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Abstract

In this work, we address unsupervised temporal action seg-
mentation, which segments a set of long, untrimmed videos
into semantically meaningful segments that are consistent
across videos. While recent approaches combine represen-
tation learning and clustering in a single step for this task,
they do not cope with large variations within temporal seg-
ments of the same class. To address this limitation, we pro-
pose a novel method, termed Hierarchical Vector Quantiza-
tion (HVQ), that consists of two subsequent vector quantiza-
tion modules. This results in a hierarchical clustering where
the additional subclusters cover the variations within a clus-
ter. We demonstrate that our approach captures the distri-
bution of segment lengths much better than the state of the
art. To this end, we introduce a new metric based on the
Jensen-Shannon Distance (JSD) for unsupervised temporal
action segmentation. We evaluate our approach on three pub-
lic datasets, namely Breakfast, YouTube Instructional and
IKEA ASM. Our approach outperforms the state of the art
in terms of F1 score, recall and JSD.

Code — https://github.com/FedeSpu/HVQ

1 Introduction

Analyzing videos at a temporal level is crucial for appli-
cations in domains like healthcare, manufacturing, neuro-
science, and robotics. However, fully-supervised methods
(Abu Farha and Gall 2019; Huang, Sugano, and Sato 2020;
Ishikawa et al. 2021; Yi, Wen, and Jiang 2021; Bahrami,
Francesca, and Gall 2023) require expensive frame-wise la-
bels, and weakly-supervised methods (Chang et al. 2019;
Ding and Xu 2018; Kuehne, Richard, and Gall 2017; Li,
Lei, and Todorovic 2019; Richard, Kuehne, and Gall 2017;
Richard et al. 2018; Khan et al. 2022; Li, Abu Farha, and
Gall 2021; Rahaman et al. 2022; Fayyaz and Gall 2020; Li
and Todorovic 2020; Richard, Kuehne, and Gall 2018; Souri
et al. 2022; Behrmann et al. 2022) still rely on prior knowl-
edge of action classes. In order to discover semantically
meaningful classes directly from long untrimmed videos
without any labeling, unsupervised approaches for tempo-
ral action segmentation have received increasing attention
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Figure 1: Given a set of long untrimmed video sequences
(first row), the goal is to segment each video and cluster the
segments across all videos. Our approach for hierarchical
vector quantization learns two codebooks Z (second row)
and Q (third row), which results in a hierarchical represen-
tation of actions.

(Kukleva et al. 2019; VidalMata et al. 2021; Li and Todor-
ovic 2021; Swetha et al. 2021; Kumar et al. 2022; Tran et al.
2024; Xu and Gould 2024).

Early approaches for unsupervised action segmenta-
tion (Kukleva et al. 2019; VidalMata et al. 2021; Li and
Todorovic 2021) learn first a representation and then clus-
ter and segment the frames based on the learned representa-
tion in a multi-step fashion. More recent approaches (Swetha
et al. 2021; Kumar et al. 2022; Tran et al. 2024; Xu and
Gould 2024) combine representation learning and clustering
in a single step, since representation learning affects cluster-
ing and vice-versa. TOT (Kumar et al. 2022), for example,
applies temporal optimal transport for generating pseudo-
labels, which are then used to supervise the representation
learning. The recent approach ASOT (Xu and Gould 2024)
extends TOT by relaxing the constraint of knowing the ac-
tion order for a video and it improves the performance. How-
ever, it introduces implicitly a strong prior on the segment
length. It fails to identify very short segments, as shown in
Fig. 4, and the distribution over the segment lengths devi-
ates largely from the ground-truth distribution, as shown in
Fig. 3. The bias is caused by generating pseudo-labels from
a noisy frame-to-cluster assignment matrix, which requires
using strong priors like a structural prior.

Since methods for temporal unsupervised action segmen-
tation should not have a strong bias towards segments of cer-
tain lengths, we propose a new metric based on the Jensen-
Shannon Distance (JSD), which measures such bias and
complements existing metrics like the F1 score. To address



this bias, we furthermore propose a novel approach that is
based on a novel paradigm compared to previous approaches
that either generate pseudo-labels or follow a multi-step ap-
proach. Our approach reformulates the problem as a vec-
tor quantization problem where a codebook is learned that
represents the clusters. It learns an embedding of frames, a
codebook and the assignment of frames to the codebook vec-
tors, and thus clusters, jointly. In contrast to previous works,
it neither requires the generation of pseudo-labels nor per-
forms the embedding learning, clustering and assignment of
frames in three separate steps.

