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Abstract

Human Motion Segmentation (HMS), which aims to parti-
tion videos into non-overlapping human motions, has at-
tracted increasing research attention recently. Existing ap-
proaches for HMS are mainly dominated by subspace clus-
tering methods, which are grounded on the assumption
that high-dimensional temporal data align with a Union-of-
Subspaces (UoS) distribution. However, the frames in video
capturing complex human motions with cluttered back-
grounds may not align well with the UoS distribution. In
this paper, we propose a novel approach for HMS, named
Temporal Rate Reduction Clustering (TR?C), which jointly
learns structured representations and affinity to segment the
sequences of frames in video. Specifically, the structured
representations learned by TR>C enjoy temporally consis-
tency and are aligned well with a UoS structure, which is
favorable for addressing the HMS task. We conduct ex-
tensive experiments on five benchmark HMS datasets and
achieve state-of-the-art performances with different feature
extractors. The code is available at: https://github.
com/mengxianghanl23/TR2C.

1. Introduction

Human motion recognition and analysis have been an ac-
tive focus of research for around two decades [15, 36, 39].
As a preparatory step, Human Motion Segmentation (HMS)
aims to divide sequences of frames in a video into distinct,
non-overlapping segments, each representing a specific hu-
man motion [20]. Due to the labor-intensive nature of man-
ually annotating sequences in video, researchers often re-
gard HMS as an unsupervised time-series clustering task.
Roughly, the existing methods for HMS typically assume
that the frames in a video capturing consecutive motions
lie on a Union of low-dimensional Subspaces (UoS) em-
bedded in high-dimensional data. Thus, subspace cluster-
ing methods have emerged as a dominated research line for
the HMS task [13, 25, 30, 33, 57]. However, an impor-
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tant prior for the HMS task is that the temporally neigh-
boring frames in a video are more likely belonging to the
same human motion. To incorporate the temporal conti-
nuity between frames in a video, various temporal regu-
larizer is introduced to encourage the temporally neighbor-
ing frames to be clustered into the same subspace [27, 48].
More recently, transfer learning-based subspace clustering
methods, e.g., [50, 51, 62, 63], have been proposed to fur-
ther improve the performance of HMS. Despite the flour-
ish of developing these methods for the HMS task in the
past decade, the clustering performance of HMS still faces
a bottleneck.

For human activities recognition task, as explored in the
prior works [21, 41], the frames in videos capture both com-
plex human motions and cluttered backgrounds. Thus, it
turns out to be more likely that the features of the frames in
video can hardly align well with the UoS distribution at all.
As a consequence, it is necessary to amend the representa-
tion of the frames in video to align with the UoS distribution
while performing the motion segmentation.

In this paper, we attempt to jointly learn structured rep-
resentations that align with the UoS distribution and simul-
taneously perform motion segmentation. To be specific, we
propose a novel and effective approach for HMS, termed
Temporal Rate Reduction Clustering (TR*C), which inte-
grates the Maximal Coding Rate Reduction (MCR?) princi-
ple [58] and a temporal continuity regularization to jointly
learn the temporally consistent representations that align
with a UoS distribution and the affinity simultaneously.
We solve the problem efficiently by introducing a neural
network and leveraging differential programming. Exten-
sive experiments are conducted on five HMS benchmark
datasets and superior performance confirms the effective-
ness of the proposed approach.

The contributions of the paper are highlighted as follows.

1. We propose a novel approach, named Temporal Rate
Reduction Clustering (TR?C), which is able to jointly
learn temporally consistent structured representations
and affinity to segment the sequences of frames in video.

2. We demonstrate the effectiveness of our proposed TR?C
with extensive experiments on five benchmark datasets
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and different feature extractors, achieving state-of-the-

art performance.

To the best of our knowledge, it is for the first time to ex-
ploit the MCR? principle for clustering temporal sequences.

2. Related Work

In this section, we will review the previous works for HMS
at first, and then introduce the relevant work on the principle
of maximal coding rate reduction.

