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Abstract

Unsupervised action segmentation has recently pushed
its limits with ASOT, an optimal transport (OT)-based
method that simultaneously learns action representations
and performs clustering using pseudo-labels. Unlike other
OT-based approaches, ASOT makes no assumptions about
action ordering and can decode a temporally consistent seg-
mentation from a noisy cost matrix between video frames
and action labels. However, the resulting segmentation
lacks segment-level supervision, limiting the effectiveness
of feedback between frames and action representations. To
address this limitation, we propose Closed Loop Optimal
Transport (CLOT), a novel OT-based framework with a
multi-level cyclic feature learning mechanism. Leverag-
ing its encoder-decoder architecture, CLOT learns pseudo-
labels alongside frame and segment embeddings by solv-
ing two separate OT problems. It then refines both frame
embeddings and pseudo-labels through cross-attention be-
tween the learned frame and segment embeddings, by in-
tegrating a third OT problem. Experimental results on
four benchmark datasets demonstrate the benefits of cycli-
cal learning for unsupervised action segmentation. '

1. Introduction

Unsupervised action segmentation, the task of labeling each
frame in a video or a set of videos with its action class with-
out relying on a labeled training set, has been gaining in-
creasing attention in recent years [12, 23, 28, 41, 45, 50].
This task is critical for numerous real-world applications,
including action detection in sports events, video surveil-
lance, and robotic manipulation [18, 53]. The classi-
cal approach to unsupervised action segmentation follows
a multi-step pipeline, where frame embeddings are first
learned and then clustered into action segments [22, 26, 46].
More recently, optimal transport (OT)-based methods have
emerged, jointly learning action representations and clus-
tering frames by leveraging OT theory to generate pseudo-
labels for self-supervised training. [23, 45, 50].
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Figure 1. Given precomputed frame embeddings X as input, CLOT first
solves an OT problem to generate pseudo-labels 7" alongside initial frame
embeddings F'. It then estimates segment embeddings S and pseudo-labels
T's by solving a second OT problem. Finally, a third OT problem is for-
mulated to obtain refined frame embeddings F'r and pseudo-labels T'g,
by leveraging cross-attention between the learned F' and S, thereby clos-
ing the loop between frame and segment representations.

Among OT-based methods, ASOT [50] stands out as a
particularly effective approach. Unlike other techniques,
it does not impose assumptions about action ordering and
achieves temporally consistent segmentation by solving a
Gromov-Wasserstein OT problem between video frames
and action labels. However, despite its strong perfor-
mance, ASOT still struggles with accurately detecting ac-
tion boundaries, particularly for short-duration segments, as
it implicitly biases segment length through its prior assump-
tions. To address this, an alternative approach, HVQ [41],
reformulates action segmentation as a hierarchical vector
quantization problem, learning a codebook to represent ac-
tion clusters. While this method improves the detection of
short segments, it lacks effective feedback between repre-
sentation learning and clustering, typical of OT-based for-
mulations, resulting in poorer clustering assignments.

We argue that achieving high-quality, fine-grained seg-
mentation requires explicit feedback between frame and
segment representations to ensure that learned clusters align
with true segment boundaries at the video level. To this
end, we propose Closed Loop Optimal Transport (CLOT),
a novel OT-based framework that introduces a multi-level
cyclic learning mechanism to enhance segmentation qual-

ity.
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Our approach, as illustrated in Fig. 1, initially gener-
ates pseudo-labels and jointly learns the frame embeddings.
These embeddings are then used to produce segment em-
beddings. Both are optimized by solving two separate OT
problems. To further improve segmentation consistency,
CLOT refines the pseudo-labels through cross-attention be-
tween frame and segment representations, by integrating a
third OT problem.

Our cyclic optimization framework employs a carefully
designed encoder-decoder architecture (see Fig. 2), com-
prising an MLP-based encoder equipped with a feature
dispatching mechanism, a parallel decoder, and a cross-
attention-based mechanism. Additionally, we incorporate
the Sliced Wasserstein (SW) distance to refine the initial
cost matrix, leveraging its efficiency and robustness in high-
dimensional representation spaces. Our contributions are as
follows:

1. We propose a novel framework for unsupervised action
segmentation that enforces segment-level consistency,
achieving fine-grained segmentation and generalization
across different videos.