To deal with large intrinsic variations of semantically
meaningful segments, we explicitly take in consideration
the natural composition of actions, i.e., in order to com-
plete an action it may be also necessary to complete inter-
mediate steps. We thus propose a hierarchical vector quan-
tization approach, termed Hierarchical Vector Quantization
(HVQ), that provides a fine-to-coarse clustering as illus-
trated in Fig. 1. The quantization is performed at two levels.
The first quantization deals with subactions, a fine-grained
representation of an action, while the second quantization
combines the subaction clusters to obtain the action repre-
sentation. In this way, each coarse cluster can be represented
by a varying number of finer clusters to cope with the in-
trinsic variation within each coarse cluster. HVQ is the first
hierarchical approach for unsupervised temporal action seg-
mentation and the first approach that utilizes vector quanti-
zation.

We evaluate the proposed approach on the Breakfast
(Kuehne, Arslan, and Serre 2014), YouTube Instructional
(Alayrac et al. 2016) and IKEA ASM (Ben-Shabat et al.
2021) datasets. On all the datasets, the proposed approach
achieves state-of-the-art results in terms of F1 score, recall,
and the Jensen-Shannon Distance (JSD), which measures
the similarity of the distributions of the segment lengths of
the predicted and ground-truth segments. In summary, our
contributions are:

* We propose a novel end-to-end architecture for unsuper-
vised temporal action segmentation. The hierarchical ap-
proach is able to capture the variability of action clus-
ters and outperforms a non-hierarchical variant by a large
margin.

* We introduce a novel metric based on the Jensen-
Shannon Distance for evaluating the bias in the predicted
segment lengths.

* Our method achieves state-of-the-art results for unsuper-
vised temporal action segmentation in terms of recall and
Fl-score, and it is less biased.

2 Related Works

Fully-Supervised Action Segmentation. Early fully-
supervised action segmentation methods rely on a sliding
temporal window and non-maximum suppression (Kara-
man, Seidenari, and Bimbo 2014; Rohrbach et al. 2012) or
model the problem with hidden Markov Models (HMM)
(Kuehne, Gall, and Serre 2016; Tang, Fei-Fei, and Koller
2012). Richard and Gall (2016) model the probability of
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action sequences with language and length models. Re-
cent methods mainly use temporal convolutional networks
(TCNs) with temporal pooling to capture long-range de-
pendencies, though this can result in some loss of fine-
grained temporal information. For this reason, Abu Farha
and Gall (2019) introduced a multi-stage TCN, which main-
tains a high temporal resolution and has been further im-
proved by Li et al. (2020). However, frame-wise predictions
can lead to over-segmentation. To mitigate this, Ishikawa
et al. (2021) introduced a boundary regression branch, and
Huang, Sugano, and Sato (2020) proposed a graph-based
temporal reasoning module. With the rise of Transformers
(Vaswani et al. 2017) in vision tasks (Dosovitskiy et al.
2021; Zheng et al. 2021; Wang et al. 2021; Arnab et al. 2021;
Bertasius, Wang, and Torresani 2021), ASFormer (Yi, Wen,
and Jiang 2021) combined multi-stage TCNs with trans-
formers, but also faced over-segmentation. Behrmann et al.
(2022) adressed this by leveraging segment-level cues, while
Bahrami, Francesca, and Gall (2023) used sparse attention to
capture a long temporal context. Lastly, Liu et al. (2023) pro-
posed a framework using denoising diffusion models with
iterative refinement.

Weakly-Supervised Action Segmentation. Weakly-
supervised approaches aim to use a reduced level of
supervision. These approaches vary based on the type of
weak labels used. Transcript-supervised methods (Chang
et al. 2019; Ding and Xu 2018; Kuehne, Richard, and
Gall 2017; Li, Lei, and Todorovic 2019; Richard, Kuehne,
and Gall 2017; Richard et al. 2018; Lu and Elhamifar
2021) know the action order in training videos, while
set-supervised methods (Fayyaz and Gall 2020; Li and
Todorovic 2020; Richard, Kuehne, and Gall 2018) only
know the set of actions without their order or timing.
Timestamp supervision (Khan et al. 2022; Li, Abu Farha,
and Gall 2021; Rahaman et al. 2022) requires the labeling of
just one frame per action segment, offering improved results
and similar annotation cost. Souri et al. (2022) further
improved this by handling missing annotations. Recently,
Behrmann et al. (2022) achieved competitive results by
using a unified fully and timestamp-supervised method.
Unlike these methods, our approach does not require any
action labels.