Probabilistic methods for HMS. Early human motion
segmentation algorithms primarily relied on probabilistic
models to model time series data, e.g., Hidden Markov
Models [45], Dynamic Bayesian Networks [37] and Auto-
regressive Moving Average Models [55]. These methods
typically employ the Expectation Maximization (EM) al-
gorithm for effective optimization. Besides, there are also
several effective frameworks which extend classical clus-
tering algorithms (e.g., k-means) by combining Dynamic
Time Warping [60, 61].

Subspace clustering based methods for HMS. Under the
assumption that human motion data lie on a UoS, each mo-
tion corresponding to a subspace, it is appealing to apply
subspace clustering methods to address the HMS task. To
date, various temporal subspace clustering methods are pro-
posed, e.g., Ordered Subspace Clustering (OSC) [48] and
Temporal Subspace Clustering (TSC) [27], in which the
temporal continuity information is exploited. In OSC, the
|| - l1,2 norm is introduced as a temporal continuity regular-
ization; in TSC, the temporal continuity graph Laplacian is
introduced to encourage neighboring frames to be grouped
into the same subspace. Then, in [16], Gaussian Process
is incorporated to handle missing data to enhance the ro-
bustness; in [53], minimum spanning tree is introduced to
characterize the affinity between neighboring frames with
less redundancy. In addition, transfer learning is also in-
troduced to align the source domain and target domain by
optimizing a projection [50, 51] or learning multi-mutual
consistency and diversity across different domains [62, 63].
However, the performance of the methods mentioned above
is still unsatisfactory due to the data deviating from the UoS
distribution.

Representation learning based subspace clustering
methods for HMS. To learn effective temporal represen-
tations for HMS, in [3], a dual-side auto-encoder is in-
troduced to learn representations assisted with temporal
consistency constraints; after that, in [4], a velocity guid-
ance mechanism is leveraged for the better capturing of
changes between different motions; in [7], non-local self-
similarity is introduced to form the representations of each
frame; in [8], graph consistency is introduced to regularize
the learned representations. More recently, in [9], an ap-
proach termed Graph Constraint Temporal Subspace Clus-
tering (GCTSC) is developed in which graph consistency-
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based representation learning is combined with temporal
subspace clustering (TSC). Unfortunately, in these afore-
mentioned methods, there is no evidence to demonstrate
that the learned representations are suitable or well aligned
with the UoS distribution.

MCR? principle. In supervised learning, a so-called Max-
imal Coding Rate Reduction (MCR?) principle is proposed
to learn discriminative and diverse features that conform
to a UoS distribution [52, 58]. In the unsupervised learn-
ing field, the MCR? principle is leveraged to perform im-
age clustering, assisted with contrastive learning in [29].
Then, an approach called Manifold Linearizing and Clus-
tering (MLC) is presented in [11], which incorporates a
doubly stochastic affinity into the MCR? framework, and
in [5] MLC is further evaluated on visual datasets with
pretrained CLIP features [40], achieving excellent perfor-
mance. Nonetheless, there is no prior work to address the
HMS task with the MCR? framework to date.

3. Our Method

In this section, we will first formulate a novel optimization
problem for the HMS task to learn simultaneously efficient
representations and affinity for segmentation. Then, we will
develop a differential programming approach to solve the
problem efficiently.

3.1. Problem Formulation

Given a video consisting of N frames D = {Z;}¥ |, HMS
aims to group each frame into one of prescribed human mo-
tions. Denote X = [x;,...,xy] as the sequence of ex-
tracted features from each frame, which are typically used
as the input data of HMS frameworks.

In the HMS task, the extracted features from the se-
quence of frames corresponding to different motions are
typically assumed to approximately lie on a Union of Sub-
spaces (UoS), where each subspace is spanned by the fea-
tures of the frames belonging to a specific motion. Based
on such a UoS assumption, subspace clustering methods
have emerged as the dominant approaches for the HMS
task [13, 27, 30, 33, 48]. However, the segmentation perfor-
mance of these methods seems to be stuck, primarily due to
the misalignment between the data and the UoS assumption,
especially in the scenarios involving complex motions and
cluttered background [21, 41]. To address this limitation, it
is crucial to learn structured representation of the data, i.e.,
a mapping function F : X — Z that transforms the input
X into representation Z with more favorable distribution,
thereby enhancing segmentation performance.

