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Abstract

Generic Event Boundary Detection (GEBD) aims to inter-
pret long-form videos through the lens of human percep-
tion. However, current GEBD methods require processing
complete video frames to make predictions, unlike humans
processing data online and in real-time. To bridge this
gap, we introduce a new task, Online Generic Event Bound-
ary Detection (On-GEBD), aiming to detect boundaries of
generic events immediately in streaming videos. This task
faces unique challenges of identifying subtle, taxonomy-
free event changes in real-time, without the access to fu-
ture frames. To tackle these challenges, we propose a novel
On-GEBD framework, ESTimator, inspired by Event Seg-
mentation Theory (EST) [50] which explains how humans
segment ongoing activity into events by leveraging the dis-
crepancies between predicted and actual information. Our
framework consists of two key components: the Consistent
Event Anticipator (CEA), and the Online Boundary Dis-
criminator (OBD). Specifically, the CEA generates a pre-
diction of the future frame reflecting current event dynam-
ics based solely on prior frames. Then, the OBD measures
the prediction error and adaptively adjusts the threshold us-
ing statistical tests on past errors to capture diverse, sub-
tle event transitions. Experimental results demonstrate that
ESTimator outperforms all baselines adapted from recent
online video understanding models and achieves perfor-
mance comparable to prior offline-GEBD methods on the
Kinetics-GEBD and TAPOS datasets.

1. Introduction

In the era of diverse video content from platforms such as
YouTube, TikTok and Netflix, the growing importance of
processing long-form videos has spurred a growth of inter-
est in video understanding tasks. While recent research has
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Figure 1. Comparison of offline-GEBD and human perception
with illustration of Event Segmentation Theory (EST). (a) In a
conventional GEBD task, all the event boundaries are determined
by utilizing all past and future frames. However, human segments
event sequentially relying only on visuals available at the current
moment. (b) The illustration of EST shows how humans perceive
events. When we perceive visuals, we naturally expect continuous
visuals to be recognized. When a significant difference from the
given visual input occurs, we perceive it as an event boundary.

actively investigated tasks such as action recognition and
action detection [4, 16, 18, 28, 36, 51, 54], these studies
typically focus on a limited set of pre-defined action classes
and short, trimmed video clips. Consequently, the field of
long-form video understanding, which involves analyzing
extended video content with complex narratives and diverse
actions, remains largely unexplored.

In this regard, Generic Event Boundary Detection
(GEBD) [34] introduces a new perspective to understand
long-form videos. Originating from cognitive science, the
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term event is an entity of which humans naturally segment
continuous visual information, maintaining semantic conti-
nuity. As humans perceive broad and diverse visuals, events
have the characteristic of being taxonomy-free with various
levels of granularity. For example, as illustrated in Fig-
ure 1(b), a pre-defined action like grooming can be parti-
tioned into multiple sub-events, while frames that do not
correspond to any pre-defined action label still be delineated
as generic events. By aiming to detect changes between
these events, GEBD attempts to analyze long-form videos
from a human-like perspective.

However, the current GEBD task aims to identify mul-
tiple event boundaries at once, within a fully given chunk
of video, which differs significantly from how humans per-
ceive events in an online manner (refer to Figure 1(a)). By
relying on both past and future frames to determine event
boundaries, GEBD does not fully reflect natural human per-
ception, as humans process visual information from time to
time without looking at the future. To address this limitation
and to closely mimic human cognition, we propose a new
challenging task, Online Generic Event Boundary Detec-
tion (On-GEBD). In On-GEBD, the model must process a
streaming video and decide immediately whether each in-
coming frame is an event boundary, relying solely on past
and present information without access to future frames.

On-GEBD not only inherits the challenges from previ-
ous offline-GEBD but also faces more complex challenges
due to the limited information (i.e. past-only information)
when determining event boundaries. Prior offline-GEBD
methods effectively address the challenges in detecting sub-
tle semantic changes of different events by generating a
multi-level difference map among several frames [39] or
creating the temporal similarity matrix for the entire video
frame [17]. However, due to their reliance on a complete
sequence of video frames, these methods are not suitable
for On-GEBD, where only past information is available to
determine whether a streamed frame is a boundary or not.
Also, since an online setting requires immediate determina-
tion of boundary as each frame is streamed, it is essential to
devise a method specially tailored for On-GEBD.

