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Abstract. Selection of keyframes for edge video analytics needs to retain rare but operationally significant events within 
strict computation and bandwidth limitations. This paper proposes a Masked Graph Autoencoder for edge video keyframe 
selection with few-shot fusion. Video clips are converted into sparse spatio-temporal graphs where nodes contain frame-
level appearance, motion and object-interaction descriptors, and adaptive edges encode temporal continuity and semantic 
neighborhood relations. Add a masked reconstruction objective and prototype-guided few-shot fusion to have the selector 
learn from a small number of labelled samples without overfitting to the dominant background frames. Experiments in an 
edge-oriented benchmark for traffic, campus, retail and indoor monitoring scenarios show that the proposed model has an 
F1 score of 88.7%, reduces redundant selected frames by 31.6%, and lowers the average per-clip decision latency to 18.4ms 
on an embedded GPU. Lightweight transformers, temporal clustering and graph autoencoder baselines have been used for 
comparison; under 5-shot supervision and at 20% packet loss, the method improved mean average precision by 5.9-11.8 
percentage points and remained stable. Based on the above results, masked graph reconstruction and few-shot fusion 
provide a feasible path for high-fidelity, compact and deployable keyframe selection in distributed edge video systems. 
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Introduction 
Video streams from roadside cameras, mobile robots, factory sensors and public-space monitoring systems are 
increasingly processed near the data source because continuous cloud uploads are costly, slow and often 
unnecessary. Edge video analytics therefore requires compact representations that retain the most useful 
frames for detection, retrieval and human review, and discard repetitive background content. Deng et al. [1] 
emphasized that edge intelligence requires compact and context-aware processing near the data source, which 
explains why classic keyframe selection methods based only on color histograms and shot boundaries are not 
applicable when two visually similar frames have different operational meanings. Deep visual descriptors have 
increased the semantic sensitivity, but their direct application to every frame may exceed the energy and latency 
budget of embedded devices [2]. Graph-based video representations are relatively good because they can show 
the time sequence, object relationships, and neighborhood information in one graph [3]. At the same time, 
masked representation learning has shown that a model can learn a stable latent structure by reconstructing 
the missing parts of an input and is not solely based on task labels [4]. Few-shot learning is also suitable for edge 
deployment, as each camera may only observe local categories and rare incidents that are not well represented 
in centrally labelled datasets [5]. The problem is how to integrate the above strands without creating a model 
that is too large for real-time edge deployment [6]. 

The set of requirements for a keyframe selector in edge video differs from that of a general offline 
summarization algorithm. It needs to select frames before the downstream detector or storage policy has full 
knowledge of the stream; it should be stable under changes in light and crowd density; and it must avoid 
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selecting numerous near-duplicate frames that waste wireless bandwidth. Recently, video summarization 
networks have often regarded this as a sequential importance scoring problem and employed recurrent, 
attention-based or Transformer-style models to determine frame values [7]. The above ways can address the 
issue of long-range temporal dependence, but their label requirements and inference costs are not suitable for 
edge cameras with sparse annotations. Other studies have reduced redundancy using clustering or diversity 
constraints, but these methods may fail to detect a short abnormal event if its feature distance from the 
dominant scene is small [8]. Lightweight graph neural networks have been proposed for video reasoning to 
reduce dense frame interactions into structured message passing [9]. Many graph models still require supervised 
labels for stable node scoring and are not easily transferable to different camera viewpoints [10]. Few-shot 
adaptation partially solves this problem, but naive prototype matching is susceptible to noise in the support 
examples and does not explicitly reconstruct missing temporal evidence [11]. 

The current work addresses the above deficiencies by designing a Masked Graph Autoencoder model that 
integrates structural self-supervision, few-shot fusion and edge-aware keyframe scoring. Instead of feeding a 
video segment to a dense temporal backbone, the proposed method samples candidate frames, builds a sparse 
graph over these frames and object regions, and masks selected node and edge attributes during training. The 
autoencoder is trained to reconstruct appearance, motion and semantic-interaction descriptors from 
neighboring evidence, and thus, the latent space learns to encode information that can withstand partial 
observation. A small support set from the target edge scene then calibrates the latent representation through 
prototype fusion. The fusion stage does not change the learned graph representation; instead, it moves the 
decision boundary closer to locally significant phenomena, such as a stopped car at an intersection, a short traffic 
jam in a hallway, or consecutive hand-object operations in a store. The engineering goals are to have a high 
recognition accuracy with low redundancy, a short decision delay, and good behavior in a poor network 
environment or sensor input degradation. 