Given the partition II, learning UoS representations.
The principle of Maximal Coding Rate Reduction (MCR?)
guarantees to learn representations Z which align with UoS
structure in supervised setting, where the coding rate quan-
tifies the minimum average coding length required to com-
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Figure 1. The Framework of TR*C. Structured representations and affinity are jointly learned in TR?C to facilitate motion segmentation.

press the representations which are drawn from a mixture of
Gaussian distributions in lossy compression scenario [34].
To be specific, given a set of diagonal matrices IT = {IT; €
{0, 1}~ |, where the mn-th diagonal element of TI,
indicates whether the m-th sample belongs to the j-th class,

the MCR? principle aims to optimize:
max  Ap(Z,IL¢) == p(Z,¢) = p*(Z, ¢ | 1D),
)]

st. |lzl3=1, fori=1,---,N,

where

1 d -
o(Z,e) = ilogdet(I—F N—€2ZZ ) (2)

is the coding rate of the representations Z € RN with
respect to precision € > 0 and

trél'[j) log det(I+

N = Z1,;Z")

- d
p°(Z,¢e|II) ::Z ()2

j=1

3)
is the sum of coding rate of the representations Z; from
each class indicated by II;.

From a geometric perspective, the log det(-)-based func-
tion, which serves as a concave relaxation of rank(-), mea-
sures the volume of the representations. By jointly maxi-
mizing the holistic volume of the representations while min-
imizing their intra-class volumes, the representations natu-
rally conform to a union of orthogonal subspaces distribu-
tion.'

Given Z, learning the partition II. For the unsupervised
HMS task, the representations are fixed and assumed lying
on a UoS and we aim to find the assignment matrices set I1.

IPlease refer to [52, 58] for rigorous proofs.

In such case, the correct assignment matrices set I would
sort these data into its own subspace and thus make the cod-
ing rate minimized [34]. Therefore, the task of learning I
can be formulated into an optimization problem as follows:

ml_'}n p(Z,e|II). 4)

However, for an unsupervised HMS task, the represen-
tations Z might not well align with a UoS distribution.
Jointly learning Z and I1. When both Z and IT are jointly
learned, we have an optimization problem as follows:

min  p°(Z, €| II),
i 5)

st. |lz3=1, fori=1,---,N.

An important prior in the HMS task is that the temporally
neighboring frames in the video are more likely belonging
to the same motion. Therefore, it is helpful to introduce a
temporal continuity regularizer, which encourages learning
the representations that are of temporal consistency between
neighboring frames and thus facilitates the segmentation
task [27, 48]. However, the temporal consistency among
frames in a video is ignored in problem (5).

Jointly learning temporally consistent representation Z
and II. Analog to [27], we introduce a temporal Laplacian
regularizer, which is defined as follows:

N N
1 T
r(Z) =35 ZZU@'II% -zl =t(ZLZ"), (6)
1=1 j=1
where L = Diag(W1y) — W is the graph Laplacian ma-
trix, 1 is a column vector of dimension IV consisting of 1,

and the affinity W = {w;;}1;_, is defined as:

_ L ifli—gl <3,
Wij = { 0, otherwise, Q)
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where s is the size of a sliding window. The temporal Lapla-
cian regularizer r(Z) conforms the similarity relationship
among the learned representations to the pre-defined affinity
W, which geometrically governs the smoothness of learned
representations along the temporal dimension.

By taking into account the temporal continuity prior, we
formulate an optimization problem as follows:

min p°(Z,e | II) + \r(Z),
st. |lz3=1, fori=1,---,N,

where A > 0 is a hyper-parameter. While problem (8) looks
appealing, unfortunately, there exists undesired trivial solu-
tions (Z,, IT,) that all embeddings are collapsed.”

To prevent the collapsed solution, inspired by [35, 58],
we add a maximizing total coding rate based regularization
term into problem (8). Thus we have an optimization prob-
lem as follows:

min  — p(Z,e) + M\ p°(Z,e | II) + Aar(Z),
ik ©)
st. |lzi3=1, fori=1,---,N,

where A1, A2 > 0 are two hyper-parameters. We call this
framework in (9) a Temporal Rate Reduction Clustering
(TR?C).