To address these issues, we propose a simple yet effec-
tive framework ESTimator inspired by Event Segmentation
Theory (EST) in cognitive science. The EST states that
humans continuously make predictions consistent with an
ongoing event and detect changes when these predictions
diverge from the actual information (refer to Figure 1(b)).
We design a Consistent Event Anticipator (CEA) module to
reflect the essence of the EST. To make CEA predict con-
sistent events robustly, we propose the two training objec-
tives to derive the model to predict visual information con-
sistent with the current ongoing event. ESTimator detects
event boundaries by assessing the discrepancy between the
visual information predicted by CEA and the actual in-

formation. Moreover, determining boundaries based on a
fixed threshold presents challenges in distinguishing events
that are not constrained by a particular taxonomy and have
varying degrees of granularity. Therefore, we propose an
Online Boundary Discriminator (OBD) module that deter-
mines boundaries by comparing the distribution of visual
discrepancies from the surrounding frames. OBD stores
historical discrepancies in a fixed-size queue and conducts
statistical testing to provide a dynamic threshold that re-
flects the surrounding context.

Our method successfully tackles the unique challenges
of On-GEBD and shows its effectiveness on two GEBD
benchmark datasets, Kinetics-GEBD [34] and TAPOS [32].
We show that our model not only outperforms baseline
methods that utilize existing online video understanding
methods [2, 41, 44, 54], but also achieves comparable re-
sults to prior offline methods that are tested under the origi-
nal GEBD setting.

We summarize our contribution as follows:

* We present a new challenging task, On-GEBD, designed
to align closer to the actual human perception.

* To address the unique challenges posed by On-GEBD, we
propose a novel framework, ESTimator, comprising with
a Consistent Event Anticipator (CEA) and Online Bound-
ary Discriminator (OBD).

* Our model outperforms various baselines based on tradi-
tional online video models and achieves performance on
par with offline setting [34, 45].

2. Related Work

Generic Event Boundary Detection. Generic Event
Boundary Detection (GEBD), introduced in [34], aims to
detect event boundaries aligning with human perception.
Unlike traditional video understanding tasks (e.g., TAL [25,
51, 53], Action Recognition [15, 42]), GEBD deals with
continuous semantics without taxonomy, enabling the un-
derstanding of complex video. Recent GEBD works aim
to detect boundaries by processing entire videos or analyz-
ing surrounding frame context. For instance, UBoCo [17]
uses temporal similarity matrices and contrastive learn-
ing, while DDM-Net [39] employs progressive attention on
multi-level dense difference maps. CoSeg [45], inspired
by cognitive modeling [50], introduces boundary detection
through event reconstruction. While offline-GEBD meth-
ods [12, 17, 23, 24, 31, 38, 39, 45, 52, 55, 56] have shown
improvements, our work adapts GEBD to an online setting,
addressing the challenge of making instant decisions with-
out future frames.

Video Understanding. Video understanding encom-
passes various tasks, including Temporal Action Detec-
tion (TAD) [27, 33, 47], Temporal Action Localiza-
tion (TAL) [25, 51, 53], and Video Instance Segmenta-
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Figure 2. Overview of our ESTimator framework. Our framework consists of three major components: Consistent Event Anticipator
(CEA) which generates a consistent future frame feature using a learnable token (Left). EST-inspired training objective that accumulates
frame-level (EST loss) and region-level (REST loss) prediction errors derived from the discrepancy between the generated future frame
from CEA with the actual input frame (Upper right). Online Boundary Discriminator (OBD) with a queue that stores past error prediction
values to conduct statistical testing on the error derived from the current input frame for inference (Lower right).

tion (VIS) [20, 49]. Recent advancements utilize trans-
formers [51], memory structures [5], and end-to-end ap-
proaches [25]. However, these tasks often rely on pre-
defined classes, limiting real-world applicability. While
open-set tasks in TAL [3] have been proposed, they still fo-
cus on class-based localization. GEBD [34] addresses this
limitation by dealing with taxonomy-free events.