2. We devised a novel encoder-decoder-based architecture
that closes the loop between frame and segment embed-
dings by leveraging their cross-attention to refine frame
embeddings.

3. We achieve very competitive performance at both video-
level and activity-level over four benchmark datasets,
namely Breakfast [21], YouTube INRIA [2], 50sal-
ads [42], and Desktop Assembly [23].

4. We provide extensive experiments, an ablation study,
and qualitative results on four benchmark datasets, vali-
dating all components of the proposed architecture.

2. Related work

Fully supervised action segmentation methods remain the
most reliable but require costly data annotations [4, 5, 15,
19, 27, 32, 51]. To improve scalability and practicality, re-
search has increasingly shifted towards weakly-supervised
[6, 9, 30, 31, 34, 40, 49, 52] and unsupervised approaches
[7, 11,12, 22,23, 26, 28, 37, 38, 41, 45, 46, 50], aiming to
reduce reliance on labeled data while maintaining competi-
tive segmentation performance.

Unsupervised activity-level action segmentation. Un-
supervised action segmentation traditionally follows a two-
step pipeline: first, learning action representations in a self-
supervised manner and then clustering the learned embed-
dings, typically assuming a predefined number of clusters.
Classical methods strongly rely on temporal regularization
to model the sequential nature of activities [22, 38]. This
idea has been further refined through encoder-decoder ar-
chitectures, incorporating either visual reconstruction losses
(VTE) [46] or discriminative embedding losses (UDE) [43]

to enhance clustering performance. Other methods have
framed the problem as a self-supervised learning task,
where action prototypes are discovered via auxiliary clas-
sification objectives [12, 26]. For instance, CAD [12] intro-
duced a framework that identifies action prototypes using
an activity classification task, while ASAL [26] proposed a
method that distinguishes between valid and invalid action
orderings based on shuffled segment predictions.

Recently, Optimal Transport (OT) has emerged as a pow-
erful tool for jointly learning action representations and
pseudo-labels through self-training, enabling effective feed-
back between representation learning and clustering while
directly optimizing for action segmentation. TOT [23] in-
troduced a temporal OT formulation that generates pseudo-
labels from predicted cluster assignments. However, this
approach assumes fixed action ordering across all videos
and uniform label assignment, contradicting the natural
variability and long-tailed distribution of action labels.
UFSA [45] addressed these limitations by incorporating
frame- and segment-level cues from transcripts, allowing
for action permutations within activities and non-uniform
label assignments. However, it still requires prior knowl-
edge of an estimated action order to infer the segmentation.

To overcome this constraint, ASOT [50] introduced an
OT-based method capable of producing temporally consis-
tent segmentations without any prior assumptions about ac-
tion order. This makes it particularly suited for both pseudo-
labeling and decoding. However, ASOT enforces a strong
structural prior, limiting its ability to detect short-duration
actions, which are critical in many real-world applications.
More recently, HVQ [41] tackled this issue by using a hi-
erarchical vector quantization-based approach, significantly
improving short-action detection. However, its learned
codebook that represents action classes has limited action
generalization capabilities compared to ASOT since it lacks
explicit feedback between representation and clustering.

Unsupervised video-level action segmentation. Video-
level action segmentation focuses on processing individual
videos independently, without relying on predefined activ-
ity categories. Existing approaches can be broadly catego-
rized into representation learning methods and clustering-
based methods. Representation learning approaches aim
to learn robust action features before applying a clustering
algorithm. LSTM+AL [1] predicts future frames and as-
signs segmentation boundaries based on prediction errors,
while TSA [7] introduced a contrastive learning framework
that employs a triplet selection strategy. Clustering-based
approaches directly segment videos using similarity met-
rics. While clustering has been underexplored in action
segmentation, recent work on TW-FINCH [37] incorpo-
rates temporal proximity alongside semantic similarity for
improved clustering. Similarly, ABD [14] detects action
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boundaries by measuring adjacent frame similarities, and
OTAS [28] enhances boundary detection by incorporating
object-centric features.