Unsupervised Action Segmentation. Two different
frameworks have been explored for unsupervised action
segmentation. The first framework achieves action seg-
mentation by detecting boundary changes at video level,
i.e. processing and evaluating the videos individually (Du
et al. 2022; Aakur and Sarkar 2019; Sarfraz et al. 2021,
Mounir, Vijayaraghavan, and Sarkar 2023). The second
framework, instead, processes and evaluates the videos at
activity level, with an additional challenge of identifying the
same actions across videos. Our work falls in this second
framework. Early works in unsupervised action segmenta-
tion utilise the narration for the videos for segmentation.
This is possible only if the narration is provided. For this
reason, recent methods only rely on visual features and
exploit the temporal structure of videos. One of the early
works, Mallow (Sener and Yao 2018), alternates between



learning a discriminative appearance model and optimizing
a generative temporal model of the activity. CTE (Kukleva
et al. 2019) introduces a multi-step approach that starts from
learning continuous temporal embeddings and performs a
clustering on the learned features. JVT (VidalMata et al.
2021) improves CTE by adding a visual embedding. TAEC
(Lin et al. 2023) uses a encoder-decoder structure with a
TCN for learning temporal embeddings, while ASAL (Li
and Todorovic 2021) learns also an action level embedding.
These methods use a multi-step approach, representation
learning and then offline clustering. UDE (Swetha et al.
2021) and TOT (Tran et al. 2024), on the other hand,
allow feedback between these steps, performing a joint
representation learning and online clustering. UFSA (Tran
et al. 2024) follows these recent approaches, but instead of
exploiting frame-level cues only, it uses also segment-level
cues and pseudo-labels. The recent work ASOT (Xu and
Gould 2024) relaxes the fixed action order constraint of
TOT and UFSA, but it suffers from a strong bias on the
lengths of estimated segments.

3 Hierarchical Vector Quantization for
Unsupervised Action Segmentation

Unsupervised temporal action segmentation is a challenging
task since it requires to identify temporal clusters that corre-
spond to semantically meaningful actions not only within a
video, but also across videos, as shown in Fig. 4. In particu-
lar, the cross-video setting imposes major challenges, since
there is a large variation on how an action is executed by
different persons and there is a large appearance variation if
actions are recorded in different environments. Even though
recent works based on generating pseudo-labels using opti-
mal transport (Kumar et al. 2022; Tran et al. 2024; Xu and
Gould 2024) have shown good performance, they introduce
a segment length bias, which is particularly evident for the
most recent approach ASOT (Xu and Gould 2024), as shown
in Fig. 3. To quantify such bias, we will introduce a new met-
ric based on the Jensen-Shannon Distance in Section 4.2.
To address this bias, we propose a novel approach that is
based on a novel paradigm compared to previous approaches
that either generate pseudo-labels or follow a multi-step ap-
proach as discussed in Section 2. Our approach reformulates
the problem as a vector quantization problem where a code-
book is learned that represents the clusters. In this way, we
learn an embedding of frames, a codebook and the assign-
ment of frames to the codebook vectors, and thus clusters,
jointly. We demonstrate that the approach has a lower seg-
ment length bias compared to previous works. In order to ob-
tain better clusters, we furthermore introduce a hierarchical
approach that learns not one but two codebooks where each
codebook represents a different granularity as illustrated in
Fig. 1.