Online Video Understanding. Online video understand-
ing focuses on streaming content, sharing commonali-
ties with On-GEBD. Tasks include Online Action De-
tection (OAD) [7], Online Temporal Action Localization
(On-TAL) [16], and Online Detection of Action Start
(ODAS) [35]. Recent works like LSTR [48], TeSTra [54],
and MiniROAD [2] have demonstrated the effectiveness of
transformers and GRUs in OAD. For On-TAL, methods like
CAG-QIL [16] and OAT [21] have been proposed. While
ODAS may seem similar to On-GEBD, it differs signifi-
cantly as it deals with fixed action classes. On-GEBD fo-
cuses on detecting subtle changes among taxonomy-free
events, requiring a distinct approach from conventional on-
line video understanding methods.

3. Online Generic Event Boundary Detection

In this section, we present a new task of Online Generic
Event Boundary Detection (On-GEBD), focusing on the
identification of event boundaries in streaming videos,
which is distinct from the traditional offline-GEBD task.
The offline-GEBD [34] considers a video consisting of
N frames, V = {v;}}¥,, segmented into multiple events
with M distinct generic event boundaries denoted as 5 =

{b; }j”i 1» where b; represents the timestamp of the j-th
event boundary. However, unlike the human perception pro-
cess, where incoming visual information is segmented into
events instantaneously, the offline-GEBD task allows to uti-
lize all frames in V' to determine boundaries b;.

The On-GEBD task imposes two key constraints on the
conventional offline-GEBD: (1) the video is streamed se-
quentially frame-by-frame; (2) the model must make im-
mediate decisions for each incoming frame on whether v; is
an event boundary as soon as the frame is received. These
constraints limit the model to use only the past and current
frames (i.e., v1 ~ vy) for decision-making, without access
to the future context of v;+1 ~ vy . This online, constrained
setting makes the model to closely resemble the real-time,
causal nature of human event perception.

By virtue of its online setting, On-GEBD presents a
novel and more demanding set of challenges than the previ-
ous offline-GEBD task. The absence of future context ex-
acerbates the issues inherited from offline-GEBD in detect-
ing diverse, generic event boundaries. Since the model is
compelled to make instant decisions based on limited infor-
mation, it must balance rapid boundary detection with the
risk of false positives. Consequently, On-GEBD necessi-
tates the development of novel algorithms that robustly de-
tect the event transitions in streaming visual data with low-
latency, which closely aligns with human perception.

4. Method

Our framework, ESTimator, addresses the unique chal-
lenges of On-GEBD by drawing inspiration from the Event
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Segmentation Theory (EST), which explains human event
perception [30]. ESTimator incorporates two key principles
from the EST: (1) humans continuously anticipate consis-
tent information about ongoing events; (2) perceive event
changes when there is a significant discrepancy between
anticipated and actual information (refer to Figure 1(b)).
These principles offer an effective approach to overcome
the key challenges of On-GEBD. The continuous antici-
pation of event information allows the model to make de-
cisions, even without access to future frames. Moreover,
by focusing on the trends in discrepancies between antici-
pated and actual information, the model can effectively de-
tect subtle and diverse event boundaries without relying on
pre-defined taxonomies, thereby addressing the ambiguous
and varied nature of generic events in streaming video.

Regarding the principles, our framework consists of two
components: Consistent Event Anticipator (CEA) and the
Online Boundary Discriminator (OBD). CEA is trained
with two novel training objectives to anticipate consistent
visual information of the ongoing event robustly. Since the
consistent information anticipated from CEA diverges from
actual information at event boundaries, we leverage this dis-
crepancy as a reliable cue for event boundary detection in
online scenario. For clarity, we define the term error to
denote the discrepancy between the actual and anticipated
visual information in the following section. Also, OBD in-
corporates prior errors to effectively detect diverse forms
of event boundaries, enabling more refined and precise de-
tection based on prior semantic changes. In the following
section, we explore each component in detail.

4.1. Consistent Event Anticipator

Transformers have proven their effectiveness in handling
sequential data for video understanding tasks, particularly
in predicting future states based on past and present infor-
mation [9, 10, 37, 40, 46]. Especially, transformer decoders
endowed with auto-regressive causal masking excel at next-
information prediction, as exemplified by Large Language
Models (LLMs). In this context, we utilize the transformer
decoder [43] in Consistent Event Anticipator (CEA) to con-
struct a model that anticipates consistent frame information
aligned with ongoing events.

Transformer Decoder. Following a previous GEBD
work [17], we first extract frame features, f; € RD, using a
pre-trained ResNet-50 image encoder [13]. We concatenate
a single learnable token T € RP with L extracted frame
features F; = {f; f;tl_ 1, and forward them into transformer
decoder layers My to predict streamed frame features.

