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Overview

In this supplementary material, we provide more details regarding the model structure in
Sec. 1, ablation studies in Sec. 2 and dataset description in Sec. 3 to complement the de-
scriptions from the main paper.

1 Model Structure

To better illustrate our model, we further introduce the Representation Transform Module
(RTM) and Temporal Convolutional Network (TCN) in this section.

1.1 Representation Transform Module (RTM)

RTM is one of the components in CTRN, which is used to filter the action-class specific
feature from the I3D feature vector. This component is essential for CTM and G-Classifier
to perform their functionalities. As a complementary to the main paper, here we provide the
computation flow of RTM in Fig. 1. The input I3D feature is in size of T x D1. The MLP [1]
is used to do the linear transformation. In practice, we set MLP as a single linear layer. Input
I3D input feature is inflated to a new dimension C, for each I3D feature pertaining to class,
we utilize a MLP+ReLU to filter the class-specific feature. A dropout layer is further added
to prevent the over-fitting issue. The output feature of RTM is in size of T x C X D;.

1.2 Temporal Convolutional Network (TCN)

TCN [11] layer is the 1-dimensional convolutional layer across the temporal dimension,
which is popularly used in temporal modelling tasks. Similar to the 2D ConvNet, the tem-
poral receptive field increases with the number of stacked TCN layers. As shown in Fig. 2,
we present the receptive field of TCN. For simplicity, the kernel size of TCN is set to 3 and
the number of layers is 3 in this figure. We find that the receptive field of 1 layer TCN is 3
time steps (in red). When stacking 3 TCN layers, the receptive field increases to 7 time steps
(in yellow). In this work, multiple C-GCNs + TCNs are stacked in CTM, in which TCNs are
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used to adjust the temporal scale. This structure allows the C-GCN to model short and long

action relations by focusing on video features at the level of low and high temporal receptive
fields.
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Figure 1: RTM structure. Figure 2: TCN Receptive field.

2 More Ablations

In this section, we provide more ablation results of our model. This includes scrutinizing
the optimal channel size, number of blocks, and design choice of adjacency matrix of the
proposed model.

2.1 Channel Size

We first analyse the impact of the channel size D, on the CTRN. In the representation trans-
form module, the MLP is used to filter the class-specific feature by projecting the feature
channels from D to D;,. The projection directly affects the quality of the class-specific fea-
ture. Here we compare four different dimensions for D,: 32, 64, 128 and 256 in Table 1. We
find that increasing the channel size improves the performance. However, the improvement
is marginal after 64 while adding a large number of parameters. To compromise both perfor-
mance and model efficiency, we choose 64 as the class-specific feature channel size (D;) in
this work.

Table 1: Study on Channel Size D,. We evaluate
on Charades dataset for action detection using only
RGB.

Channel Size D, | 32 64 128 | 256
Performance (%) | 23.0 | 25.3 | 254 | 25.6
Parameters (M) 5.6 | 109 | 22.1 | 46.1

2.2 Number of Blocks

We then explore the impact of the number of blocks (L) of CTM in CTRN. As mentioned in
the proposed method, TCN is used to aggregate the temporal information. Thus, with more
blocks, CTRN can model high level temporal information while expanding the scale across
time for very long videos. Table 2 shows the results on Charades with different blocks, we
find that CTRN achieves similar performance for 5 and 6 blocks. Thus, 5-block is sufficient
for encoding the temporal information in complex untrimmed videos.
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Table 2: Study on number of blocks L
of CTM in CTRN. We evaluate on Cha-
rades dataset for action detection using only
RGB.

#Blocks 4 5 6
Performance (%) | 24.2 | 25.3 | 25.3

2.3 Adjacency Matrix A,

As mentioned in Sec.3.3.2 in the main paper, C-GCN’s graph is composed of a learnable
adjacency matrix Ac and an attention mask which is superimposed on the former. Here we
further analyze that both the components are complementary. In Table 3, we find that the
performance declines in the absence of either A¢ or the attention mask in C-GCN, reflecting
both components are crucial for learning the the graph structure.

Table 3: Study on adjacency matrix in C-GCN. We evaluate on Cha-
rades dataset for action detection using only RGB. * indicates the re-
sults of CTM w/o C-GCN but only a TCN.

Adjacency Matrix Ac Attention Mask mAP (%)
X X 21.4%
v X 24.3
X v 24.5
v v 253

2.4 Modalities

As mentioned in Sec.3.2 in the main paper, our model can be used with both RGB and
Optical Flow (OF). Here, we provide the results with RGB and OF. For a fair comparison,
similar to the previous works [13, 14], we fuse the two modalities through a late-fusion of
the logits. From Table 4, we find that: (1) For sport actions in MultiTHUMOS, Flow stream
yields better performance than RGB stream (+4.3%). (2) For object-based actions with low
motion in Charades, RGB stream achieves better performance (+3.8% w.r.t. Flow stream),
which indicates that RGB can better model the object appearance information, especially for
low motion frames.