The remaining parts of this paper are as follows: Chapter 2 reviews related work on edge keyframe selection, 
masked graph representation learning and few-shot fusion for video understanding. Chapter 3 introduces the 
proposed model and explains the graph construction strategy, masked autoencoding objective, prototype fusion 
mechanism and edge-side selection rule. Chapter 4 presents the experimental conditions, quantitative 
comparisons, ablation studies, efficiency analysis and robustness tests, and all data figures are in this chapter. 
Chapter 5 is the main results of this study, an analysis of current problems and prospects for future research. 

Related Work 

Edge Video Keyframe Selection 

Edge keyframe selection has evolved from shot-boundary extraction and handcrafted descriptors into a family 
of compact decision modules for bandwidth-aware video analysis. The earliest engineering systems typically 
used frame differences in color, texture, or motion energy to select local maxima within a fixed time window. 
Recently, learned semantic descriptors have been used to avoid selecting frames that are visually different but 
semantically unrelated [12]. In the fields of transportation and public safety, the chosen frames need to support 
downstream perception tasks and not just produce an aesthetically pleasing visual summary; thus, this 
requirement has led to task-aware scoring functions [13]. Some studies have introduced redundancy penalties 
or determinantal diversity terms to avoid transmitting the same neighboring frames multiple times from the 
edge device [14]. The above strategies improve compactness, but they are often sensitive to scene-specific 
thresholds and need to be manually tuned when cameras are relocated, lens angles are adjusted, or event 
frequencies vary [15]. 

Another type of work aims for resource-constrained inference. Lightweight convolutional encoders, knowledge-
distilled temporal networks and sparse attention modules reduce computation by avoiding dense processing of 
all frames. Such models are suitable for edge nodes with relatively small embedded GPUs or neural processing 
units, and the selector still needs to address the trade-off between early filtering and semantic reliability. If 
filtering occurs before object interaction is understood, the informative frames will be lost. If filtering waits until 
a heavy detector completes, the latency advantage of keyframe selection is weakened. Therefore, graph-
structured representations have been developed to preserve explicit connections and support sparse 
computation. 
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Masked Graph Learning and Few-Shot Fusion 

Masked graph learning is a self-supervised method to learn structural representations by hiding some parts of a 
graph and asking the model to reconstruct them. The cause is that the temporal evidence in video analysis is 
inherently redundant and not uniformly informative. A frame can often be inferred from the surrounding frames, 
but an abrupt change in object relations or motion discontinuities are difficult to recover and thus more valuable 
for selection. Graph autoencoders have been employed to learn low-dimensional embeddings of relational data 
and can be adapted for spatio-temporal video graphs when nodes represent frames, regions or tracked objects 
[16]. Masking makes the encoder use neighborhood context instead of memorizing local descriptors and 
enhances robustness to missing or corrupted observations [17]. 

Few-shot fusion addresses a related problem: the target edge scene is generally different from the data used in 
central training. Prototype-based learning represents each class or event condition with a small set of support 
examples to achieve quick adaptation and is label-scarce [18]. Fusion methods can combine these prototypes 
with visual, motion and context cues, but many designs treat all support examples as equally reliable. Support 
clips in edge videos may be noisy due to short rare events and sparse manual annotations. Therefore, adaptive 
fusion needs a confidence mechanism that down-weights unstable prototypes and keeps rare but discriminative 
evidence [19]. The method presented in this paper connects the few-shot calibration to masked graph 
autoencoding, and thus the local prototypes guide selection without losing the structural self-supervision that 
stabilizes the representation. 