Remarks. The total coding rate term p(Z, ¢) in our TR*C
offers a tighter approximation to the rank(Z) [14, 32, 34,
58]. Minimizing —p(Z, €) together with p°(Z,e | II) +
r(Z) can help prevent over-compressing the learned repre-
sentations. Although the TR2C problem appears to be ra-
tional, it is still quite challenging to solve due to the combi-
natorial nature.

3.2. Optimization

Rather than directly optimizing II, in this paper, follow-
ing [11], we introduce a doubly stochastic affinity matrix
I'cE where 2 :={I e RN |IT1=1T"1 =1},
then the term p° is relaxed to:

1 d
P(Z,e| 1) = ; logdet(I + 52 Diag(T';)Z ")
(10)
where I'; being the j-th column of I'.

Similar to [11, 59], we consult the differential program-
ming approach to solve the continuously relaxed problem.
We re-parameterize Z and I' through properly designed
neural networks and optimize over the parameters of the
neural networks. To be specific, we introduce an encoder

2The existence of collapsed solutions often leads to an over-smoothing
issue. For example, the over-smoothing issue in graph neural networks re-
sults in indistinguishable node embeddings [26]; the over-smoothing issue
in deep subspace clustering causes catastrophically collapsed representa-
tions [18].

f(+), a feature head g(-) and a cluster head h(-) to form our
implementation framework. Formally, the outputs of fea-
ture head and cluster head are computed by:

forall i € {1,..., N}. Then, after the normalization of the

outputs z; = z;/||zill2, U; = v;/||Y;ll2, we compute the
affinity I by:

(1)

T =P(Y'Y), (12)

where Pz(+) is a sinkhorn projection [6], which is a differ-
entiable projection to doubly stochastic matrix. Note that
owing to the normalization for z; and the sinkhorn pro-
jection, the constraints in (9) and for defining the doubly
stochastic I" can be (automatically) satisfied.

Equipped with the reparameterization, rather than di-
rectly optimizing over Z and I, we instead update the pa-
rameters of the networks by back-propagation. Specifically,
we denote the parameters in networks f(+), g(-) and h(-) as
6. Then the parameters 0 can be updated by minimizing the
following loss functions:

L=—L,+ MLy + MLy, (13)

where

L, = % log det(I + %Z(G)Z(G)TL
N
Lpe=) % log det (T + ;122(9) Diag(T;(0))Z(0)"),
L, =tr(Z(0)LZ(O)").
(14)

Finally, having the affinity I'(@), we apply spectral clus-
tering [43] to yield HMS results as in [9, 27]. For clarity, we
illustrate the overall framework of our TRC in Figure 1 and
summarize the whole training procedure in Algorithm 1.

4. Experiments

To evaluate the effectiveness of our proposed approach,
following [4, 9, 27, 50, 51, 62, 63], we conduct experi-
ments on five benchmark datasets, including Weizmann ac-
tion dataset (Weiz) [17], Keck gesture dataset (Keck) [21],
UT interaction dataset (UT) [41], Multi-model Action De-
tection dataset (MAD) [19], and UCF-11 YouTube action
dataset (YouTube) [31]. We defer the description of these
datasets to Appendix A.1.

4.1. Experimental Setups

For datasets Weiz, Keck, UT, and MAD, following the base-
lines, we conduct experiments based on 324-dimensional
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Algorithm 1 Temporal Rate Reduction Clustering (TR*C)

Input: Input Features X € RP*N  hyper-parameters
A1, A2, number of iterations 7', network parameters 0,
learning rate n

Initialization: Randomly initialize parameters 6

1: fort=1,...,T do
2: # Forward propagation

3: Compute Z(0) and Y (0) by (11)
4: Compute affinty I'(0) by (12)

5: # Backward propagation

6: Compute loss £ by (13)

7: oL

Compute Vg = 35
8: Set@ <+ 60 —n-Vy
9: end for

Test: Apply spectral clustering on I'(8).

HoG features [64] of each frame.” For the YouTube
dataset, following [63], we conduct experiments on 1000-
dimensional pretrained VGG-16 features [44]. To explore
the limit of TR2C, we also evaluate the performance with
the features extracted from the image encoder of pretrained
CLIP model [40]. Key information about datasets is sum-
marized in Table 1.