Optimal Transport for Structured Prediction. Optimal
Transport (OT) has become a key framework in machine
learning for measuring distributional discrepancies, particu-
larly in unsupervised clustering and representation learning
[23, 45, 50]. Unlike traditional probability metrics, Wasser-
stein distance preserves the geometric structure of distribu-
tions, making it well-suited for structured prediction tasks
[3, 25, 36]. However, its computational complexity limits
its scalability. To address this, projection-based OT (POT)
methods, such as Sliced Wasserstein (SW) distance, effi-
ciently approximate OT by projecting high-dimensional dis-
tributions onto lower-dimensional subspaces. SW distance
has been successfully applied to point-cloud processing,
color transfer, Gaussian Mixture Model learning, and do-
main adaptation, making it a practical alternative for large-
scale applications [10, 20, 24, 35, 48].

ASQOT’s structural priors hinder short action detection
and limit segmentation granularity, while its lack of feed-
back between frame and segment embeddings leads to sub-
optimal clustering. Motivated by these challenges, we pro-
pose CLOT, a novel OT-based architecture that enhances
segmentation performance by better capturing the under-
lying video structure through a multi-level cyclic feature
learning mechanism.

3. Closed Loop Optimal Transport

Problem formulation. Given a dataset V := {V°}2 |
consisting of B videos and, for each video Vb an initial
frame-level embeddings X b e RVXD where N is the num-
ber of video frames and D the dimension of embedding, our
goal is to learn a set of K action cluster centroids, repre-
sented as A := [a1,az,...,ax] € REX, with a; € R?
corresponding to the centroid embedding of the j-th action.

CLOT learns these centroids in an unsupervised fash-
ion, through a three-level cyclic architecture (see Fig. 2).
Each level solves an OT problem that learns a soft assign-
ment: 1) between frames and action clusters in the first
level, 2) between segments and action clusters in the sec-
ond level, and again 3) between frames and action clusters
in the third level. In the latter level, the OT problem is
based on refined frame-embeddings derived from the cross-
attention between frames and segment embeddings learned
in the previous levels. The solution of each OT is strongly
rooted in ASOT but differs from it in the way the initial
cost matrix is computed. In this section, we first detail our
CLOT architecture and then explain how we solve the OT
problem and train the proposed network.

3.1. CLOT architecture

The proposed architecture, illustrated in Fig. 2, consists of
an MLP-based encoder with a feature dispatching mecha-
nism and a parallel decoder. The encoder outputs a frame
embedding F' by solving a temporally consistent OT prob-
lem that operates on the cost matrix (frame-to-cluster) C.
The frame embedding F' is then decoded into a segment
embedding S by the parallel decoder, which also solves a
temporally consistent OT problem based on the cost ma-
trix (segment-to-cluster) Cg. A cross-attention mechanism
between the encoder output F' and the decoder output S is
used to refine the frame embeddings into F'r, while solv-
ing a projection-based OT problem that operates on the cost
matrix (frame-to-segment-to-cluster) Cp. In the following,
we detail each component.

Encoder with feature dispatching. The encoder consists
of a multi-layer perceptron network (MLP) that processes
the input video frames X € RY*? into frame-level embed-
ding F € RV*4 where N is the number of video frames
and d the feature dimension. The proposed method em-
ploys an adaptive process that dispatches each frame within
a cluster based on similarity, resulting in a more struc-
tured and meaningful representation of the overall structure
and context within the cluster, close to [29]. The feature
dispatching mechanism is driven by a learnable similarity
function ¢ parameterized by « and /3, defined as:

A-F
S 1
1A] ||F||> M

where o denotes the sigmoid activation function and A rep-
resents the cluster embeddings. Each frame is assigned to a
cluster using an attention-based masking approach, select-
ing the most relevant cluster and updating its feature repre-
sentation. For each video frame f; € F', the updated feature
embedding f/ € F', with F' € RV*? is computed as:

B(A,F) = a<6+a-

: L\
fi=1fi+ ?];)(‘Zs(Akafi) # Ar) @)

where K is the total number of clusters and ¢ € [1,...N].
This update ensures that feature representations are dynam-
ically adjusted based on the learned similarities, leading to
more structured and meaningful frame embeddings.

To simplify notation, the updated feature embedding F”
is redefined as F', indicating that I’ now represents the en-
coder with the integrated feature-dispatching mechanism.