X; = concat(Fy, T),

. @))
ft - M@(Xt)a

In Eq. 1, f, denotes the output of the learnable token T after
processing through My, which encapsulates a prediction
for the upcoming frame feature (refer Figure 2). With the
causal-attention mask in the transformer decoder, we ensure
that succeeding tokens only attend to the preceding ones.

Objective Functions. The main objective of CEA is to
maximize errors at semantically inconsistent event bound-
aries while minimizing errors within consistent event seg-
ments, thereby embodying the core principles of EST. We
preliminarily define the error €; between the prediction f,
and the actual frame feature f; with the cosine distance, and
scale it between 0 and 1 as follows:

, o1 f, - f)
Er = dlstcos(ft, ft) - 5 (1 - |ft||||f‘t||> . (2)
t t

To achieve the objective of CEA following EST, we use a
binary cross-entropy loss for our EST loss, as follows:

Lpst(et,t) = —yiloger — (1 —y¢) log(1l —&4), (3)

where y; = 1 if t € B, otherwise 0. The EST loss en-
courages My to maximize the errors at event boundaries
while minimizing them elsewhere, effectively distinguish-
ing boundary frames from non-boundary frames.

However, strict frame-wise binary supervision would
be sub-optimal in videos where consecutive frames con-
tain continuous semantic flow. This is because consecu-
tive frames are smoothly connected without abrupt changes,
except shot changes. To address this issue, we propose a
region-level training scheme that considers temporal con-
text flow. Since this training scheme shares the mechanism
of the EST loss, we named it REST loss (Region EST loss).
Incorporating errors derived from nearby regions, REST
loss aims to give soft supervision of the abrupt label tran-
sitions in the near future. Assuming the size of a region
as K, we collect the series of errors €;_f, . .., &; from the
inputs X;_ g, ..., Xy, and compute the average of these
consecutive past errors &; as follows:

t
_ 1
fi=g D G )
i=t—K
The REST loss is then defined as follows:
Lrest(e,t) = LesT(&,t), &)

where the boundary label at ¢ is used for the loss. The REST
loss allows the predicted frame features, f't, K- f't, to be
softly trained with additional future information, making
them less sensitive to noise and more effective in anticipat-
ing future events.

Our final loss function is computed as a weighted sum of
two losses, EST and REST losses, as follows:

t

L(et,t) = a- Lrpsr(ent) + Y Lpsr(ei,i). (6)
i=t—K
In our experiments, we set the hyperparameter o to 0.5.
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Batch-wise Loss Weighting. In the video, frames that
correspond to boundaries account for a significantly smaller
proportion compared to non-boundary frames. Previous
offline-GEBD studies utilize balanced samplers [34, 39] or
weighted loss terms [14] with manually tuned values to al-
leviate issues arising from such imbalanced data distribu-
tion. To achieve a similar effect during training, we utilize
batch-wise loss weighting technique. We first calculate the
ratio of boundary and non-boundary targets within a single
batch. This ratio is then multiplied by the loss calculated for
boundary targets, allowing the batch-wise loss weighting to
balance the impact of boundary and non-boundary samples
during training. This approach not only eliminates the need
for manually tuned scaling values but also aims to achieve
a similar effect to that of using a batch sampler.

4.2. Online Boundary Discriminator

Conventional offline-GEBD methods typically rely on ei-
ther static thresholds [14, 34, 39] or dynamic criteria based
on peak detection [45] to identify boundaries by analyz-
ing the entire sequence of frames—including future ones.
However, these approaches are not well-suited to the On-
GEBD: static thresholds fail to capture diverse form of se-
mantic changes, and peak detection is impractical due to
its reliance on future frame information. These limitations
highlight the need for a novel approach tailored to the im-
mediacy and dynamic nature of On-GEBD.

