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Table 8. Ablation study of Online Boundary Discriminator. Table 9.Ablation study of K in REST loss. Adjusting the range
Each number denotes an Avg. F1 score for the range afd of REST loss in training CEA.
. Bold number denotes the best Avg. F1 among the given same

size of queue. K 3 5 7 9 11 13 15 17 19

- Avg F1 0.724 0.733 0.743 0.748®.756 0.756 0.754 0.749 0.746
Size of Queue

12 15 18 21 24

Table 10.Comparison of different lengths, Avg F1 scores, and

1.0 0705 0705 0741  0.748 0.751 VRAM usage. We denote the highest Avg F1 bold.
1.5 0.701 0.701 0.743 0.748 0.747

2.0 0.715 0.715 0.740 0.735 0.726

2.5 0.731 0.728 0.716 0.701 0.684 Length Avg F1 VRAM (GB)
3.0 0.711 0.691 0.670  0.649 0.629 2 0.728 5.2
8 (Ours) 0.748 9.0
16 0.742 14.8
: . 2 74 27.
A. Ablation Study on Both and in OBD 3 0.745 9

In Table 8, we conduct an in-depth analysis on the inter- tion, controlling the range of frames that influences the loss
action between the thresholdand the queue size for computation. To better understand the impact of this param-
the Online Boundary Discriminator (OBD). This table high- eter, we conducted additional experiments varying the size
lights the effects of varying these two parameters on the av-of K, with results presented in Table 9. These experiments
erage F1 (Avg. F1) score in Kinetics-GEBD dataset [34]. reveal a clear trend in model performancekaschanges.
We observe that for a given queue size increasing the  The Avg. F1 score shows a consistent increade @gows
threshold initially leads to improvements in performance from 3 to 11, indicating that larger temporal context bene-
up to a certain point, after which further increases ierad fits the model’s ability to detect event boundaries. This im-
to a decline in the Avg. F1 score. For instance, when the provement can be attributed to the model’s enhanced capac-
gueue size is fixed at = 18 , the peak performance is ity to capture longer-range dependencies and more complex
achieved at = 1:5, with an Avg. F1 score of 0.743. In- temporal patterns within the video sequences.
creasing the threshold means selecting more severe outliers Interestingly, our experimental result shows that the
compared to the past errors stored in the OBD. Thus, settingnodel’'s performance peaks whknis set to 11 or 13, with
a criterion that is either too strict or not would naturally re- both values yielding an Avg. F1 of 0.756. However, we
sultin a decline in overall performance. We have determied observe a decline in performance #rvalues beyond 13,
as 1.5 throughout the entire experiment, since it demon-suggesting that excessively large temporal regions may in-
strates satisfactory performance as shown in the Table 8. troduce noise or irrelevant information into the loss calcu-
Additionally, we can observe that performance gets bet- lation. Despite the highest performancekat= 11 and13,
ter with lower values when increases. For exam- Wwe opted to us& = 9 for all experiments reported in the
ple, at a queue size of= 24 , the highest F1 score is main manuscript. This decision was primarily due to practi-
0.751, which occurs at the lowest examined threshold of cal considerations, considering the trade-off between model
= 1:0. This trend suggests that larger queues are betteperformance and computational resources. Lafgealues
with lower thresholds, potentially due to the greater amount require more GPU VRAM during training, which can limit
of past errors available in OBD queue when determining batch sizes or necessitates more powerful hardware.
event boundaries. We choose a queue sizesdtl and a
threshold of = 1:5, where the model achieves its optimal C. Ablation on Length L

f ith an Avg. F1 f0.748. . _ . .
performance with an Avg score o The choice of input video sequence length impacts both the

B. Further Experiments on K in REST Loss performance and computational efficiency of our model. A

longer input sequence provides more temporal context, po-
The Regional EST (REST) loss is a core component in tentially improving boundary detection accuracy but at the
training our Consistent Event Anticipator (CEA), designed cost of increased VRAM consumption and inference time.
to enhance the model’s ability to detect subtle changes atConversely, shorter sequences are computationally efficient
event boundaries. The paramekerdetermines the size of but may lack sufficient context for detecting subtle event
the temporal region considered in the REST loss calcula-transitions.






Figure 5. Additional qualitative result on Kinetics-GEBD dataset. Comparison between our proposed framework and the baseline
(TeSTra-BC [54]).



Figure 6. Additional qualitative result on TAPOS dataset. Comparison between our proposed framework and the baseline (TeSTra-
BC [54]).