Table 1. Key information about datasets used by training. We
show the number of sequences, the number of motions, the max-
imal number of frames of all the sequences, dimension of HoG,
VGG and CLIP features.

Dim Dim

#Motions #Frames (HoG/VGG)  (CLIP)

Datasets #Seq

Weiz 9 10 826 324 (HoG) 768
Keck 4 10 1245 324 (HoG) 768
uT 10 6 650 324 (HoG) -
MAD 40 10 1379 324 (HoG) -
YouTube 4 10 2572 1000 (VGG) 768

We use clustering accuracy (ACC) and normalized mu-
tual information (NMI) as the evaluation metrics. The per-
formance is reported by taking the mean and standard devi-
ation after running the experiments with 5 different random
seeds.

We choose a lightweight neural network architecture,
where the encoder is a two-layer Multi-Layer Perceptron
(MLP), with the clustering head and feature head being
Fully Connected (FC) layers. The hyper-parameters A; and
Ao are tuned independently for each dataset. Sliding win-
dow size s is fixed as s = 2 for all datasets. The sensitivity
to hyper-parameters is reported in Figure 5 and the hyper-
parameter settings are summarized in the Appendix A.2.

3The HoG features are available at https : / / github .
com/wanglichenxj/Low-Rank-Transfer-Human-Motion-—
Segmentation.

4.2. Comparative Results

We compare the performance of TR?C on HoG features to
subspace clustering algorithms, e.g., LRR [30], RSC [28],
SSC [13], LSR [33], temporal regularized subspace clus-
tering algorithms, e.g., OSC [48], TSC [27], transferable
subspace clustering algorithms, e.g., TSS [50], LTS [51],
MTS [62], CDMS [63], and representation learning assisted
temporal clustering algorithms, e.g., DGE [8], DSAE [3],
VSDA [4], GCTSC [9]. The results other than our TR2C
are cited from [9, 63].

As shown in Table 2, although TR?C does not utilize
additional data through a transfer learning strategy, yet it
achieves a clustering accuracy that is 20% higher than that
of the transfer learning-based approach. TR2C also out-
performs other representation learning assisted HMS algo-
rithms, namely, DGE [8], DSAE [3], VSDA [4], GCTSC
[9]. This may stem from the fact that these representa-
tion learning methods using self-similarity, auto-encoder, or
graph consistency cannot substantially improve the struc-
ture of the data distribution. In contrast, TR?C explic-
itly ensures that the learned representations exhibit an de-
sirable distribution, contributing to improved separability.
It is noteworthy that the conventional subspace cluster-
ing algorithms without using temporal continuity informa-
tion perform well on the YouTube dataset, since the back-
ground of YouTube dataset shifts significantly among dif-
ferent motions and the pretrained VGG model extracts se-
mantic meaningful features. TR?C additionally integrates
temporally consistency and yields satisfying segmentation
result. Please refer to Appendix A.8 for the visualization of
segmentation results of TR?C.

4.3. More Evaluations

Qualitative evaluation of representations. To have an in-
tuitive comparison, we conduct experiments to visualize the
input HoG data and the learned TR®C representations on
the Keck, UT and MAD datasets. The visualization results
are displayed in Figure 2 (see Appendix A.l for more re-
sults). For each dataset, we use a subset containing 3 dif-
ferent motions for better clarity. We apply Principal Com-
ponent Analysis (PCA) for dimension reduction because it
performs a linear projection on the input data, well preserv-
ing its structure.

As can be observed, the input data with raw HoG fea-
tures (in the first row) lie on approximately one-dimensional
manifolds without clear and separable a union of subspace
structure. This observation accounts for the reason why the
previous HMS approaches did not achieve satisfactory per-
formance with the raw HoG feature. On the contrary, the
output TR?C representation (in the second row) exhibits
a clear union-of-orthogonal-subspaces structure, making it
easier to segment different motions. The clear contrast
in PCA visualization reveals that the union-of-orthogonal-
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Table 2. The performance of TR?C comparing to state-of-the-art algorithms.

