16,20,24,28), which ensures deterministic latency while covering a temporal window sufficient for our 
gesture set. Overall, SPARK offers a practical accuracy–efficiency trade-off and defines a more realistic operating 
regime for on-device inference.

To provide a compact summary of accuracy per unit compute, Table  4 also reports Top-1 per kGFLOPs, 
defined as Top- 1(%) × 1000/Total GFLOPs. Figure 5 further visualizes the same accuracy–compute trade-
off by plotting Top-1 accuracy against total inference GFLOPs for all methods.

Real-world deployment on quadruped robotics
To validate SPARK’s practical utility, we deployed it on a Go2 Edu quadruped robot and implemented a complete 
on-device inference pipeline. The robot’s onboard camera streams video frames, and the model performs action 
recognition locally on the embedded platform. We quantify robustness to ego-motion by measuring gesture 
recognition success rates under static- and moving-camera conditions on the robot (Table 6). In practice, the 
moving-camera setting is intentionally challenging and is not explicitly targeted by standard Kinetics-400 
training; therefore, these results are best interpreted as an in-the-wild deployment stress test rather than a 
benchmark-equivalent evaluation.

To quantify on-device efficiency, we measure per-step latency on an NVIDIA Orin NX under FP32 and FP16 
inference. We emulate real-time operation by constructing an 8-frame input clip via uniform sampling with a 
temporal stride of 4.

Under a cold-start condition, the average latency is 175.34 ms (FP32) and 110.57 ms (FP16). After a brief 
warm-up (10 consecutive inferences on the same 8-frame clip), latency stabilizes at 139.07  ms (FP32) and 
64.18 ms (FP16), corresponding to 7.19 and 15.58 inference steps/s, respectively.

Model (Backbone) Params (M) Total GFLOPs (Per-view × Views) Top-1 (%) Training / Val Data Inference (Frames/View × Views = Total)

TSN (R101) 43.3 48950 (195.8 × 250) 75.9 Full K400 Videos 8 frames × 250 views = 2000 frames

R(2+1)D (R34) 63.8 6390 (213.0 × 30) 75.5 Full K400 Videos 32 frames × 30 views = 960 frames

TSM (R50) 23.9 2632 (32.9 × 80) 73.2 Full K400 Videos 8 frames × 80 views = 640 frames

SlowFast 8×8 (R50) 34.6 1983 (66.1 × 30) 76.8 Full K400 Videos 32 frames × 30 views = 960 frames

I3D (NL, R50) 35.4 1779 (59.3 × 30) 74.8 Full K400 Videos 32 frames × 30 views = 960 frames

TPN (R50) 91.5 1515 (50.5 × 30) 74.2 Full K400 Videos 8 frames × 30 views = 240 frames

TANet (R50) 25.6 1032 (43.0 × 24) 76.3 Full K400 Videos 8 frames × 24 views = 192 frames

C2D (R50) 24.3 990 (33.0 × 30) 73.4 Full K400 Videos 8 frames × 30 views = 240 frames

TimeSformer (ViT-B) 122.0 588 (196.0 × 3) 77.7 Full K400 Videos 8 frames × 3 views = 24 frames

X3D-M (X3D) 3.8 186 (6.2 × 30) 76.4 Full K400 Videos 16 frames × 30 views = 480 frames

SPARK (DaViT-B) 102.0 122 (122.0 × 1) 68.5 Sparse K400 (8 Keyframes) 8 frames × 1 view = 8 frames

Table 4.  Comprehensive Efficiency Comparison on Kinetics-400. We report Top-1/Top-5 accuracy on 
Kinetics-400 validation together with computational cost (GFLOPs × views) and the effective number of frame 
evaluations (frames per view × views). Standard baselines are trained/validated on dense full-video clips and 
typically use multi-view aggregation (spatial/temporal crops) at test time, which substantially increases total 
cost. In contrast, SPARK is trained and validated using only 8 sparse keyframes per video and is evaluated in a 
strictly single-view setting, requiring 8 input frames and 122 GFLOPs per inference step while achieving 68.5% 
Top-1 offline on Kinetics-400. This highlights SPARK’s favorable test-time compute cost under severe temporal 
sparsity. Significant values are in bold.
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Since each inference step processes 8 frames, the effective processed-frame throughput is 57.5 frames/s 
(FP32) and 124.6 frames/s (FP16).1 We also report the peak memory footprint (RSS/VmRSS) as 1.041 GB (FP32) 
and 1.133 GB (FP16).