Specifically, our model consists of an auto-encoder struc-
ture where the hierarchy is composed by two-levels of vector
quantization as illustrated in Fig. 2. The encoder maps each
frame x,,; of a video m with 7T,,, frames to an embedding
vector e,,,;. The first level of the vector quantizer then asso-
ciates every encoded frame e,,; with one embedding vector

zj € Z of the first learned codebook Z = {z1,..., zax },
where « is a hyperparameter. The second stage vector quan-
tizer associates every embedding vector z; with another em-
bedding vector ¢; € Q of the second learned codebook
Q = {q¢1,...,qx }. While the second codebook Q represents
the K clusters, the first codebook corresponds to more fine-
grained clusters. Since the number of subactions that cor-
respond to a semantically meaningful action may vary be-
tween actions, the number of embedding vectors z; that are
assigned to g; can vary. After the vector quantization, each
frame is represented by g,,,; € Q. The decoder then aims
to reconstruct the input video sequence X, = {mmt}fgi
from {th}tT;'ﬁ- We denote the reconstruction by Xm =
{Zmt} 1 and the codebooks Z and Q are learned by mini-
mizing the reconstruction error. We now describe the method
in detail.

3.1 Model Details

For the encoder and decoder, we use a light version of MS-
TCN (Abu Farha and Gall 2019). The encoder and decoder
have the same structure. They both consist of two stages,
where each stage is composed by 10 layers. Each layer in-
cludes a temporal convolution with a dilation factor, which
is doubled at each layer. Dilated temporal convolutions are
very useful for the decoder since after quantization many
neighboring frames are represented by the same vector g;
and the reconstruction requires a large receptive field. We
evaluate the impact of the TCN in the GitHub repository.

The prototypes are updated dynamically as a new video is
fed to the network, making our clustering online. Given the
current codebook Z, each frame is associated to the closest
prototype z; € Z:

Zj " €mt ) (1)
1251l leme |l
The association of a subcluster to a cluster is done in the
same way by

Zmt = Z;, ] = argmax;

dmt = q;, % = a‘rgmaxi Ma (2)
’ lgillllzmel
where the association needs only to be computed between
z; € Z and ¢; € Q and not all frames. As in (van den Oord,
Vinyals, and Kavukcuoglu 2017), we update the prototypes
in the codebooks by the exponential moving average with
8 =0.8:

== (B +1-5) 3 em @)

Zj Zmt=%2j

where sz = BNz, + (1 = B)[{zmt = 25},

1
G = = (5%‘ +(1-5) Z th) “)
Nqi dmt=qi

where ]\qui = Ny, + (1 = B){a@mt = @ }|-

N, is the previous estimation of sz, which represent the
number of assigned vectors to prototype z;, and similarly
N,
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Figure 2: Overview of our model. The encoder takes as input a video X,,, and encodes every frame into an embedding vector
em¢. Every e, is associated with the closest prototype z; € Z. The prototypes z; are then associated with the closest prototype
¢; € Q. The association of a frame to Q via Z defines the cluster assignment.

In addition, we also use the strategy proposed by Dhari-
wal et al. (2020). When a prototype has not been assigned to
any input for several batches, we replace the prototype with
an input vector randomly sampled within the current batch.
Specifically, we apply this when NZ]. < 3and N, ¢; < 1. Fur-
thermore, we apply l2 normalization on the encoded latent
variables e,,,; and codebook latent variables z; to improve
training stability and reconstruction quality (Yu et al. 2022).

3.2 Training

We train our model using the reconstruction loss. For a video
m, it is given by

T
rec - Zmet - zthZ

In addition, we use a commitment loss (van den Oord,
Vinyals, and Kavukcuoglu 2017) which encourages the en-
coding vectors to stay close to the chosen prototype and to
prevent frequent fluctuations in the assignment of code vec-
tors (Razavi, van den Oord, and Vinyals 2019):

Z lemt — sg[zma] 13,

Z ||th

where sg[-] denotes stop-gradlent. In this way, the embed-
dings are pushed towards the closest prototype and not the
other way around.

&)

commzt
(6)
Q7nt] ||27

commth
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The overall loss for training our model is then the com-
bination of the commitment loss for the vector quantization
and the reconstruction loss of the auto-encoder:

L = Lcommitz + Lcommitq + )\rec . Lrec (7)

where \,... weights the two loss terms. We provide addi-
tional implementation details in the supp. material, which
also includes additional ablation studies on the impact of the
hyperparameters.