Weiz Keck UT MAD YouTube

Method ACC NMI ACC NMI ACC NMI ACC NMI ACC NMI
LRR [30] 43.82 36.38 48.62 42.97 40.51 41.62 22.49 23.97 - -
RSC [28] 41.12 48.94 34.85 32.52 36.64 18.81 37.30 34.18 - -
SSC[13] 60.09 45.76 38.58 31.37 49.98 43.89 47.58 38.17 - -
LSR [33] 50.93 50.91 45.48 48.94 43.22 51.83 36.67 39.79 93.16 96.64
OSC [48] 70.47 52.16 59.31 43.93 68.77 58.46 55.89 43.27 - -
TSC [27] 61.11 81.99 47.81 71.29 53.40 75.93 55.56 77.21 90.40 95.00
TSS [50] 62.08 85.09 53.95 80.49 59.44 78.78 57.92 82.86 62.94 88.20
LTS [51] 63.91 85.99 55.09 82.26 62.99 81.28 59.80 82.11 62.26 88.98
MTS [62] 64.36 83.71 60.10 82.70 64.33 82.39 61.63 83.14 64.40 81.41
CDMS [63] 65.05 83.75 62.07 80.40 66.43 83.06 65.36 82.51 67.98 91.33
MLC [11] 37.30 45.86 47.29 49.78 45.79 35.30 30.27 29.40 94.82 97.30
DGE [8] - - 72.00 83.00 - - 67.00 82.00 - -
DSAE [3] 61.99 78.79 57.53 74.07 60.06 79.50 55.48 77.34 - -
VSDA [4] 62.87 79.92 58.04 73.97 62.03 82.26 56.06 77.70 - -
GCTSC [9] 85.01 90.53 78.64 83.25 87.00 82.56 82.97 84.71 95.79 96.30
Our TR?C  94.12+120 9591+066 83.50+1.08 85.63+0.86 93.54+1.05 91.83+0.65 83.08z0.62 86.86+037 97.96+153 98.96:0.83

(a) Keck (b)UT

(c) MAD

Figure 2. Visualization of features via PCA. First row: input
HoG features. Second row: learned TR?C representations. Exper-
iments are conducted on the first sequence of each dataset.

subspaces distribution of features is a key factor contribut-
ing to the state-of-the-art performance of TR2C.
Quantitative evaluation of representations. To quantita-
tively evaluate the effectiveness of the learned representa-
tion of TR2C, we illustrate the clustering performance of
using HoG feature and the learned representation in Fig-
ure 3. We perform spectral clustering (SC) [43] and Elastic
Net Subspace Clustering (EnSC) [57] algorithms, and re-
port the clustering accuracy in Figures 3a and 3b, respec-
tively.*

Comparing to the HoG features, the clustering accuracy
of using the learned representations improves significantly
across all datasets and clustering algorithms, with particu-
larly notable gains on the UT dataset using spectral clus-
tering (a 29% improvement) and the Weizmann dataset us-
ing EnSC (a 28% improvement). Since the performance

4For EnSC, we tune the hyper-parameter -y S
{1,2,5,10, 20, 50,100, 200, 400, 800, 1600, 3200} and the hyper-
parameter 7 € {0.9,0.95, 1} and report the best clustering result.

of clustering algorithms heavily depends on the underlying
data distribution, these significant improvements highlight
the enhanced quality of the learned representations. As-
sisted with these features, the clustering accuracy of the
affinity matrix I' is further improved, suggesting that the
clustering head in TR?C is more effective in revealing clus-
ters than other classical clustering approaches. The superior
performance of the clustering head may be attributed to the
fact that the optimal I in Problem (9) is better at capturing
the subspace membership of the learned representations.

CIHoG [ Feature [ Affinity [ HoG [ Feature [ Affinity
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Figure 3. Clustering accuracy of using HoG features, learned
features, and learned affinity. Experiments are conducted on the
first sequence of each dataset.