Table 4: Study on RGB and optical flow.
RGB+OF indicates the late fusion.

Modalities RGB | OF | RGB+OF
Charades 25.3 | 203 27.8
MultiTHUMOS | 44.0 | 47.5 51.2
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3 Dataset Description

In this section, we describe the three densely annotated datasets used to evaluate our method.
Charades [15] was recorded by hundreds of people in their private homes. This dataset
consists of 9848 videos across 157 actions. The actions are mainly object-based daily liv-
ing actions performed at home. Each video is about 30 seconds containing complex co-
occurring actions. In our experiments, we follow the original Charades settings for action
detection [15] (i.e. Charades vl localize evaluation). The performances are measured in
terms of mAP by evaluating per-frame prediction as the original paper [15] and other state-
of-the art methods [13, 14, 16].

Toyota Smarthome Untrimmed (TSU) [3] is a real-world action detection dataset, which is
the untrimmed version of [5]. This dataset consists of 536 long videos (about 20 mins/video)
recorded by 7 cameras with 51 densely annotated action classes. Besides long video duration,
this dataset contains actions with high intra-class temporal variance. As a result, handling
temporal information is critical to achieve good detection performance on this dataset. We
evaluate this dataset with frame-based mAP.

MultiTHUMOS [19]: We conducted our experiments on MultiTHUMOS [19] datasets.
MultiTHUMOS is an enhanced version of the THUMOS14 [10] dataset, where videos are
densely annotated. The dataset consists of 65 action classes, compared to 20 in THUMOS 14,
and contains on average 10.5 action classes per video and 1.5 labels per frame and up to 25
different action labels in each video. THUMOS14 and MultiTHUMOS consists of YouTube
videos of various sport actions like baseball games, cliff diving. We evaluate this dataset
similar to the original setting, i.e. frame-based mAP.

In the main paper, we have provided a comparison of the proposed approach to the state-of-
the-art methods. Here in Tables 5, 6 and 7, we provide an extension with more comparisons
to the state-of-the-art methods. These tables show that our approach outperforms all the
state-of-the-art methods using RGB and also the ones using RGB + OF.

Table 5: Frame-based mAP on Charades, evaluated
with the localization setting. OF+RGB indicates late

fusion.

Test modality mAP
R-C3D [18] RGB 12.7
Asynchronous Temporal Fields [15] RGB + OF 12.8
13D [13] RGB 15.6
13D + 3 temporal conv.layers [14] RGB + OF 17.5
TAN [4] RGB + OF 17.6
13D + WSGN (supervised) [7] RGB 18.7
13D + Stacked-STGCN [8] RGB 19.1
13D + Super event [13] RGB + OF 194
13D + 3 TGMs [14] RGB 18.9
13D + 3 TGMs + Super event [14] RGB + OF 22.3
13D + MLAD [16] RGB 18.4
13D + MLAD [16] RGB+OF 229
13D +CTRN (Ours) RGB 25.3

13D +CTRN (Ours) RGB+OF 27.8
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Table 6: Frame-based mAP on TSU dataset
for CS protocol. Only RGB modality is used at
inference time.

Frame-mAP (CS)
Bottleneck [2] 15.7
NL block [17] 16.8
Super event [13] 17.2
LSTM [12] 22.6
Bi-LSTM [9] 24.5
Dilated-TCN [11] 25.1
MS-TCN [6] 259
TGM [14] 26.7
CTRN (Ours) 335

Table 7: Performance of the state-of-the-art methods
and our approach on MultiTHUMOS. 13D model is two-
stream, using both RGB and optical flow input. Note:
cited papers may not be the original paper but the one
providing this mAP results. For a fair comparison, we
utilize the late fusion as OF+RGB.

mAP
Two-stream [19] 27.6
Two-stream+LSTM [19] 28.1
Multi-LSTM [19] 29.6
SSN [20] 30.3
13D [14] 29.7
I3D + LSTM [14] 29.9
I3D + temporal pyramid [14] 312
TAN [4] 333
13D + Dilated-TCN* [11] 432
I3D + 3 TGMs [14] 443
I3D + MS-TCN* [6] 453
I3D + 3 TGMs + Super event [14] 46.4
13D + MLAD [16] 49.6
I3D + CTRN 51.2
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