In a gesture-based control scenario, the robot approaches a person upon recognizing a “clapping” gesture and 
halts upon recognizing a “finger snapping” gesture. These demonstrations indicate that the proposed pipeline 
operates reliably under tight resource constraints and is responsive enough to support real-time command 
interfaces.

Conclusion
In this paper, we presented SPARK, a lightweight human action recognition framework designed for deployment 
on resource-constrained quadruped robots. SPARK compresses video input into a small set of informative 

1 Processed-frame throughput is computed as (steps/s)×8 frames per step and should not be confused with the camera frame 
rate.

Model (Backbone) Total GFLOPs Top-1 (%) Top-1 per kGFLOPs

TSN (R101) 48950 75.9 1.55

R(2+1)D (R34) 6390 75.5 11.82

TSM (R50) 2632 73.2 27.81

SlowFast 8×8 (R50) 1983 76.8 38.73

I3D (NL, R50) 1779 74.8 42.05

TPN (R50) 1515 74.2 48.98

TANet (R50) 1032 76.3 73.93

C2D (R50) 990 73.4 74.14

TimeSformer (ViT-B) 588 77.7 132.14

X3D-M (X3D) 186 76.4 410.75

SPARK (DaViT-B) 122 68.5 561.48

Table 5.  Compute-normalized accuracy on Kinetics-400 under the unified evaluation protocol 4. We report 
Top-1 per kGFLOPs, defined as Top- 1(%) × 1000/Total GFLOPs, to summarize accuracy per unit of 
inference compute. Significant values are in bold.

 

Fig. 5.  Accuracy–compute trade-off on Kinetics-400. We plot Top-1 accuracy against total inference compute 
(Total GFLOPs, log scale) for SPARK and established baselines. The solid line denotes the Pareto frontier, i.e., 
models that are not dominated in both accuracy and compute. Points closer to the upper-left indicate a more 
favorable trade-off (higher accuracy at lower compute).
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frames and combines a frozen DaViT backbone with a Temporal Transformer to model temporal context under 
a strict 8-frame budget.

On Kinetics-400, SPARK achieves 68.5% Top-1 accuracy while operating in an ultra-low compute regime 
(122 total GFLOPs in a strictly single-view setting). Compared with common multi-view evaluation protocols 
used by prior baselines, SPARK defines a more deployment-realistic operating point by processing exactly 8 
frames per inference step, and the resulting accuracy–compute trade-off is summarized in Tables 4, 5, and Fig. 5.

We further validated real-world feasibility by deploying SPARK on a Go2 Edu robot equipped with an 
NVIDIA Orin NX. Under the online uniform-sampling inference pipeline (stride 4; 8 frames per step), SPARK 
achieves stable warm-start latencies of 139.07 ms (FP32) and 64.18 ms (FP16), corresponding to 7.19 and 15.58 
inference steps/s, respectively (57.5 and 124.6 processed frames/s). In addition, we report gesture recognition 
success rates of 78% (static camera) and 58% (moving camera/ego-motion), providing an in-the-wild stress test 
of robustness during deployment (Table 6). Future work will focus on improving robustness under stronger 
ego-motion and challenging imaging conditions, for example through motion-aware sampling, lightweight 
stabilization, or in-domain fine-tuning for gesture-centric interactions, while preserving deterministic latency 
and on-device efficiency.

Data availability
The datasets generated during and/or analyzed during the current study are available from the corresponding 
author on reasonable request. The dataset is available at the following link ​h​t​t​p​s​:​​/​/​h​u​g​g​​i​n​g​f​a​c​​e​.​c​o​/​​d​a​t​a​s​e​t​s​/​s​e​h​u​
n​p​a​r​k​/​k​4​0​0​_​k​e​y​f​r​a​m​e​​​​​.​​
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