Proposed Method 

Spatio-Temporal Graph Construction 

The proposed system receives a video stream at an edge node and processes it in short clips of T frames. First 
of all, a lightweight feature extractor is used to generate frame appearance descriptors, optical-flow statistics 
and object-region embeddings for each clip. Instead of building a full-connected temporal graph, a sparse graph 
with frame nodes and high-confidence region nodes as its nodes is constructed. Temporal edges are adjacent 
frame nodes in a small window; semantic edges connect regions with the same object category or high cosine 
similarity; and interaction edges connect objects that have a relationship in terms of bounding boxes and motion 
vectors. This design is compact enough for edge inference and still shows the cues that make a frame significant. 

The graph construction stage applies two pruning rules before message passing; motion entropy measures 
temporal uncertainty, while object-count change reflects abrupt semantic variation. First, a frame node is kept 
if its motion entropy, object-count change or descriptor distance from the previous retained frame exceeds a 
soft threshold learned from unlabeled clips. Second, region nodes with unstable detections are not immediately 
discarded; they are attached to the nearest frame node with a confidence attribute, and thus the uncertainty 
can affect reconstruction difficulty later on. Therefore, in the case of edge videos, a detector failure may be due 
to motion blur, glare or crowd occlusion; such instances should be avoided by a keyframe selector. The resulting 
graph generally has 24 to 42 frame nodes and 60 to 110 region nodes for a 96-frame buffer, which is feasible for 
sparse attention. 

Figure 1 shows the entire pipeline of video buffering, graph construction, masked encoding, prototype fusion 
and final keyframe output. The pipeline is intentionally modular; thus, the feature extractor can be replaced 
with another edge backbone, and the graph encoder and selector work with normalized descriptors. This division 
is suitable for engineering deployment because different camera groups may have different hardware 
accelerators, but they can still use the same graph-selection module. 
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Figure 1. Overall edge video keyframe selection pipeline based on sparse spatio-temporal graph construction and masked graph 

autoencoding. 

Masked Graph Autoencoder 

Let 𝐺𝐺 = (𝑉𝑉, 𝐸𝐸, 𝑋𝑋) denote the graph of one clip, where 𝑉𝑉 is the node set, 𝐸𝐸 is the edge set, and 𝑋𝑋 contains the 
node descriptors. An encoder maps the visible graph to latent node representations, and a decoder reconstructs 
the masked node attributes and selected edge attributes. The Mask is not randomly generated. Some of the 
mask is sampled from high-motion or low-confidence nodes, and another part is sampled uniformly to prevent 
the model from learning only trivial temporal interpolation. 

The decoder is deliberately shallower than the encoder. It is not to create realistic pictures but to determine 
how difficult it is to recover a node or edge based on the surrounding evidence. An ordinary background frame 
with stable illumination and repeated objects can be reconstructed at a low error, while a frame with an abrupt 
relation change produces a larger residual. The above are all parts of the keyframe score. During training, the 
model is shown many masks of appearance, motion and interaction, so no single descriptor family is overly 
dominant in the latent space. Only the compact scoring head of the reconstruction branch is kept during 
inference to avoid the cost of full video generation. 

The graph encoder updates node states through sparse message passing: 

𝐺𝐺 = (𝑉𝑉, 𝐸𝐸, 𝑋𝑋) Eq.(1) 
Here, appearance, motion, and object descriptors are concatenated into a unified node attribute vector before 
graph masking is applied. 

ℎ𝑖𝑖′ = 𝜎𝜎 �𝑊𝑊0ℎ𝑖𝑖 + �  
𝑗𝑗⊂𝑁𝑁𝑖𝑖

 𝛼𝛼𝑖𝑖𝑖𝑖𝑊𝑊1ℎ𝑗𝑗� Eq.(2) 

The attention coefficient is conditioned by an edge bias term that differentiates temporal, semantic, and 
interaction edges. 

𝛼𝛼𝑖𝑖𝑖𝑖 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑗𝑗�𝑞𝑞𝑖𝑖𝑇𝑇𝑘𝑘𝑗𝑗/√𝑑𝑑 + 𝑏𝑏𝑖𝑖𝑖𝑖� Eq.(3) 
The reconstruction loss combines masked node recovery and masked edge recovery, which makes rare relational 
changes more visible to the selector. Thus, frames that are difficult to reconstruct from neighboring evidence 
are treated as stronger keyframe candidates rather than as ordinary prediction errors. 