To address these unique
challenges, = we propose
an Online Boundary Dis-
criminator (OBD), which
dynamically  discriminates
event boundaries by lever-
aging recent semantic flow.
First, OBD stores errors up to
the current frame in a fixed-
size memory queue, denoted as Q, which is managed in a
First-In, First-Out (FIFO) manner. When the ¢-th frame vy
is streamed, Q contains past errors €,_a, ..., £._1, where
A is the size of the Q. Using the errors stored in a memory
queue, OBD conducts statistical testing with the Gaussian
distribution derived from errors in the Q. By normalizing
the incoming error ; with statistical information derived
from Q, the OBD determines a boundary if the incoming
error is identified as an outlier compared to the close region
errors. Figure 3 exemplifies how the underlying mechanism
of OBD dynamically modulates the detection threshold.

h— error
— threshold
prediction
ground-truth,

[

Figure 3. An illustration of
how Online Boundary Detec-
tor (OBD) applies a dynamic
threshold to capture diverse
event transitions.

_ ST le
G= g (7)
OBD(Q, &) =1[¢ > 7],

In Eq. 7, 7 is a threshold value for an indicator function 1]
and (; is the normalized error at frame ¢ by the mean o

and the standard deviation oo derived from errors stored in
Q (refer lower right side of the Figure 2).

In our experiments, we set 7 to 1.5 empirically. By dy-
namically adjusting the error threshold through OBD, our
ESTimator successfully identifies a wide range of event
boundaries, as demonstrated in Figure 4.

5. Experiment

5.1. Setup

Benchmark Dataset. The Kinetics-GEBD dataset [34] is
composed of approximately 60K videos selected from the
Kinetics-400 dataset [19]. The selected videos are divided
into units of taxonomy-free events by specially trained an-
notators. On average, each video contains about 5 differ-
ent events. The train, validation and test videos are almost
equally distributed with 18,794, 18,813 and 17,725 videos,
respectively. Since annotations for the test set are not avail-
able, we report the results evaluated on the validation set,
following prior works [17, 34, 39]. For cross-validation,
we randomly partitioned the dataset into training (80%)
and validation (20%) subsets for the experiments. TAPOS
dataset [32] is composed of Olympic sports videos that are
annotated with 21 different actions with 13,094 training ac-
tion instances and 1,790 validation action instances. Fol-
lowing [34], we re-purpose TAPOS for the GEBD task by
obscuring the action labels of sub-actions. Additionally, we
present results for INRIA [1] in supplementary material.

Evaluation Metric. Relative Distance (Rel.Dis) is a met-
ric that measures the relative difference between the de-
tected boundary timestamps and the ground truth boundary
timestamps in GEBD. We calculate the metric by dividing
the distance between predictions and ground-truths by the
union of predicted and ground-truth event instances. When
the model predicts consecutive frames as boundaries, as dis-
cussed in [34], we set the center of these frames as the pre-
dicted boundary timestamps. Relative distance (Rel.Dis) of
detected timestamps is evaluated under 10 thresholds with
intervals of 0.05, ranging from 0.05 to 0.5. We consider the
result to be positive if it is below each threshold. Following
the prior works, we report the F1 scores on each threshold,
as well as their average in our main experiments.

Baseline. Directly extending the offline-GEBD methods
into an online setting poses challenges as they are not de-
signed to process streaming videos. Therefore, we utilize
state-of-the-art online video understanding models, which
are natively designed for action detection or localization,
as our baseline for On-GEBD. Specifically, we utilize TeS-
Tra [54], OadTR [44], and MiniROAD [2] from Online
Action Detection, and Sim-On [41] from Online Temporal
Action Localization as our naive baselines. Only the head
of each model is modified to perform binary classification
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Table 1. Quantitative comparison with other online baselines in On-GEBD task. BC denotes a binary classifier attached to the last
layer of each model to solve On-GEBD. We denoted with bold for the highest F1 score and second with underline.

Dataset Rel. Dis. threshold  0.05 0.1 0.15 0.2 0.25 0.3 0.35 04 0.45 0.5 Avg
TeSTra - BC [54] 0.438 0.488 0.521 0.545 0.564 0.580 0593 0.604 0.614 0.622 0.557

Sim-On - BC[41]  0.461 0.534 0.579 0.610 0.633 0.651 0.664 0.675 0.685 0.692 0.618
Kinetics-GEBD OadTR - BC [44] 0474 0512 0535 0552 0565 0575 0583 0590 0.596 0.601 0.558
MiniROAD - BC [2] 0.569 0.622 0.649 0.675 0.691 0.704 0.714 0.722 0.729 0.735 0.681

ESTimator (Ours) 0.620 0.687 0.724 0.746 0.762 0.774 0.782 0.789 0.795 0.799 0.748