3.3 Inference

After having trained the model, we obtain for each video
m and each frame z,,, an assignment to a prototype
gmt € {q1,-.,qx}, where ¢; is a prototype for cluster
i € {1,...,K}. In order to obtain a smooth solution over
time, we apply FIFA (Souri et al. 2021). To this end, we
convert the hard assignment of a frame to a cluster into a soft
assignment. This is achieved by computing for a frame x,,,;
the distances between the encoding e,,,; and the prototypes
in z; € Z and the distances between prototypes z; € Z and

q € Q:
|Z]
SiMpt i = Z(l - d(emta Z])) + (1 - d(zj, Ql))
j=1

®)

where d(-, -) denotes the cosine distance. Using the softmax
OVET $iMyy¢,; then gives the soft assignment of frame
to cluster ¢. Besides the assignment likelihood, FIFA takes a
cluster order as input. As in (Kukleva et al. 2019), we com-
pute the mean over the timestamps of all frames belonging



to each cluster and order the clusters with respect to this av-
erage timestamp. For the length prior, we count how often a
cluster has been assigned to a frame in a video and use the
average percentage over all videos.

4 Experiments
4.1 Datasets

We evaluate the proposed method on three public datasets:
Breakfast (Kuehne, Arslan, and Serre 2014), YouTube In-
structional (Alayrac et al. 2016) and IKEA ASM (Ben-
Shabat et al. 2021).

e The Breakfast dataset is a large-scale dataset (1712
videos) that includes 70 hours of videos of 10 different
common kitchen activities. The duration of videos varies
widely from 30 seconds to few minutes. It has a total of
48 subaction classes.

e The YouTube Instructional (YTI) dataset, the smallest
used in this work, contains 150 videos from YouTube
with an average length of 2 minutes per video. It cap-
tures 5 activities with 47 subaction classes. This dataset
contains a background class and the fraction of it varies
from 46% to 83%.

e The IKEA ASM (IKEA) dataset contains 371 videos
recording people assembling IKEA furniture for a total
of 35 hours. There are 4 activities with 33 actions. The
length of the videos varies from 1 to 8 minutes approxi-
mately.

As input, we use Improved Dense Trajectory (IDT) features
(Wang and Schmid 2013) for the Breakfast dataset and the
features provided by Alayrac et al. (2016) for the YouTube
Instructional dataset. For the IKEA dataset, we have ex-
tracted the DINO features (Caron et al. 2021).

4.2 Evaluation Protocol

Following the protocol that has been introduced by Kukleva
et al. (2019), we apply our approach to all videos of each
activity separately. K is set to the max number of subac-
tions that appear for each activity. This is required for a fair
comparison of the methods. We establish the mapping be-
tween predicted cluster segments and ground-truth segments
via Hungarian matching, which is computed over all videos
and their frames of one activity.

For all the datasets, we report four metrics: the Mean over
Frames (MoF), the F1-score (Kukleva et al. 2019), precision
and recall. The MoF is the percentage of frames with cor-
rect predictions averaged over all activities. MoF is not a
reliable measure for imbalanced datasets because it is dom-
inated by frequent and long action classes, whereas the im-
pact of short segments, which are much more difficult to de-
tect, is very low on MoF. MoF thus prefers methods with a
bias towards longer segments. The F1-score (Kukleva et al.
2019), which is the harmonic mean between precision and
recall, is a much better metric. In addition to the F1 score,
we also report recall, which measures how many segments
are missed.

A key aspect of this work is to analyze if methods have
a bias in terms of the length of the generated segments.
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Method MOF F1 Recall* JSD*| Precision*
Mallow (Sener and Yao 2018) 34.6 - - - -
CTE (Kukleva et al. 2019) 41.8 264 270 874 25.8
JVT (VidalMata et al. 2021)  48.1 - - - -
ASAL (Li and Todorovic 2021) 52.5 37.9 - -
UDE{ (Swetha et al. 2021)  47.4 31.9 - - -
TOT (Kumar et al. 2022) 475 31.0 263 90.2 37.7
TOT+TCL (Kumar et al. 2022) 39.0 30.3 36.0 85.6 26.2
UFSA (Tran et al. 2024) 52.1 38.0 - - -
ASOT (Xu and Gould 2024)  56.1 38.3 40.1 949 36.7
Ours (HVQ) 544 39.7 449 825 35.6

Table 1: Results on Breakfast. Best results are in bold, while
second best ones are underlined. Tdenotes results based on
I3D features instead of IDT. * denotes metric computed by
ourselves.

