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A. Notation

In Table 1, we summarize the key notations used in our
paper for easy reference.

B. Architecture

Table 2 presents the details of the architecture of our pro-
posed CASE. As can be seen, the architecture is simple and
lightweight, consisting of only a few 1D convolutional lay-
ers with a kernel size of 1 and linear layers, leading to the
high efficiency of our method.
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Notation Shape Description

Baseline
PA N foreground probability
QA N pseudo-labels of PA

Z N ×D snippet embedding

SCC
PS N ×K cluster assignment probability
QS N ×K pseudo-labels of PS

Q̂S N ×K prior distribution of QS

CCC
PC K × 2 cluster classification probability
QC K × 2 pseudo-labels of PC

βC 2 prior marginal distribution of QC

Testing PT N ×K transformed foreground probability
PM N ×K fused foreground probability

Table 1: Key notations in this paper.

component layer kernel stride dim act output size
Embedding Encoder

Baseline

Conv1d 1 1 512 Relu 512×T
Action Classifier

Conv1d 1 1 G Softmax G× T
Embedding Encoder

Conv1d 1 1 512 Relu 512×T
Attention layer

Conv1d 1 1 1 Sigmoid 1× T

Our Algorithm
Clustering Head

Linear 1 1 K Softmax K × T

Table 2: The detailed architecture of CASE, where the RGB
stream and optical flow stream share the same structure.

C. Additional Ablation Experiments

C.1. Ablation on multiple datasets

To show the effectiveness of our method in various sce-
narios, we perform a component-wise ablation study for the
snippet clustering component (SCC) and the cluster classifi-
cation component (CCC) on THUMOS14, ActivityNet v1.2
and v1.3. The corresponding results are provided in Table 3.
We observe consistent trends across all datasets, indicating
the robustness and effectiveness of our approach.



THUMOS14 ActivityNet v1.2 ActivityNet v1.3
Baseline 42.1 25.6 24.7
+ SCC 43.2 26.5 25.4
+ SCC + CCC 43.9 27.0 25.7
+ SCC + CCC (T) 46.2 27.9 26.8

Table 3: Component-wise ablation study on THUMOS14,
ActivityNet v1.2 and v1.3. ”(T)” indicates that the
clustering-assisted testing technique is appiled.

VTB ATB GBCE mAP
✓ 32.0
✓ ✓ 41.7
✓ ✓ ✓ 42.1

Table 4: Ablation study on the baseline. VTB, ATB,
and GBCE indicate video classification branch, attention
branch, and generalized binary cross-entropy loss, respec-
tively. Notably, if GBCE is not used, we use the traditional
binary cross-entropy loss to train the ATB.

C.2. Analysis of baseline model

We carry out several ablation experiments to analyze the
components of the baseline. The results are illustrated in Ta-
ble 4. It can be seen that the attention branch largely in-
creases the performance, demonstrating the significance of
class-agnostic F&B separation. Additionally, we find that
the use of the generalized binary cross-entropy loss yields
better results than the traditional binary cross-entropy loss,
proving that enhancing the label noise tolerance is advanta-
geous.

C.3. Analysis of ranking indices rank

In SCC, we use the distance between the normalized
ranking indices of the snippets rank/N and the cluster-
level pseudo-labelsQC to compute a 2D gaussian distribu-
tion. In principle, rank/N can be replaced by PA. How-
ever, we experimentally find that the performance of us-
ing PA is inferior to that of using rank/N (i.e., 45.1 for
PA vs. 46.2 for rank/N on average mAP). To explain it,
we show the statistics ( i.e., maximum, average and mini-
mum) of PA andQC in Fig. 1. The statistics are computed
over each batch (i.e., iteration). Notably, the maximum,
average, and minimum of rank/N are always 1

N ’ 0,
0.5 + 0.5 1

N ’ 0.5 and 1, respectively. As can be seen,
compared with PA, rank/N is more comparable to QC .
For example, both the average of QC and the average of
rank/N are around 0.5 and are evidently larger than the
average of PA. This observation confirms the validity of
our approach.

Figure 1: The maximum, average, and minimum values of
PA andQC of each iteration during training.

D. Additional Visualizations
D.1. Comparison to baseline

In Fig. 2, four visualized examples are provided to il-
lustrate the differences between the F&B separation results
of CASE and that of baseline. It can be observed that: 1)
CASE is advantageous to capture fine-grained patterns of
snippets that are helpful to distinguish different snippets
(see the solid boxes). For instance, in the region of ’4’,
which is near the boundary of a ’diving’ action instance,
the foreground snippets and the background snippets are
visually similar. However, CASE can accurately classify
these snippets into correct F&B classes, whereas the base-
line cannot, showing that CASE can capture the underlying
fine-grained structure of the snippets. 2) CASE performs
worse than the baseline in some ’suspicious’ regions (see
the dashed boxes). To name a few, in the region of ’8’, an
athlete raises her leg, causing CASE to mistake the region
for an action instance. This mistake may be avoided by the
baseline model because the video-level labels used to train
the baseline can offer instructive information for the poten-
tial action types within the videos.

D.2. Failure cases

We showcase some examples of failure cases of our
method in Fig. 3. From the figure, we conjecture the rea-
son that accounts for the failure cases are: 1) low quality
of images, e.g., ’1’ and ’8’; 2) indistinguishable body mo-
tions, e.g., ’3’ and ’7’; 3) small objects, e.g., ’2’ and ’4’;
4) incorrect annotation, e.g., ’5’ and ’6’. These challenging
cases represent future directions for our work.

E. Additional Discussion on Related Work
In our main paper, we extensively discussed the differ-

ences between our method and previous deep clustering and
WTAL methods in the Related Work section. In this section,
we would like to provide additional insights on other related