Parallel decoder. The second stage of our framework em-
ploys a parallel decoder, adapted from [ 17, 33] for the action
anticipation task. This decoder is responsible for transform-
ing the frame-level embeddings F' into segment-level rep-
resentations .S in a parallel, structured and efficient manner.
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Figure 2. Diagram of the CLOT architecture. The only model input is the initial feature embeddings, X, extracted from video frames. The model
consists of a multi-layer perceptron (MLP) encoder with a feature dispatching mechanism, a parallel decoder, and a cross-attention module. The magenta

boxes indicate the architectural components of the model, whereas the boxes correspond to the , which include the learnable
action embeddings A as well as the learnable frame and segment embeddings. Arrows denote the computational/gradient flow, with crossed-out arrows
(%) indicating points where the gradient flow is stopped. Specifically, cyan arrows correspond to the first stage, arrows to the , and

purple arrows to the third stage. The model leverages a closed-loop optimal transport mechanism to refine frame embeddings through cross-attention with
segment embeddings, ensuring improved action segmentation accuracy. The estimated OT matrices (T, T g, T g) act as pseudo-labels during training, and
are computed at different stages by using the frame/segment features (F, S, and F'r) together with the action embeddings A, which are used to define the
OT cost matrices.

Unlike autoregressive decoders like in [5, 16], which pre- KOT. The KOT problem [44] seeks for a transportation
dict segments sequentially and suffer from error accumula- plan of the joint probability distribution 7 and solves for
tion, our model adopts a parallel decoding strategy, where the minimum cost of coupling T* € 7T between the his-
all action segments are predicted simultaneously. tograms p and v, where u = %1 nyand v = %1 K, being

The decoder is based on a query-based attention mech- 1, and 1 g uni-dimensional vectors of ones with N and K
anism inspired by object detection architectures [8] and in- dimensions, respectively. The problem is formulated as:
cludes learnable queries Q € R *dacc where K is the

number of action queries and each query serves as a seg- T = r_r[.nem <C T> S
ment prototype. The query-based decoder also consists
of multi-head cross-attention between the encoder and de-
coder, along with self-attention mechanisms, to obtain the
final segment embedding S € RE *? with K’ < K denot- where T represents the transportation polytope and C* €
ing the number of detected segments. Rf *K s the cost matrix. In the context of action seg-
mentation, the variable T € ]Rf *K can be interpreted as
a soft assignment between two discrete sets, corresponding
to frames and action indexes.

{TeRV*F :T1g =p, T 1y = v}, Q)

Cross-attention for refinement. By incorporating the in-
trinsic information from the segment embeddings extracted
for the decoder and the cluster centers, the method refines

the feature embedding, enhancing the overall understanding GW. The GM OT problem allows us to incorporate struc-
of the video’s underlying structure. To integrate segment- tural priors over the transport map, such as temporal consis-
level structure into frame embeddings, we apply a cross- tency. The objective is defined as:
attention mechanism
T fGW(CvaCaaT) = Z L( 1k70 )T’UTM?
Fr=F+ softmax(T . \/g)S, 3) i,5€[n],j,l€[m] ©
where L : R x R — R quantifies the discrepancies between

where 7 is a temperature parameter. This cross-attention- the cost matrices, and [n] and [m] represent the set of video
based alignment ensures that the feature frame representa- frames and action embedding, respectively.
tions are structured according to segment embeddings, help- The unbalanced OT formulation is as follows.

ing to bring frame-level details to the temporal segmenta-
tion process. s
P min aFew(C”, €, T) + (1 - a)For (C™, T)

€7p

3.2. Optimal Transport formulation + ™)
—AKL(T'1, | v),

For the sake of completeness, we recall the OT unbalanced

formulation proposed in [50], which combines the clas- where « € [0, 1] balance KOT and GW terms, and K L de-

sical Kantorovich Optimal Transport (KOT) with a fused notes the Kullback-Leibler divergence between T and the

Gromov-Wasserstein Optimal Transport (GWOT).
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Figure 3. Impact of cyclic multi-stage architecture. Each column corresponds to different videos from the 50Salads EVAL dataset
(rgb07-1, rgb04-1, rgb18-1, and rgb01-1). The pink boxes highlight instances where the model (T r) accurately detects the underlying
segment or refines an existing one with greater precision, compared to using only the first stage (T') or relying solely on the predicted frame-
to-action assignment probabilities (P). The red vertical lines denote segment boundaries. For this visualization, we use the subsampled

features (256 per video) from the training set.

row-sum marginal distribution of 7 with A > 0. In par-
ticular, KL penalty on the column-sum marginals of the
coupling matrix 7 to v, enabling a more flexible coupling
solution.