ℒ𝑟𝑟𝑟𝑟𝑟𝑟 = �𝑋𝑋𝑀𝑀 − 𝑋̂𝑋𝑀𝑀�2
2 + 𝜆𝜆�𝐸𝐸𝑀𝑀 − 𝐸̂𝐸𝑀𝑀�2

2
 Eq.(4) 

Few-Shot Fusion and Selection Rule 

The few-shot module has a support set of the target scene. Each support example has a frame-level label that 
indicates whether the frame is informative for the local task, such as incident, interaction, transition or 
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background. For each label group, the system computes a prototype in the latent graph space and then combines 
prototype similarity with reconstruction difficulty, diversity and edge-side cost. The fusion module is relatively 
lightweight; it only needs to be invoked during re-initialization of the camera or when a small number of new 
annotations are added. 

Prototype fusion is carried out after graph encoding, not at the level of raw features. Therefore, this selection is 
less affected by changes in local color and texture because the prototype already contains information about 
time and place. To reduce support-set noise further, a prototype confidence value is derived from the within-
class dispersion of support embeddings. A support group with a large dispersion contributes less to the final 
score until more labelled examples are added. The selector will also add a minimum latent-distance constraint 
to the selected frames to avoid having too many visually similar frames at the same keyframe. 

Figure 2 is the training and inference workflow. Masked reconstruction and prototype calibration are optimized 
jointly in training. Inference mode uses the decoder solely to compute the reconstruction-difficulty and 
uncertainty maps, and then the selector fuses these important scores with redundancy reduction. This avoids 
running the heavy downstream recognition network on the selected keyframes. 

 
Figure 2. Training and inference workflow for masked reconstruction, few-shot prototype fusion, and edge-side keyframe selection. 

 

𝑝𝑝𝑐𝑐 = 𝐾𝐾𝑐𝑐−1�  
𝑖𝑖∈𝑆𝑆𝑐𝑐

𝑧𝑧𝑖𝑖 Eq.(5) 

The prototype score is computed in the latent graph space and uses only the support examples available at the 
target edge scene. 

𝑆𝑆𝑖𝑖 = 𝛽𝛽𝑟𝑟𝑟𝑟𝑖𝑖 + 𝛽𝛽𝑝𝑝𝑐𝑐𝑐𝑐𝑐𝑐(𝑧𝑧𝑖𝑖, 𝑝𝑝𝑐𝑐) + 𝛽𝛽𝑑𝑑𝑑𝑑𝑖𝑖 − 𝛽𝛽𝑐𝑐𝑐𝑐𝑖𝑖 Eq.(6) 
The final keyframe set is selected by ranking fused scores while suppressing frames whose latent distance to 
already selected frames is below a redundancy threshold. 

Experimental Data and Analysis 

Experimental Setting and Comparative Results 

The edge-oriented benchmark contains 3,840 clips and four scene groups: urban traffic, campus walkways, retail 
aisles and indoor corridors. Each group has clips of daily life and short informative cases, such as car queues, 
pedestrian congestion, object exchanges, shelf interactions, and sudden scene changes. Training protocols are 
1-shot, 3-shot, 5-shot and 10-shot adaptations for each target scene, and unlabeled frames are available for 
masked graph pretraining. The profile of the edge device is an embedded GPU with an 18W power limit and a 
streaming buffer of 96 frames. Baselines are: uniform sampling, k-medoids temporal clustering, a lightweight 
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temporal convolutional selector, a compact transformer selector, a standard graph autoencoder, and a few-shot 
prototype network. Evaluation indicators are F1-score, mean average precision, redundancy ratio, downstream 
detection recall, latency, memory usage and bandwidth saved. 

