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Task : Temporal Action Detection
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 Recognize when & what type of the action 
happen in a given video

 1-D version of Object Detection (e.g. R-CNN 
Series [1],[2])

 Previous works only consider temporal context 
via 1-D convolution on proposals(bounding 
boxes)

 Exploit semantic context even for background 
information via GCNs

Wrestling
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Constructing Graph

 Graph : Video

 Node : Video Snippet

 Edge : Snippet – Snippet

 Actions : Sub-Graph

 Temporal Action Detection : Sub-Graph Localization
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P-GCN[3] VS GTAD
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P-GCN[3] GTAD

 P-GCN : Graph based on the proposals

 GTAD : Graph based on the snippets

 P-GCN could not consider the background information effectively
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Overall Architecture
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SGAlign
(1-D version of RoI-Align)

GCNeXt
(Feature Extractor)
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GCNeXt – Feature Extrator

 Edge : Snippet – Snippet -> Adjacency Matrix
 Semantic Edge : KNN by Feature Similarity

 Temporal Edge : Temporal order (Forward, Backward)

 Spatial Edge Convolution(DGCNN [4])

 GCNeXt
 DeepGCNs [5] : Residual connection brings stability for stacking graph convolutions

 ResNeXt [6] : Split-Transform-Merge
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Overall Architecture
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SGAlign
(1-D version of RoI-Align)

GCNeXt
(Feature Extractor)
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SGAlign – Sub-Graph Align

 All possible pre-defined anchors -> Fixed size of the feature

 Inner Feature(Black) + Semantic Feature(Purple)

 Training : 
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Experiment Results

 Achieve state-of-the-art performance on 
two popular action detection benchmarks; 
ActivityNet 1.3 & THUMOS 14
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Ablation Study
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Context of Background

14



J. Y. Choi. SNU

Conclusion

 Formulate temporal action detection task as sub-graph localization problem

 Introduce GCNeXt layer, which is graph version of ResNeXt, by incorporating both 
temporal and semantic context

 Introduce SGAlign layer, which is 1-D version of RoI Align layer, while considering both 
of the inner and the context feature 

 Achieve state-of-the-art performance on two popular action detection benchmarks; 
THUMOS 14 & ActivityNet 1.3 
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Code Experiment
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 Well-organized Official Repo : https://github.com/Frostinassiky/gtad

https://github.com/Frostinassiky/gtad
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Code Experiment - Structure
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 gtad
 gtad_train.py – main file to train the model
 gtad_inference.py – file to obtain raw test outputs
 gtad_postprocess.py – file to post-process the raw test outputs to prediction results
 gtad_lib – directory including the main modules

 Align1D_cuda.cpp – cuda implementation of the SGAlign module 

 Align1D_cuda_kernel.cu – cuda implementation of the SGAlign module 2

 align.py – main module to aggregate the cuda-implemented the SGAlign module

 setup.py – file to compile the cuda-implemented the SGAlign module

 dataset.py – file to load the datasets

 loss_function.py – implementation of the loss function

 models.py – implementation of the gtad model including GCNeXt

 opts.py – configuration of the model

 data – directory to save data & label
 evaluation – directory including files to evaluate the model
 output – directory to save the outputs



J. Y. Choi. SNU

Code Experiment – gtad_train.py
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 Load Model

 Set configuration

 Load Data
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Code Experiment – gtad_train.py
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 Train the model
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 Define the model

Code Experiment – models.py
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 GCNeXt

 Temporal Edge with 
Forward/Backward edge 
is equivalent to 1D 
Temporal Convolution

 Refer to Eq. (11) in the 
supplementary material

Code Experiment – models.py
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 SGAlign

 Apply Align1DLayer to the 
inner_feature and the 
context_feature

 Align 1D Layer is 
implemented in Cuda

Code Experiment – models.py
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 Objective Function

 Refer to Slide 11 for the detail

 Total Loss

 Subgraph loss

 Node Loss

Code Experiment – loss_function.py
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 Inference

 Raw output from the model -> score for each proposal [start(xmin), end(xmax), 
classification score, regression score]

Code Experiment – gtad_inference.py
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 Postprocess

 SoftNMS

 Compute IoU (Intersection over Union) with the groundtruth

 Compute mAP(Mean Average Precision)

Code Experiment – gtad_postprocess.py
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 Datasets : THUMOS 14

 Loss = Subgraph_loss + node_classification_loss

 Final Performance 
 Slightly better than the reported one

Code Experiment – Execution
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 Memory Usage : about 14.8GB



J. Y. Choi. SNU 27

Thank You!


