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Task : Temporal Action Detection

" 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
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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 : 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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GCNeXt — Feature Extrator

" Edge : Snippet — Snippet -> Adjacency Matrix
. 20 ' 1 !

= Semantic Edge : KNN by Feature Similarity —

= Temporal Edge : Temporal order (Forward, Backward)

= Spatial Edge Convolution(DGCNN [4])

~ | Convolution on Temporal Graph

.F(X..A,W} - [[XT'.'AXT o XT]W}T

= GCNeXt

= DeepGCNs [5] : Residual connection brings stability for stacking graph convolutions
= ResNeXt [6] : Split-Transform-Merge

H(X,A,W) = ReLU(F'(X, AT, W/) + F'(X, A2, W})
+ F(X,As, We) + X)
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GCNeXt — Feature Extrator

" Edge : Snippet — Snippet -> Adjacency Matrix / Z‘ - i
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= Spatial Edge Convolution(DGCNN [4])
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Overall Architecture
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SGAlign — Sub-Graph Align
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= All possible pre-defined anchors -> Fixed size of the feature

* Inner Feature(Black) + Semantic Feature(Purple)
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Experiment Results

[ | Ach|eve State-of-the_a rt pe rfor‘ma nce on Table 2. Action detection results on testing set of THUMOS-
14, measured by mAP (%) at difierent tloU thresholds. G-TAD

two popular action detection benchmarks; achieves the best performance for IoU@0.7, and combined with

H P-GCN, G-TAD significantly outperforms all the other methods.
ActivityNet 1.3 & THUMOS 14 T -
Method 0.3 4 5 (.6 0.7
SST 13 - - 23.0 - -
CDC [35] 40.1 294 233 131 1.9
olds and the average mA P. G-TAD achieves better performance in SN [56) 51.9 41.0 0 g _ _
average mAP than the other methods, even the lakest work of BMN BSN [30] 53.5 45.0 16.9 8.4 L0
and P-GCN shown in the second-to-last block TCN [T ) 313 15 6 15.9 9.0
Method 05 075 095 Avcrag TAL-Net [ 53.2 485 428 33E 208
Wang er al. [36] 4365 - - : MGG [32] 539 468 374 295 213
Singh v al. [80) 3447 - - - DBG [Z5) ST6 494 398 302 217
SCC N 4000 1790 470 ZL70 Yeung eral [53] 36.0 264 17.1 - -
CDC [38] 4530 26,00 020 2380 Yuan er al. [5] 165 7 8 17 &
i =bE0 - ) ) Hou er al 43.7 - 2.0 - -
BSN [30 4645 2096 802 30.03 SS-TAD @] g ] 301 ] e
Chao e al. [§) 38.23 1830 L3 2022 ELI'I.-TN o) S-Eu.{l 474 ;E; 207 ’r[.r 5
P-GCN [55] 4826 3316 327 3L11 G-TAD {ours) 54'5 .ﬁ.{-. 4I}.’* iI}.E il'__l
BMMN [Z0] 5007 MTE B9 33185 g : : — .

BSN+P-GCN [53] 63.6 S7T.8 49,1

G-TAD(ous) 5036 3460 902 3409 G-TAD:P-GCN 664 604 516 36 129
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Ablation Study

Table 3. Ablating GCNeXt Components. We disable tempo- Table 4. Ablating SGAlign Components. We disable the sample-

ral/semantic graph convolutions and set different cardinalities for rescale process and the feature concatenation from the semnan-
detection on ActivityNet-1.3. tic graph for detection on ActivityNet-1.3. The rescaling strategy
GCNeXt block tloU on Validation Set leads to slight improvement, while the main gain arises from the
Temp. Sem. Card. 0.5 075 095 Avg use of context information (semantic graph).

X X 1 1812 32.16 6.41 31.65 SGAlign tloU on Validation Set

7 7 1 50.20 34.80 7.35 3388 Samp.  Concat. 0.5 075 095 Avg

v X 32 | 50.13 3417 870 33.67 X X 49.84 3458 8.17 33.78

X v/ 32 | 49.09 3332 8.02 3263 v X 49.86 3460 9.56 33.89

/_ 7/ 32 [5036 3460 9.2 34.09 / vy [ 50.36 3460 902 34.09
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Context of Background
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Figure 5. Semantic graphs and Context. Given two videos (left
and right), we combine action frames of one video with back-
ground frames of another to create a synthetic video with no action
context (middle). As expected, the semantic graph of the synthetic
video contains no edges between action and background snippets.
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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 Rol 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

= Well-organized Official Repo : https://github.com/Frostinassiky/gtad

>G-TAD

[m] Ranked #4 Temporal Action Localization on THUMOS 14

This repo holds the codes of paper: "G-TAD: Sub-Graph Localization for Temporal Action Detection”, accepted in CVPR 2020.
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Dependencies
e Python ==3.7
e Pytorch==1.1.00r 1.3.0
e CUDA==10.0.130
e CUDNN==7.5.1_0
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https://github.com/Frostinassiky/gtad