Cost matrices. C := {Ck Cv C%} is the set of cost
matrices for the KOT and GW subproblems. In our OT
formulation, each of these matrices incorporates a set of
submatrices: {C**,C",C*} for frame embedding F' and
refined frame embedding Fr and {CF, C*, C%} for seg-
ment embeddings S. They play a crucial role in defining
the optimal transport problem at each stage since they en-
code structural priors over the transport map desirable for
the video segmentation task (i.e., temporal consistency).
Except for C*%, they are defined as in [50]. Specifically,
the cost matrices C* € RY*N and C* € REXK regu-
late the assignment of video frames and action categories,
respectively by penalizing assignments of adjacent frames
(li—k| £ Nr,i # k) to different action embedding (j # 1)
for two differents assignments T;; and T};. However, no
penalty is applied to assignments outside temporal radius
N or adjacent frames mapped to the same action (j = ).
The last cost matrix C* is the visual component and is de-

fined as Cﬁj = m — p - Z;; and Z is the temporal
prior used in [23, 50] defined as Z;; = |1/N — j/K| for
p=0.

For C*%, we introduce the Sliced-Wasserstein (SW) dis-
tance as a complementary metric to the cosine distance,
which has been successfully applied to many other struc-
tured prediction problems [10, 20, 24, 35, 48]. The p-
Wasserstein distance between two probability measures p

and v in the probability space is defined as:

- ; P
W)= (Lt [ @)
(®)
where II(u, v) denotes the set of all couplings of u and v,
i.e., joint distributions with marginals x4 and v. For p >
1, we estimate the discrete SWD distance empirically by
discretizing the integral over the unit sphere S?~! in R?
using a finite set of random projections {6;}}, between
z; € X and a; € A, leading to:

B =

M P
1
SWD,(zi, a;) = (M > d(Rem#ﬂ?z‘,Rem#%‘)> ;

m=1
©)
for M randomly sampled 6, d quadratic loss and V(i,j) €
N x K. In our method, we use p = 1, which means that
it is equivalent to solving several one-dimensional optimal
transport problems with closed-form solutions [36].
Specifically, the cost matrix CV € Rf *K captures the
visual similarity between frames and actions, defined as

C}y =1+ SWD(z;,a;) — CJ (10)
3.3. CLOT learning pipeline

We learn the parameters of our architecture in an unsuper-
vised manner. The training objective minimizes a cross-
entropy loss between predicted action probabilities P and
their corresponding soft pseudo-labels 1" derived by solv-
ing an OT problem. See Fig. 3 to visualize the impact of our
cyclic multi-stage training. Specifically, we integrate three
key components: frame embeddings (F') generated by the
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MLP, segment embeddings generated by the decoder (S),
and refined frame representations (Fr ) obtained by using
the cross-attention between F and S. Each of these com-
ponents is associated with soft pseudo-label T € REXN,
T € REXK and Ty € RE*N, respectively. For a given
video b, we define the predicted frame-to-action assignment
probabilities as

P;} = softmax(FbAT)ij/ﬂ (11)

where 7 > 0 is a temperature scaling parameter. The frame-
to-action learning loss is then formulated as

| BN K

LTP)=—2> > > Tjlghy,  (12)
b=1 i=1 j=1

Similarly, we compute the segment-to-action assignment

probabilities Pg and the frame-to-segment-to-action as-

signment probabilities P . Their corresponding loss func-

tions are defined analogously. The final training objective is

a sum of these three losses

Lirain = E(T,P) JrE(TS,Ps) JrE(TR,PR) (13)
4. Experimental Results

4.1. Experimental setting

Datasets and Features. We evaluate our approach us-
ing four widely used video datasets, each with pre-
extracted feature representations for fair comparison with
prior work [12, 22, 23, 41, 45, 50]:

e Breakfast (BF) [21] comprises approximately 1,700
videos depicting individuals preparing various breakfast
items. Each video belongs to one of 10 activity cate-
gories, covering 48 distinct actions such as cracking an
egg or pouring flour. The videos range in duration from
30 seconds to several minutes. We use Fisher vector fea-
tures extracted from IDT [47].