To quantify this, we propose a new metric based on the
Jensen-Shannon Distance (JSD). For each video within the
same activity, we compute the histogram of the predicted
segment lengths, using a bin width of 20 frames. We then
compare this histogram with the corresponding ground-truth
histogram using the Jensen-Shannon Distance. These JSD
scores are averaged across all videos for each activity. Fi-
nally, we calculate a weighted average across all activity,
where the weights are the number of frames in each activity.
In particular:

> aea Fa 157 Cmens, ISDist(HE, HE)
ZaGA F,

where F,= Z%il T, is the total number of frames and M,
is the set of all the videos for activity a € A. JSDist is the
Jensen-Shannon Distance:

ISDist(P, Q) = \/DKL(P | M) ;FDKL(Q | M)’
where M :P—gQ and Dyp is the Kullback-Leibler diver-
gence. The input of JSDist is normalized such that the sum
of each histogram [, is one. The metric measures how dis-
similar the distributions of the lengths of the predicted and
ground-truth segments are. A high value indicates a strong
bias in segment lengths. Note that we do not report the met-
ric for YTI since the video sequences are masked based on
the ground-truth background for evaluation, but we report it
for the other datasets that are evaluated without masking.

JSD = » 9

(10)

4.3 Comparison to State of the Art

Result on Breakfast. Table 1 presents the results of our
method compared to state-of-the-art approaches for unsu-
pervised temporal action segmentation. Our approach out-
performs the state of the art in terms of F1 score, recall
and JSD, and it achieves the second best MoF. Only the re-
cent work ASOT (Xu and Gould 2024) achieves a higher
MokF. Our approach, however, outperforms ASOT for all the
other metrics except of precision. For instance, it achieves a
higher recall, i.e., it misses less action segments than ASOT.
Furthermore, ASOT has also the highest JSD indicating the
strongest bias of segment lengths compared to other ap-
proaches. The relatively high MoF of ASOT compared to F1
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Figure 3: Histograms of the segment lengths across the whole milk activity for ground-truth, HVQ, TOT and ASOT. Segments

longer than 580 frames are in the last bin.

score, recall and JSD can be explained by a bias of ASOT to
longer segments, while missing short ground-truth segments
that have a very low impact on MoF.

To analyze this further, Fig. 3 plots the histograms of the
segment lengths across the whole milk activity, using a bin
width of 20 frames. The plots show the strong length bias
of ASOT. While there are many short segments (first two
bins) in the ground-truth, ASOT generates only very few
short segments. These segments have a very low impact on
MOoF, in contrast to the other metrics, and explain the high
MoF of ASOT. TOT (Kumar et al. 2022) is less biased as
shown by the histograms and JSD, but short segments are
underrepresented as well. Our approach follows the ground-
truth distribution of segment lengths best, and thus achieves
the lowest JSD. While TOT+TCL achieves the second best
JSD, the segments are often misclassified, which results in
a low F1-score and recall in Table 1. Our approach achieves
+9.4 and +8.9 higher Fl-score and recall than TOT+TCL,
respectively.

Fig. 4 shows qualitative segmentation results for a video
from the Breakfast dataset. The activity is friedegg and it
contains short and long actions. We compare to CTE (Kuk-
leva et al. 2019), TOT (Kumar et al. 2022) and ASOT (Xu
and Gould 2024). V1, V2, V3 and V4 represent four differ-
ent videos of the same sequence ("P22_friedegg”) recorded
with different cameras, thus the ground-truth segmentation
is the same for all the four videos. For CTE and TOT, the pre-
dictions are very different across videos, therefore the pre-
dictions are not consistent even though the sequence is the
same. In contrast, the predictions of ASOT do not change
much across videos, but the network assigns the first four
actions to a unique cluster, and the same for the last three ac-
tions. As discussed, ASOT is strongly biased towards longer
segments, often overlooking shorter ones. Our method is not
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Method MOF F1 Recall* Precision*
Frank-Wolfe (Alayrac et al. 2016) - 24.4 - -
Mallow (Sener and Yao 2018) 27.8 270 - -
CTE (Kukleva et al. 2019) 39.0 283 22.1 39.3
VTE (VidalMata et al. 2021) - 29.9 - -
ASAL (Li and Todorovic 2021) 449  32.1 - -
UDET (Swetha et al. 2021) 43.8  29.6 - -
TOT (Kumar et al. 2022) 40.6  30.0 31.4 28.7
TOT+TCL (Kumar et al. 2022) 453 329 279 40.1
UFSA (Tran et al. 2024) 49.6 324 - -
ASOT (Xu and Gould 2024) 529 351 27.8 47.6
Ours (HVQ) 503 351 38.7 32.1