Figure 3(a) shows the comparison of F1-scores under few-shot settings: the proposed model is 78.6% for 1-shot 
supervision and reaches 90.8% after 10 shots; the compact transformer achieves 83.9% at 10 shots, and the 
standard graph autoencoder is 85.1%. As shown in Figure 3(b), mean average precision also exhibits the same 
trend; the proposed model reaches 89.4% in the 10-shot case and maintains 81.2% in the 3-shot case. Figure 
3(c) shows the redundancy ratio; a lower value indicates fewer near-duplicate selected frames, and the proposed 
model has reduced redundancy to 18.7% at 5 shots compared with 27.4% for the graph autoencoder and 35.9% 
for temporal clustering. Figure 3(d) shows the latency profile, and the proposed model is between 17.9 ms and 
19.1 ms across support settings because adaptation alters prototype statistics rather than graph depth. A 
stronger low-shot behavior is consistent with the recent findings that relational self-supervision can stabilize 
downstream selection under annotation scarcity [20]. This also explains why the proposed selector has a 
relatively large margin in both accuracy and compactness before the support set becomes too large. 

 
Figure 3. Few-shot performance analysis: (a) F1-score curves across support shots; (b) grouped mean average precision across support 

shots; (c) 5-shot redundancy comparison; (d) latency scatter profile across support shots. 
 

The few-shot performance trend also indicates that the gain is not achieved through a single favorable support 
configuration. Across five random support splits, the 5-shot F1-score of the proposed model is between 87.9% 
and 89.4%, and the prototype network is between 80.6% and 84.9%. A small standard deviation suggests that 
masked graph pre-training has provided a stable latent space for the few-shot branch training. Temporal 
clustering has the smallest variation, but its stability is due to ignoring local semantic labels, not accurate 
adaptation. The two are not the same; a deterministic but insensitive selector may appear reliable in the logs 
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yet still fail to detect short-lived incidents. The compact transformer improves with the addition of more labels, 
but it also has more attention operations and shows larger scene-to-scene variation in 1-shot and 3-shot settings. 

Scene-level performance is shown in Figure 4(a), where the proposed model obtains F1-scores of 89.1%, 87.4%, 
88.9%, and 86.8% on traffic, campus, retail, and indoor scenes, respectively. The smallest margin is in the indoor 
corridor because the background structure is monotonous and the interaction is short. Figure 4(b) shows the 
downstream detection recall after keyframe filtering; the proposed selector retains 92.6% of detector-relevant 
events but only transmits 22.5% of the frames, and the same analysis records missed rare interactions at 6.8%, 
false informative selections at 8.3%, and duplicated selections at 7.9%. These values indicate that the method 
improves task preservation without simply expanding the selected frame set. The Design also conforms to the 
engineering requirement of task-preserving compaction rather than merely aesthetically pleasing 
summarization [21]. 

 
Figure 4. Scene-level task preservation: (a) F1-score by scene group; (b) downstream detection recall and bandwidth saved versus retained 

frames. 
 

A closer scene-level inspection explains why graph relations are useful in this setting. Traffic clips have strong 
object-motion relationships, and thus interaction edges frequently identify frames where vehicle spacing 
changes rapidly even before congestion is visually apparent. Campus scenes have more appearance variations 
because pedestrians enter and leave the camera's view at different scales, and prototype similarity can be used 
to distinguish between ordinary walking and crowd formation. Retail clips have many small hand-object 
relationships, and improving the precision of semantic region edges requires shelves and products in the 
background. Indoor corridor clips are still relatively difficult because the same person may appear repeatedly in 
a long sequence with little change in pose, and the diversity constraint will exclude some frames that are later 
needed for fine-grained review. 