¢ YouTube Instructions (YTI) [2] consists of 150 in-
structional videos spanning 5 activity categories. These
videos, averaging around 2 minutes in length, primarily
focus on tutorials, with a significant portion of frames (~
75%) containing background content. We use a concate-
nation of Histogram of Optical Flow (HOF) descriptors
and features extracted from the VGG16-conv5 layer [39].

e 50 Salads (FS) [42] consists of 50 videos, totaling 4.5
hours, in which actors perform cooking activities. The
dataset provides two levels of granularity: Mid (19 action
classes) and Eval (12 action classes), where some Mid-
level actions are aggregated into single actions in the Eval
level. We extract Fisher vector features from IDT [47].

* Desktop Assembly (DA) [23] includes 76 videos, each
approximately 1.5 minutes long, depicting actors assem-
bling items in a predefined order. The task involves 22
sequentially performed actions. We use the features pro-
vided by [45].

Metrics. We follow established evaluation protocols for
unsupervised action segmentation, consistent with prior
studies [13]. To align learned action clusters with ground
truth labels, we apply Hungarian Matching at the video
level [7, 14, 37], where matching is performed within each
video individually, and at the activity level [22, 23, 41, 45,
46, 50], where matching is performed across all videos of
the same activity category.

To assess action segmentation quality, we employ the
following metrics: (i) Mean over Frames (MoF), which
represents the percentage of correctly predicted frames and
is sensitive to class imbalance, favoring dominant classes;
(ii) F1 Score, the harmonic mean of precision and recall, as
proposed in [22], which complements MoF by treating large
segments as a whole and mitigating the effects of class im-
balance; and (iii) Mean Intersection over Union (mloU),
which computes the average intersection-over-union across
all classes, explicitly addressing the impact of class imbal-
ance.

Implementation details The encoder employs an MLP
with a single hidden layer, while the decoder follows a
parallel architecture. Dropout rates, projection dimen-
sions, the number of predicted segments K’ per video and
other dataset-specific hyperparameters are adjusted for each
dataset, with full details provided in the supplementary ma-
terial. Optimization is performed using the Adam optimizer
with a learning rate of 102 and weight decay of 107%.
Action embeddings are initialized through k-means cluster-
ing. Training is conducted with 256 frames per video, sam-
pled from uniformly distributed intervals. The number of
action clusters K is defined based on the ground truth ac-
tion count for each dataset, ensuring consistency with prior
work [22, 23, 41, 45, 46, 50].

4.2. State-of-the-Art Comparisons

Traditionally, unsupervised action segmentation at the
video level and the activity level have been treated as sepa-
rate challenges. Video-level segmentation is generally con-
sidered the less complex of the two, as it does not require
generalizing action representations across multiple videos.
In contrast, activity-level segmentation demands the ability
to maintain accurate action boundary detection while en-
suring generalization across different instances of the same
activity. This trade-off has historically limited performance
improvements across both settings. CLOT establishes a new
state-of-the-art in both video-level and activity-level seg-
mentation. It consistently outperforms previous approaches
on almost all benchmark datasets. Below, we analyze our
results in detail, comparing them to existing methods and
interpreting the architectural contributions that drive our su-
perior performance. Fig 4 contains qualitative examples
where actions are seen in different orders across videos
within a dataset. More results are in the supp. mat.
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Methods Breakfast YTI 50Salads (Mid)  50Salads (Eval) DA