Table 2: Results on YouTube Instructions. Best results are
in bold, while second best ones are underlined. Tdenotes re-
sults based on I3D features instead of IDT. * denotes metric
computed by ourselves.

only consistent across V1, V2, V3 and V4, but it is also ca-
pable of correctly clustering the long dark green action and
the shorter actions. However, our approach fails as the other
methods to identify the small red segment of pour oil.

Results on YouTube Instructional. In Tab. 2, we report
the comparison between our method and the state of the art
on the YouTube Instructional (YTI) dataset. We follow the
protocol of prior works and evaluate the results excluding
background frames. As for Breakfast, we outperform UDE
(Swetha et al. 2021) and TOT (Kumar et al. 2022) by a
large margin. While the temporal coherence loss (TCL) de-
creases MoF and F1-score of TOT on Breakfast, it improves
the results on YTI. Nevertheless, our approach outperforms
TOT+TLC on both datasets. Our approach also outperforms
UFSA (Tran et al. 2024). As on Breakfast, ASOT achieves
higher MOF and precision, but lower recall. The F1-scores
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Figure 4: Segmentation results for a sample from the Break-
fast dataset (P22_friedegg). Our approach delivers highly
consistent results across multiple videos (V1, V2, V3, V4)
recorded from different cameras, but with the same ground
truth.

Method MOF F1 Recall* JSD*| Precision*
CTE* (Kukleva et al. 2019)  23.1 226 189 737 28.1
TOT* (Kumar et al. 2022) 21.0 20.1 17.1  80.0 24.4
TOT+TCL* (Kumar et al. 2022) 23.8 209 17.7 79.5 255
ASOT* (Xu and Gould 2024) 34.0 27.9 24.0 88.7 21.1
Ours (HVQ) 51.2 30.7 259 648 37.7

Table 3: Results on IKEA ASM. Best results are in bold,
while second best ones are underlined. * denotes metric
computed by ourselves.

of our method and ASOT are the same.

Results on IKEA ASM. In Tab. 3, we report our results
compared to the state-of-the-art approaches on the IKEA
ASM dataset. We compare our approach to CTE, TOT, con-
sidering also the version with temporal consistency loss
TOT+TCL, and ASOT. Our approach outperforms all meth-
ods in all metrics and the predicted segment lengths are clos-
est to the ground-truth as measured by JSD.

4.4 Ablation Studies

Impact of Loss Terms. We report the impact of the loss
terms for the Breakfast dataset in Tab. 4. Using only the
reconstruction loss results in a relatively low performance,
which is expected since the reconstruction loss does not en-
force compact clusters. This is achieved by the commitment
loss. Using the commitment loss for both levels of the hi-
erarchy Leommit, + Leommit, already performs well. From
the table, we can also see that L.ommit, has a larger im-
pact than Leommat, , Which is expected since Leommi¢, maps
the frame-wise embeddings e,,,; to the fine-grained clusters
whereas L¢ommit, associates the fine-grained clusters to the
coarse clusters. Adding the reconstruction loss to the com-
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MOF F1 JSD|
Lyec 41.6 297 87.2
Lcom'mitq 46.0 35.1 84.4
Lcommitz 51.8 37.4 83.6
Leommit, + Leommit, 544 38.0 825
Lyec + Leommit, 478 364 84.1
Lrec + Lcommitz 51.3 384 83.7
Lrec + Lcommitz + Lcommitq 54.4 39.7 82.5

Table 4: Impact of loss terms on the Breakfast dataset. Best
results are in bold.

Arec 0.0005 0.001 0.002 0.005 0.01
Breakfast  36.4 38.8 39.7 389 378
YTI 332 33.0 351 341 332
IKEA 30.0 296 307 291 303

Table 5: F1 on Breakfast and YTI for different values of A,

mitment loss improves the F1 score further.