Code Experiment - Structure

= gtad

J. Y. Choi.

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
= AlignlD_cuda.cpp — cuda implementation of the SGAlign module
= AlignlD_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
= Joss_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

SNU
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Code Experiment — gtad_train.py

" Load Model
= Set configuration
" Load Data

opt .parse_opt()
opt = v (opt]
s.path.exists(opt[
s.makedirs(opt["output”])

model = GTAD{opt)

model torch nn. DataPara]]e]Emode] device ads=list(r 2 1 gpu'l}}).cudal)
print{'use {} gpus to train!'.fo |-+Eopt[ 1_gpu'l}}

optimizer = optim.Adam(model.parameters(), lr=opt["training_
_ weight_decay=opt["weight _c
train_loader = torch.utils.data.Dataloader(videoD:

batch_s vatch_size

num_workers=2, pin_memory=T
test_loader = torch.utils.data.DataLoaderEVideoDatabettopt Eubset: validationr

batch_s :

num workers=g, pln memo ry=

scheduler = torch.optim.lr_scheduler.SteplLR(optimizer, step _size=opt[“"step size"], gamma=opt[“step_
mask = get_ma tempor ax_duration']).cuda()
epoch g ] ' :
autograd. detect anoma]ut]
train(train_loader, model, optimizer, epoch, mask]
testitest loader, model, epoch, mask]
scheduler.step()
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Code Experiment — gtad_train.py

= Train the model

train(data_loader, model, optimizer, epoch, bm mask):
model.train()
total_am, subgraph_am, node_am = AverageMeter(), AverageMeter(), AverageMeter()

n_iter, (input_data, label confidence, label start, label end) enumerate(data_loader):

confidence_map, start, end = model{1input_data.cudal))

gt_1ou map = label confidence.cuda(]) * bm_mask

subgraph_loss = subgraph_less_func(confidence_map, gt_iou_map, bm_mask)

node loss = node_loss func(start, end, label start.cuda(), label end.cuda())
loss = subgraph_loss + node loss

optimizer.zero_grad()

loss.backward()
torch.nn.utils.clip_grad_norm_(model.parameters(), 1)
optimizer.step()

total_am.update(loss.detach())
subgraph_am.update(subgraph_loss.detach())
node_am.update(node_loss.detach())

vt{"[Epoch {0:03d}]\tLoss {1:.2f} = {2:.2Ff} + {3:.2f} (train)".format(

epoch, fntéi_éﬁ:éﬁgf] éubéraﬁh;am.é;gij,.nndé;am:aﬁgilll
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Code Experiment — models.py

= Define the model

[ Input feature ]

4 backbone 1 )

\ Y
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4 regu_s N regu_e "\ ( backbone 2
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— =

¥
[ Node Classification Loss ] Localization
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Code Experiment — models.py

= GCNeXt

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

= Refer to Eq. (11) in the A S
supplementary material - | wadth, kernel Sizel, 3roups=groups), mn.Reli

self.relu = nn.ReLU
self.1dx list = 1dx

f (self, x):
1dentity = X
tout = self.tconvs(x

X Y Ld,- ] =1
sout = self.sconvs(x
sout = sout. «(dim=

put = tout + 1dentity +
SseltT.l10x i_"g{
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Code Experiment — models.py

= SGAlign

= Apply Align1DLayer to the
inner_feature and the
context_feature

= Align 1D Layer is
implemented in Cuda

J. Y. Choi. SNU
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Code Experiment — loss_function.py

= Objective Function
= Refer to Slide 11 for the detail

= Total Loss
L=Ly+L,+ XL,

= Subgraph loss
Lg = Liypce [j}f.'f.‘i' 1{.‘}{: = []3},]-' + Ay - L'ﬂ'!."l‘.’[p?"r.’g‘ F}r::]

= Node Loss

Lﬂ — L'l-!’f.'t‘.’ ['Ps . F}ns] + L*-u:r.'-.f.-' [Pw- On L':'jl

J. Y. Choi. SNU
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Code Experiment — gtad _inference.py

® Inference

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

J. Y. Choi. SNU
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Code Experiment — gtad_postprocess.py

= Postprocess
= SoftNMS
= Compute loU (Intersection over Union) with the groundtruth

= Compute mAP(Mean Average Precision)

J. Y. Choi. SNU
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Code Experiment — Execution

= Datasets : THUMOS 14

= Loss = Subgraph_loss + node_classification_loss

LE

tion) total_loss

Epoc 9] Lo 5 7.56 1.19 (validation)

" Final Performance
= Slightly better than the reported one

wn o ) et
. T Tt T T T T T ™00
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Thank You!