TeSTra - BC [54] 0.364 0417 0452 0478 0.496 0.511 0523 0.533 0.542 0.550 0.487

Sim-On - BC[41] 0225 0.269 0.303 0.329 0350 0367 0381 0.394 0405 0415 0.344

TAPOS Oad-TR - BC[44]  0.263 0.319 0361 0394 0422 0445 0465 0483 0497 0510 0416
MiniROAD - BC [2] 0.422 0472 0.502 0.522 0.537 0.549 0.558 0.566 0.572 0.578 0.528

ESTimator (Ours) 0.394 0.455 0.499 0.532 0.558 0.578 0.594 0.608 0.619 0.629 0.547

Table 2. Quantitative comparison with offline methods. Note that we report the performance of the models in offline setting from their
original literature. Also, we indicate the highest F1 score with bold, second with underline and third with f.

Dataset ~ Setting ~ Supervision Rel. Dis. threshold 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 Avg
BMN [26] 0.186 0.204 0.213 0.220 0.226 0.230 0.233 0.237 0.239 0.241 0.223

BMN-StartEnd [34]  0.491 0.589 0.627 0.648 0.660 0.668 0.674 0.678 0.681 0.683 0.640

Supervised TCN-TAPOS [34] 0.464 0.560 0.602 0.628 0.645 0.659 0.669 0.676 0.682 0.687 0.627

g TCN [22] 0.588 0.657 0.679 0.691 0.698 0.703 0.706 0.708 0.710 0.712 0.685
‘@ Offline PC [34] 0.625 0.758 0.804 0.829 0.844 0.853 0.859 0.864 0.867 0.870 0.817
§ SceneDetect [34] 0.275 0.300 0.312 0.319 0.324 0.327 0.330 0.332 0.334 0.335 0.318
] Unsupervised PA-Random [34] 0.336 0.435 0.484 0.512 0.529 0.541 0.548 0.554 0.558 0.561 0.506
v P PA [34] 0.396 0.488 0.520 0.534 0.544 0.550 0.555 0.558 0.561 0.564 0.527
CoSeg [45] 0.656 0.758 0.783 0.794 0.799 0.803 0.804 0.806 0.807 0.809 0.782
Online Supervised ESTimator (Ours) 0.620"  0.687" 0.724" 07467 0.7627 0.774"  0.782"  0.7897  0.7957  0.799"  0.748"

ISBA [34] 0.106 0.170 0.227 0.265 0.298 0.326 0.348 0.348 0.348 0.348 0.330

TCN [34] 0.237 0.312 0.331 0.339 0.342 0.344 0.347 0.348 0.348 0.348 0.330

Supervised CTM [34] 0.244 0.312 0.336 0.351 0.361 0.369 0.374 0.381 0.383 0.385 0.350

» Offline TransParser [22] 0.289 0.381 0.435 0.475 0.500 0.514 0.527 0.534 0.540 0.545 0.474
8 PC [34] 0.522 0.595 0.628 0.646 0.659 0.665 0.671 0.676 0.679 0.683 0.642
ﬁ SceneDetect [34] 0.035 0.045 0.047 0.051 0.053 0.054 0.055 0.056 0.057 0.058 0.051
Unsupervised PA-Random [34] 0.158 0.233 0.273 0.310 0.331 0.347 0.357 0.369 0.376 0.384 0.314
PA [34] 0.360 0.459 0.507 0.543 0.567 0.579 05927 0.6017  0.609" 0.6157  0.543F

Online Supervised ESTimator (Ours)  0.3947  0.4557  0.499" 0.5327  0.5587 0.5787 0.594 0.608 0.619 0.629 0.547

(BC), as it is necessary for the model to distinguish whether
a streamed input is a boundary or not.

Implementation Details. We preprocess the video data
by sampling at 24 FPS for the Kinetics-GEBD dataset and
6 FPS for the TAPOS dataset. Following [17], we use the
features extracted from the ResNet-50 encoder, which is
pre-trained on ImageNet [8] with feature dimension D =
2,048. For our experiments, we employ 3 transformer de-
coder layers in both datasets. Additionally, we train our
model with a batch size of 512 using the AdamW [29] opti-
mizer in training with a learning rate of le-4.