MoF Fl1 mloU MoF F1 mloU MoF FlI mloU MoF F1 mloU MoF Fl1 mloU
CTE [22] 41.8 264 - 39.0 283 - 302 - - 355 - - 47.6 449 -
VTE [46] 48.1 - - - 299 - 242 - - 306 - - - - -
UDE [43] 474 319 - 438 29.6 - - - - 422 344 - - - -
ASAL [26] 525 379 - 449 32.1 - 344 - - 392 - - - - -
TOT [23] 475 31.0 - 40.6 30.0 - 31.8 - - 474 428 - 56.3 51.7 -
TOT+ [23] 39.0 30.3 - 453 329 - 343 - - 445 482 - 58.1 534 -
UFSA [45] 52.1 38.0 - 49.6 324 - 36.7 304 - 55.8 50.3 - 65.4 63.0 -
ASOT [50]  56.1 38.3 18.6 529 35.1 24.7 462 374 249 59.3 53.6 30.1 704 68.0 459
HVQ [41] 544 39.7 - 50.3 35.1 - - - - - - - - - -
CLOT (Ours) 60.1 40.1 18.5 54.4 36.7 234 50.6 46.6 314 594 63.2 38.8 68.8 72.6 48.1

Table 1. Comparisons of action segmentation performance obtained by applying the Hungarian matching at the activity-level on the
Breakfast [21], Youtube Instr. [2], 50Salads [42] and Desktop Assembly [23] benchmarks. The highest accuracy is indicated in bold, and

the second highest is underlined.

Methods Breakfast YTI 50Salads (Mid)  50Salads (Eval) DA

MoF F1 mloU MoF Fl1 mloU MoF Fl mloU MoF F1 mloU MoF Fl1 mloU
TWE* [37] 62.7 49.8 423 56.77 482 - 66.8 564 48.7 71.7 - - 73.3 677 57.7
ABD* [14] 64.0 523 - 672 492 - 71.8 - - 712 - - - - -
OTAS* [28] 67.9 - - 65.7 - - 724 - - 735 - - - - -
TSA* [7] (kmeans) 63.7 58.0 53.3 59.7 553 - - - - - - - - - -
ASOT [50] 63.3 535 359 712 633 478 643 51.1 334 645 589 33.0 73.4 68.0 47.6
CLOT (Ours) 66.3 55.9 37.1 69.3 60.8 48.2 694 63.8 45.0 64.6 69.7 425 73.5 752 524

Table 2. Comparisons on the Breakfast [21], Youtbe Instr. [2], 50Salads [42] and Desktop Assembly [23] datasets computed by applying
Hungarian matching per video. * denotes whether the method has a training stage on target videos. The highest accuracy is indicated in

bold, and the second highest is underlined.

Breakfast YTI 50Salads (Mid)  50Salads (Eval) DA
MoF F1 mloU MoF Fl1 mloU MoF Fl1 mloU MoF F1 mloU MoF Fl1 mloU
CLOT 60.1 40.1 185 544 36.7 234 506 46.6 314 594 632 38.8 68.8 72.6 48.1
w/o SWD 59.8 39.8 18.0 53.8 34.8 20.7 479 38.5 250 58.1 52.7 254 585 623 38.5
w/o FD 519 359 162 519 346 222 450 312 249 51.7 519 262 63.6 683 44.3
w/o Decoder 58.0 38.9 18.2 515 358 233 449 375 260 57.7 527 263 662 684 465
w/o Refinement 59.7 39.6 18.3 519 353 209 47.1 37.8 253 582 526 24.5 68.2 70.6 47.6

Table 3. Ablation Study on the four datasets: Breakfast [21], YTI [2], 50Salads [42] and Desktop Assembly [23]

Activity-level. CLOT surpasses all existing methods,
achieving a significant performance gain. Specifically,
our approach improves over the previous best-performing
method by an average of +2.54% in MoF, +5.08% in F1
Score, and +3.2% in mlIoU across five benchmark datasets.

Our F1 results consistently outperform the state of the
art, with a particularly large margin in 50Salads and DA.
This suggests that our action embeddings are more descrip-
tive than the cluster embeddings from ASOT [50] or the
vector quantization from HVQ [41]. However, our mloU
scores are marginally lower than those of ASOT on the BF
and YTI datasets. The mloU metric assigns equal weight to
all classes, meaning that infrequent actions disproportion-
ately affect the final score. If certain actions are never de-

i

tected due to their rare occurrence, mloU is more affected
than MoF or F1 Score. This explains why our F1 scores
remain high even in datasets where mloU is slightly lower.
Nonetheless, in the remaining datasets, we demonstrate a
substantial improvement in mIoU (~ 5.8% on average).