Impact of \.... We also study the impact of the weight
parameter .. for the loss term (7) and we report the results
in Tab. 5. Using A, = 0.002 performs well and we use it
for all other experiments. The parameter is not sensitive to
the dataset.

Impact of . In Tab. 6, we show the results on the Break-
fast dataset considering different numbers of prototypes in
Z, which is steered by different values of a. While there is
an improvement for & > 1 compared to o = 1, the per-
formance saturates at « = 2. For larger values of «, the
performance decreases except for JSD since the subclusters
become too fine-grained.

Impact of the Hierarchy. To show the benefits of hav-
ing coarse and fine clustering, we report in Tab. 7 a com-
parison between single vector quantization and hierarchical
vector quantization, with two and three levels. The results
show that the hierarchical vector quantization with two lev-
els outperforms the vector quantization with one level by a
large margin in terms of F1 score. JSD is also better in all
cases where the biggest improvement can be observed for
IKEA ASM. Adding a third layer to the hierarchy does not
improve the results, except for the F1 score on IKEA ASM.
Compared to Breakfast and YTI, IKEA ASM has the highest
average action length. To analyze the relation of hierarchy
level and average action length more in detail, we group the

a=1 a=2 a=3 a=4
MOF 53.6 544 52.7 51.8
Fi 38.2 39.7 38.3 38.2
JSD | 83.7 82.5 83.0 82.2

Table 6: Impact of @ on the Breakfast dataset. Best results
are in bold.



Dataset Metric ~ Single Double Triple
YTI FI 330 351 319
FI 258 276 307
IKEAASM 1o 819 622 648
FI 371 397 382
Breakfast JISD 831 825 841
BF short FI 383 399 390
BFmedium  FI 414 425 400
BF long FI 357 384 380

Table 7: Impact of the number of hierarchy levels.

Breakfast

Model Time (minutes)
TOT 43

CTE 23

ASOT 18

Ours (Single) 18:48

Ours (Double, a = 2) 19:04

Ours (Double, o = 5) 19:15

Table 8: Training and inference time for processing the en-
tire Breakfast dataset.

10 activities of Breakfast into three sets, based on their av-
erage action segment lengths. Activities with short actions
(coffee, tea, cereals) have an average action length below
150 frames. Activities with medium-range actions (sand-
wich, juice, milk) have average action length between 150
and 250 frames. Finally, activities with long action segments
(fried-egg, salat, pancake, scrambled-egg) have average ac-
tion length above 250 frames. The results in Tab. 7 show that
the difference between having two or three layers is smallest
for the activities with long average length. While using more
than two layers depends on the expected average segment
lengths, using a hierarchical approach with 2 layers always
outperforms a non-hierarchical approach.

In Tab. 8, we report the runtime of our method without hi-
erarchy (single), with hierarchy (double), and with a large
value of «, and compare it to TOT, CTE and ASOT. We
measured the runtime on the same workstation with Intel
19-13900k CPU with 24 cores and one NVIDIA RTX 3090
GPU. The overhead added by the hierarchy or by a larger
codebook size (o = 5) is negligible. The runtime is the same
as ASOT, but lower than CTE and TOT. We expect that the
runtime of UFSA (Tran et al. 2024) is higher than the run-
time of TOT, since UFSA extends TOT by additional steps.
The reported runtime of ASAL (Li and Todorovic 2021) is
roughly 10 hours on Breakfast.

Additional ablation studies are provided in the supp. ma-
terial.

5 Conclusion

In this paper, we introduced Hierarchical Vector Quanti-
zation (HVQ), a novel paradigm for the problem of un-
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supervised temporal action segmentation. While the first
level of the hierarchy captures fine-grained subactions, the
second one refines these predictions and produces the de-
sired action-level granularity. Furthermore, we introduced a
new metric that measures the bias in the generated segment
lengths. We showed that our approach is less biased than pre-
vious works and that it is capable of dealing with the large
variations of temporal segments. Additionally, the resulting
vector quantization clusters are consistently assigned to the
same actions across different videos. We provided an exten-
sive set of ablations studies to show the efficiency of the
proposed approach, and showed that our method achieves
state-of-the-art results over previous methods on the Break-
fast, YouTube Instructional and IKEA ASM datasets.
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