5.2. Main Result

Table 1 shows that our framework outperforms baseline
models for On-GEBD on both Kinetics-GEBD and TAPOS
datasets. Traditional online methods like TeSTra-BC, Oad-

TR-BC, and Sim-On-BC show a lack of model capacity in
learning to discriminate generic event boundaries, limited
by their model design to learn pre-defined action classes.
While MiniROAD-BC demonstrates higher performance
than other baselines, our approach still surpasses them on
both datasets. The results highlight that simply adapting
existing approaches is insufficient; a dedicated method like
ESTimator is necessary to detect subtle semantic changes
during the event transition.

In Table 2, we compare our framework with models
evaluated in an offline setting. ESTimator performs on
par with or exceeds most offline methods, achieving higher
Avg. F1 scores on Kinetics-GEBD—except for PC [34] and
CoSeg [45]. Similarly, on the TAPOS, ESTimator outper-
forms all baselines from the original GEBD, with the sole
exception of the PC method [34].
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Table 3. Benefit of the proposed components. As a baseline, we
utilize the transformer decoder with binary classifier. We gradually
add each of the proposed components to investigate its effect on
improving performance.

Method MDEST QREST (®OBD Fl @0.05 AvgFl
Baseline X X X 0.483 0.607
@® v X X 0.571 0.698
@ X v X 0.504 0.654
T+ T T T T T T /T T T T 7T T T T X T T T To54 T T 0691
O+® v/ X v/ 0.604 0.659
0+® X v v/ 0.621 0.692
T+ @ ©urs) v T T T 7T T T T /77T T 7706200 T T 0748

Table 4. Comparison on different metric for calculating the er-
ror. We compare Avg. F1 scores using different distance metrics,
with min-max normalization applied to each batch during training.
Cosine distance is the best choice due to its bounded nature.

Error Calculation Metric Avg F1
L1 Distance (min/max normalized) 0.733
L2 Distance (min/max normalized) 0.733
KL Divergence (min/max normalized) 0.734
Cosine Distance (Ours) 0.748

5.3. Ablation Study

Impact of Proposed Components. To observe the bene-
fits of each proposed component, we build our components
on top of the simple transformer model with a binary clas-
sifier, which we refer to as Baseline in Table 3. The exper-
imental results present the effectiveness of error-based de-
tection of event boundaries, as the model trained with either
EST or REST loss consistently outperforms the baseline.

Naively applying the REST loss on top of the EST loss
degrades the models’ performance, as using both objectives
together tends to reduce errors on boundary frames. Fur-
thermore, the OBD proved to be less effective when applied
to a CEA trained exclusively with either EST or REST loss.
The performance gap between our full proposed framework
and its ablated versions demonstrates the synergistic effect
of our individual components.

Metric for Error Calculation. We investigate the im-
pact of the metric used for error computation on the perfor-
mance of our framework. Unlike the cosine distance, which
is bounded, other widespread metrics such as the L1/L2
distance and the KL Divergence are generally unbounded.
Therefore, to facilitate the application of our proposed EST
and REST losses, we experiment these metrics with min-
max normalization per batch while training the CEA. As
shown in Table 4, the cosine distance demonstrates supe-
rior performance compared to the L1/L2 distance and the
KL divergence. Furthermore, we note that these alternative
metrics remain relatively viable due to our proposed OBD.
OBD provides reliable criteria even for error values with

Table 5. Comparison of real-time performance (in FPS) with
other baselines, which utilize other online video understand-
ing models. We denoted with bold for the highest FPS and perfor-
mance, and underlined for the second highest. ESTimator shows
the highest Avg. F1 with compatible overall FPS compared to
MiniROAD-BC [2]. All experiments were conducted on a single
NVIDIA RTX A6000 GPU.

Method RGB Feat Model Overall Avg Fl1
TeSTra - BC 177 72.5 0.557
Sim-On - BC 181 275 76.3 0.618
0adTR - BC 100 48.9 0.558
MiniROAD - BC 3069 99.8 0.681
ESTimator (Ours) 481 96.3 0.748

Table 6. Video feature comparison. We compare the perfor-
mance of our method and baselines using video features extracted
from TSN networks pre-trained on Something Something v2 (SS-
v2) and Kinetics datasets.