CLOT lies in its parallel decoder architecture, which en-
sures that segmentation errors do not propagate across an
entire sequence. Unlike autoregressive models, where er-
rors accumulate over time, our parallel decoder prevents
error propagation, ensuring that a single misclassified seg-
ment does not negatively impact the entire sequence. This
allows the model to effectively avoid segmentation drift
while maintaining high-quality action boundaries (compar-
isons in supp. mat).
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Figure 4. Qualitative results. We display the ground-truth (GT),
the results of CLOT (Ours), and ASOT [50]. Results from different
datasets and activities are displayed for comparison.

Video-level CLOT and ASOT [50] learns a single model
across all videos of an activity. In contrast, * methods
are trained and optimized independently per video and are
tailored to each test instance, often achieving higher per-
formance by design, without generalization across videos.
CLOT outperforms ASOT [50] across all datasets except for
YTI, while often achieving F1 and mIoU scores comparable
to methods specifically designed for video-level segmenta-
tion. This improvement suggests that CLOT dynamically
refines action representations, allowing it to adapt more ef-
fectively to varying segment structures, which is particu-
larly important at the video-level.

4.3. Ablation Study

To assess the impact of each component of our proposed
framework, we conducted an ablation study on four bench-
mark datasets by systematically removing key elements
from our architecture and measuring the resulting perfor-
mance degradation. Further ablation experiments and sen-
sitivity analysis are provided in the supp. mat. The results
are reported in Tab 3. Our full model, CLOT, achieves the
highest performance across all datasets.

Removing SWD leads to a decline in performance across
all datasets, particularly in terms of mIOU. This suggests
that SWD plays a critical role in enhancing the inicial cost
matrix. The performance drop is evident in the 50Salads
and DA datasets. By projecting data onto one-dimensional

subspaces, SWD helps the visual information to reduce the
error in videos where actions have a strong bias between
actions.

Removing the feature dispatching (FD) mechanism re-
sults in a noticeable decrease in MoF and F1. This sug-
gests to us FD prioritises informative frames and filters
out irrelevant and noise frames (no visual information or
background). Without the Decoder, Mof and mloU drop
significantly, particularly in 50S and YTI, suggesting that
segment-level embeddings are essential for short-duration
actions. The decoder improves structured segmentation and
enables a more global representation of actions, comple-
menting frame-level embeddings.

Eliminating the refinement stage results in consistent
performance degradation, particularly in F1 and mIOU.
This suggests the importance of incorporating segment-
level structure to refine frame embeddings and action
boundaries.

The results demonstrate that each of the introduced com-
ponents adds value to the final segmentation results, even if
the magnitude of the impact may vary significantly depend-
ing on the dataset. This study confirms that the integration
of these components mitigates reliance on strong structural
priors, filters noisy frames, and enables a more comprehen-
sive action representation.

5. Conclusion

We presented CLOT, a novel Optimal Transport-based
framework for unsupervised action segmentation that in-
troduces a multi-level cyclic learning mechanism to refine
frame and segment embeddings. Unlike previous methods,
CLOT closes the loop between representation learning and
clustering, ensuring a structured and adaptive segmentation
process. The key architectural components of CLOT are the
enhancement of the initial cost matrix through the Sliced
Wasserstein Distance, which captures finer inter-frame re-
lationships, a feature dispatching mechanism that filters
out noisy or background frames, a parallel decoder that
provides segment-level estimations, and a cross-attention
mechanism that allows refining frame-level embedding. Al-
together, these components ensure high-quality segmenta-
tion accuracy across dataset variability. Our experiments on
four benchmark datasets confirm the effectiveness of CLOT,
consistently surpassing existing methods in both video-level
and activity-level segmentation.

Limitations. While CLOT achieves state-of-the-art per-
formance, action mislabeling remains the main open chal-
lenge, highlighting the need for improvements in pseudo-
label refinement and segment alignment. We believe CLOT
represents a significant step forward in OT-based action seg-
mentation, paving the way for advances in self-supervised
learning and structured prediction tasks.
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