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Abstract The existing datasets used in video online detection research are mainly concentrated on long
videos and the category is relatively simple. At the same time, the detection and evaluation system that meets
the needs of online setting is needed to meet the growing demand for short video applications on mobile
phones. This paper proposes a new task called online highlight start detection (OHSD) in short video scenarios

to assist in guiding the mobile phone to automatically capture highlights or other short video applications
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during the shooting process. The specific experiment is as below: (1) construct a short video dataset called

Highlight45, which is carefully temporally labeled based on mobile phone shooting, to fill the gaps in training

and evaluation data for new tasks; (2) set the online evaluation metric

the average precision of the first

detection, and the visualization results show that this metric is more suitable for the online start detection task

requirements; (3) design a hybrid dual-stream network with sequence contrastive loss function as the baseline

method for this task. The experiments show that, compared with the traditional method, the proposed method

has achieved 6.98% and 4.11% performance improvements in the existing start detection metric and the

average precision of the first detection respectively.
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Table 1 Results of online highlight start detection with varied metrics on Highlight45

. - AP@1(%) AR@]1(%) AR@2(%) p-AP(%)
a=0.1 a=02 a=03 a=0.1 a=02 a=03 «=01 a=02 a=03 0.5~5s
Baseline(TS) 62.61 74.38 80.95 58.63 71.12 78.64 64.68 78.12 85.47 84.36
P TS w/LSTM 65.15 7533 81.49 66.28 77.40 84.17 69.34 80.97 87.59 86.01
UEBS TS w/GRU 64.01 75.49 82.21 64.27 75.85 82.68 67.58 79.68 86.61 87.05
Highlight-Net 6830  78.49 83.45 69.90 80.19 85.26 74.32 84.17 89.29 91.14
Baseline(TS) 40.93 57.98 68.00 25.88 36.82 45.19 33.28 48.74 59.27 66.56
K5 TS w/LSTM 5267  64.85 72.11 4331 50.44 61.15 50.17 62.19 78.25 68.13
EIES TS w/GRU 51.03  63.77 72.79 41.98 48.94 60.09 48.88 60.36 77.68 67.08
Highlight-Net 66.92  73.60 77.09 69.79 78.12 81.77 79.82 88.69 92.03 70.62
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Table 2 Evaluation of hybrid strategy and temporal

modeling methods

L . AP@1/a=02 AR@1/a=0.2
w %) %)
0 Baseline(TS) 74.38 71.12
1 RGB 69.30 70.63
2 Flow 68.90 69.12
3 RGB w/DCC 67.09 68.42
4 Flow w/DCC 73.65 73.75
5 Flow w/LSTM 72.85 71.92
6 Flow w/GRU 72.59 71.78
7 TS w/DCC 75.81 78.04
8 TS w/LSTM 75.33 77.40
9 TS w/GRU 75.49 75.85
10 Highlight-Net w/LSTM 78.17 79.71
11 Highlight-Net w/GRU 77.95 79.29
12 Highlight-Net w/DCC 78.49 80.19
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