Ablation Study and Sensitivity Analysis 

Ablation experiments isolate the contribution of graph masking, semantic edges, prototype fusion, and 
redundancy-aware scoring. Figure 5(a) reports the ablation bars: removing the masked reconstruction objective 
reduces F1-score from 88.7% to 82.6%, removing few-shot fusion lowers it to 84.1%, and removing semantic 
edges lowers it to 85.0%. Therefore, the full model benefits most from masked learning, and the few-shot branch 
is still required for scene adaptation. As shown in Figure 5(b), the proposed model can separate informative and 
background frames more distinctly than the graph autoencoder baseline for reconstruction-error density; the 
median of informative frames is 0.61 and that of background frames is 0.34. Figure 5(c) is the effect of the mask 
ratio. The performance at a 20% mask ratio is 84.9%; it reaches 88.9% at 45% masking, and then slightly declines 
at a ratio of 65%; therefore, excessive masking removes too much local information required for stable 
reconstruction. Figure 5(d) shows threshold sensitivity, and with a latent-distance threshold of 0.18, duplicated 
selections are kept below 19% while maintaining event recall above 92%. The behavior is consistent with 
masked-representation studies that show moderate corruption enhances invariance and extreme corruption 
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weakens semantic grounding [22]. The observed optimum is near the middle mask range, and reconstruction 
difficulty is most useful when the graph is still partially visible, not severely obscured. 

 
Figure 5. Ablation and masking behavior: (a) module ablation results; (b) reconstruction-error distributions; (c) mask-ratio sensitivity; (d) 

redundancy-threshold sensitivity. 
 

According to the ablation study, the reasons for the drop in performance are varied. Without masked 
reconstruction, the model still sees the graph structure but loses a calibrated measure of novelty, so it tends to 
select frames that match the support prototypes and ignore short transitional evidence. Without few-shot fusion, 
the selector keeps general graph anomalies but is less in line with local operating definitions of importance. The 
reduction of semantic edges mainly affects retail and indoor clips, as the relations among objects are relatively 
more informative than general motion. Removing redundancy-aware scoring increased the number of 
duplicated selections by 9.6 percentage points, and although the F1-score decreased only slightly, it showed that 
accuracy alone underestimated the operational cost of the ablated model. 

Figure 6(a) shows the fusion-weight sensitivity, which is affected by reconstruction difficulty, prototype similarity, 
diversity and cost penalty. The best set has the following weights: 0.38, 0.31, 0.21, and 0.10, and achieves an F1-
score of 88.7% with a redundancy ratio of 18.4%. Figure 6(b) is the radar chart for accuracy, compactness, latency, 
robustness and memory efficiency; the proposed model is not the best in terms of raw memory use and has a 
smaller temporal clustering, but it outperforms the transformer selector in the trade-off between accuracy and 
compactness, with an expected calibration error of 0.041 compared with 0.076. Better calibration is important 
at the edge because selection thresholds are often changed automatically under bandwidth pressure [23]. 
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Figure 6. Fusion and operating frontier: (a) fusion-weight sensitivity; (b) normalized engineering trade-off radar. 

 
Threshold sensitivity is evaluated by varying the redundancy distance in latent cosine space from 0.08 to 0.28. 
Values less than 0.12 are too lenient and allow many adjacent frames to pass; although detection recall increases 
slightly, bandwidth savings are reduced. Values greater than 0.24 are too restrictive and omit frames near the 
beginning and end of a short event. A reasonable value of 0.18 has been selected to balance the trade-off 
between duplicate selections (less than 19%) and event recall in the 5-shot setting (over 92%). This is especially 
true for edge cameras that change their upload policy under a high-network-load condition; otherwise, the same 
ranking scores would need to be reused with a more restrictive top-k budget after model retraining. 

Edge Efficiency and Robustness 

Efficiency results are plotted in Figure 7(a), where the proposed model requires 18.4 ms per clip, 312 MB of peak 
memory, and 5.8 mJ per selected keyframe. The temporal clustering baseline is faster at 9.6 ms but loses 12.4 
percentage points in F1-score, while the compact transformer needs 35.7 ms and 615 MB. Figure 7(b) shows 
robustness and bandwidth behavior together: at a 20% frame-retention budget, the proposed method saves 
76.9% of upload bandwidth while keeping downstream detection recall at 91.8%, and under 20% packet loss, its 
F1-score is 84.5%, higher than the 76.9% achieved by the transformer selector. This operating area is needed for 
many camera arrangements that have changing uplink requirements throughout the day [24]. 

 
Figure 7. Edge efficiency and robustness: (a) latency-memory-energy profile; (b) packet-loss robustness with bandwidth-saving markers. 