Method Backbone AvgFl  Backbone AvgFl

TeSTra - BC 0.653 0.654

Sim-On - BC 0.524 0.501
TSN TSN

Oa}dfFR -BC (S5-v2) 0.700 (Kinetics) 0.699

MiniROAD - BC 0.684 0.689

ESTimator (Ours) 0.741 0.744

Table 7. Comparison on outlier handling in OBD. Removing
outliers from the queue significantly reduces performance, demon-
strating our OBD functions as a dynamic threshold adaptation.

OBD Setting Avg F1

Using Only Inliers  0.663 (-11.4%)
Full OBD (Ours) 0.748

unbounded ranges, thereby mitigating the challenges of se-
lecting an appropriate threshold.

Real Time Performance. We report a runtime analysis
of our method with other baselines in Table 5 and demon-
strate the feasibility of our approach for real-time process-
ing. For all methods, we utilize the ResNet-50 encoder pre-
trained on ImageNet [8], which operates at 181 FPS in our
experimental setting. ESTimator not only demonstrates su-
perior performance, but also achieves higher FPS compared
to other transformer-based baselines (i.e., TeSTra-BC, Sim-
On-BC, OadTR-BC). Even with superior performance, its
overall FPS is on par with that of MiniROAD-BC, which is
based on GRU [6] architecture. We further demonstrate the
analysis on computation cost in supplementary material.

Utilizing Video Feature. To ensure a fair comparison, we
utilize ResNet-50 as the feature extractor, in accordance
with previous offline-GEBD studies. However, since the
baseline models were originally developed with different
feature extractors and may underperform with ResNet-50
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Figure 4. Qualitative result. Comparison between our proposed framework and baseline from other online video understanding task. Note
that baseline here refers to TeSTra [54] with binary classifier head attached for event boundary detection.

features. Table 6 presents the results using the TSN net-
work as a backbone, which was originally used by these
baselines. Despite utilizing different backbone architec-
tures, our framework still outperforms all other baselines,
thereby proving its robust effectiveness.

Error Handling in OBD. A key challenge in On-GEBD
is balancing sensitivity to upcoming boundaries while pre-
venting false alarms. OBD addresses this challenge by stor-
ing past errors to adjust its sensitivity to boundaries. How-
ever, the persistence of elevated error values from a previous
event boundary within the queue may lead to interference,
hampering the detection of subsequent event boundaries. To
investigate this potential issue, we conducted an ablation
study in which error values identified as event boundaries
were excluded from the OBD queue. As shown in Table 7,
excluding outliers severely degraded performance, reduc-
ing the Avg F1 from 0.748 to 0.663 (11.4% relative drop).
This finding denotes that including errors from event bound-
aries is an essential mechanism for robust event boundary
detection in OBD while ensuring computational efficiency.
We believe that one factor contributing to the effectiveness
of this mechanism is its cognitive plausibility, as human
perception adopts adaptive criteria for event segmentation
when exposed to rapid changes [11].

5.4. Qualitative Result

In Figure 4, we present qualitative comparisons with the
TeSTra-BC baseline. In contrast to the baseline, which

shows noisy predictions as in all of the examples in Fig-
ure 4, ESTimator detects boundaries more accurately that
align closely with the ground truth. Specifically, in the first
example (upper panel), there are 5 ground-truth boundaries;
ESTimator identifies spikes at 4 of these boundaries within
the gray-shaded ground-truth area, while TeSTra-BC de-
tects only 3 boundaries—one of which falls inside an event
segment rather than on an actual boundary. In the second
example, which contains 7 ground-truth regions, TeSTra-
BC successfully detects only 2 boundaries, whereas our
method predicts 8 boundaries, 7 of which are correct.

6. Conclusion

We introduce a challenging new task, On-GEBD, designed
to bring GEBD closer to human perceptual processes. To
address this task, we present ESTimator, inspired by Event
Segmentation Theory (EST) from cognitive science, which
explains how humans perceive and segment events. Our
Consistent Event Anticipator (CEA) is trained using two
losses—EST loss and REST loss—to effectively predict fu-
ture frames consistent with current events, thereby maxi-
mizing errors at event boundaries. Additionally, the On-
line Boundary Discriminator (OBD) employs dynamic cri-
teria to distinguish boundaries based on error values pro-
duced by the CEA. Our work demonstrates superior per-
formance compared to baselines adapted from other online
video understanding tasks and shows almost comparable
performance to some recent work in the offline-GEBD task.
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