 
Robustness is also tested under frame blur, illumination shift, partial object detector failure, latency jitter, and 
support-label noise. The masked graph autoencoder is less sensitive because masked training exposes the model 
to partial observations before deployment [25]. Across 400 streaming windows, the proposed method keeps the 
95th percentile latency at 23.6 ms, below the 33 ms budget for 30 frames per second buffering. With 15% noisy 
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support labels, precision remains 86.2% for the proposed model, compared with 80.4% for the prototype 
network. Practical edge annotation is rarely perfect, and this result supports the use of reconstruction difficulty 
as a counterweight to noisy prototypes [26]. The robustness protocol uses 20% packet loss, 15% support-label 
noise, controlled blur, illumination shift, and detector-dropout settings to approximate practical edge 
disturbances. 

The runtime profile shows that graph sparsity contributes more to latency control than reducing the encoder 
width alone. When the average node degree is increased from 5.1 to 9.8, F1-score improves by only 0.6 
percentage points, while latency rises from 18.4 ms to 27.9 ms. When the hidden dimension is reduced from 
128 to 96 at the original sparsity level, latency decreases by 2.1 ms but F1-score falls by 1.4 percentage points. 
These measurements indicate that the preferred deployment setting should preserve representation width and 
control cost through graph construction. The result also explains why the method stays below the buffering 
budget while maintaining enough latent capacity for prototype fusion. 

The numbers also show the two deployment-related modes. First, the model gains more from 3-shot to 5-shot 
adaptation than from 5-shot to 10-shot adaptation; thus, a small number of local labels are sufficient to align 
the latent graph with camera-specific events. Second, calibration and noise-tolerance experiments show that 
the support-set ambiguity can be addressed by balancing prototype similarity with reconstruction and diversity 
evidence. Edge learning studies have reported similar dependence on calibration when models must adapt 
without a full validation set [27]. 

From the perspective of recent edge-analytics design principles, the engineering value of the proposed method 
becomes clearer. A selector with higher accuracy but a larger number of frames will increase transmission and 
storage costs; a very small selector might not provide enough frames for the downstream detectors. The 5-shot 
setting in the proposed model has achieved an 88.7% F1-score, 18.7% redundancy and 18.4ms latency, thus 
reaching a good region of the accuracy-cost trade-off. Research on distributed video intelligence has shown that, 
for such frontier behaviors, multiple optimization goals are more feasible than a single one [28]. The model is 
compatible with the standard compression pipeline and only outputs frame indices without modifying the video 
bitstream [29]. For privacy-sensitive deployments, keyframe selection can reduce the upload of ordinary 
background frames before downstream anonymization or event review [30]. 

Conclusion 
This paper proposes a Masked Graph Autoencoder for edge video keyframe selection with few-shot fusion. The 
model models each video clip as a sparse spatio-temporal graph, learns a stable latent structure via masked 
reconstruction, and adapts the selector to local edge scenes through prototype-guided fusion. The primary 
engineering problem of the design is how to save frames relevant to downstream reasoning and reduce 
redundant transmission and computation. Connect reconstruction difficulty, semantic relation model, diversity 
control and edge-side cost to build a unified framework for deployable keyframe selection under label scarcity. 

Several limitations remain. At present, the graph construction employs a light-weight object detector, and 
severe detector failure may reduce the efficacy of semantic edges even when frame-level motion cues are still 
present. The support-set labels are also assumed to be available shortly after deployment, but this may not be 
the case in areas with delayed annotation feedback. The model supports short streaming buffers and, for longer 
temporal dependencies, can use a memory mechanism to store context without increasing edge latency. 

Future work will extend the method to continuous adaptation, privacy-preserving collaborative learning of 
multiple cameras, and hardware-aware graph pruning. Another promising direction is to connect keyframe 
selection with downstream task feedback, and thus have the edge node learn which selected frames have 
actually improved detection, retrieval or human review. More diverse applications in practice will also help us 
learn how masked graph learning performs under seasonal scene variations, rare event occurrences and mixed-
sensor quality environments. 
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