Robustness evaluation of representations. Intuitively, if
the representations align with a UoS structure, they will en-
joy strong robustness to the random noise corruption. To
verify this, we corrupt the learned representations of TR2C,
GCTSC [9] and HoG features by the additive isotropic
Gaussian noise A (0,0I), where o > 0 is the noise level.
We apply EnSC [57] and LSR [33] to cluster the corrupted
features and plot the clustering accuracy along with the
standard deviation after running with 5 different random
seeds. As shown in Figure 4, although the clustering per-
formance of GCTSC is highly competitive without noise
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(o = 0), it decreases significantly regardless of the clus-
tering algorithms on both datasets. In contrast, the repre-
sentations of TR*C is more robust to the noise corruption.
When clustering with EnSC (thick line), the average cluster-
ing accuracy of TR?C’s representations drops at most 15%
and 10% on Weiz and UT dataset, respectively, which are
significantly less than the 45% and 30% drop of GCTSC.

—— TR’C+EnSC  —s— GCTSC+EnSC -+~ HoG+EnSC
TR2C+LSR GCTSC+LSR HoG+LSR

—e— TR’C+EnSC  —+— GCTSC+EnSC —— HoG+EnSC
TR2C+LSR GCTSC+LSR HoG+LSR
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noise level o noise level o

(a) Weiz (b) UT

Figure 4. Clustering accuracy of features under noise corrup-
tion. We test on features learned by TR2C, GCTSC, and HoG
features, using EnSC (thick) and LSC (thin) for clustering.

Ablation study. To study the effect of each component in
the loss function, we conduct ablation study and report the
results in Table 3 (see Appendix for more results). Clearly,
we can read that both £, and L. are indispensable for our
TR2C to learn structured representations to facilitate HMS.
As illustrated, the absence of either £, or £ will seriously
detriment the performance, resulting in over-segmentation
(line 3) or over-compactness (line 2) of representations. Ad-
ditionally, the temporal regularizer £, also contributes sig-
nificantly to the clustering performance (line 1), which val-
idates that temporal consistency of representations is an in-
dispensable prior for HMS problem.

Table 3. Ablation study. We report the average performance of
all the sequences in the Weiz, Keck and UT dataset.

Loss Weiz Keck UT
Ly Ly L ACC NMI ACC NMI ACC NMI

v v 3730 4586 47.29 49.78 4579  35.30
v v 53.14 6151 4791 5139 63.13 5951

v v 64.68 74.67 58.60 6521 6567 66.09
v 4121 4457 4401 4146 46.80 37.49
v 56.03 64.19 4750 5211 7639 7241

v 5259 6033 4835 5087 62.13 5829

v v v 94.07 96.08 86.78 86.93 94.05 92.34

Sensitivity to hyper-parameters. We study the sensitiv-
ity of our model with respect to the parameters A; and Ao,
the window size s and the coding precision €. As shown
in Figure 5, A; is recommended to be smaller than 0.35,
as an over-large A\; might lead to over-compactness of the
learned representations. In contrast, Ay and s can be se-
lected from a wide range while maintaining optimal per-

formance. The coding precision € determines the level of
distortion in data compressions, which is recommended to
be larger than 0.1. In general, our TR?C framework is in-
sensitive to these hyper-parameters.

Time cost comparison. To test the time consuming of
TR2C, we report the training time of the first sequence
across different benchmarks and computing devices.® We
defer the complexity analysis of TR?C to Appendix A.6.
For TSC and GCTSC along with its GPU implementation,
we use the code provided by [9] and train for 7" = 15 and
T = 100 iterations, respectively. For TR2C, we train for
T = 500 iterations. We conduct all the experiments with
a single NVIDIA RTX 3090 GPU and Intel Xeon Platinum
8255C CPU. As shown in Table 4, the time cost of TR?C
is comparable to TSC, but significantly less than GCTSC,
which is quite time-consuming. Since the parallel com-
puting empowered by GPU speeds up particularly for large
N, TR2C+GPU outperforms TSC in terms of speed with a
greater performance margin on the YouTube dataset.

Table 4. Total training time (s) comparison. The best time cost
is marked in bold and the second best result is underlined.

| T | Weiz Keck UT MAD YouTube

TSC 15 20.0 204 5.6 9.2 116.5
GCTSC 100 | 1551.7 1554.1 4154 8103 12677.8
GCTSC+GPU | 100 | 11222 11424 3748 6224 84747
TR2C 500 | 91.0 2282 822 1384 929.1

TR*C+GPU 500 | 10.7 16.9 10.4 12.8 41.0

TR?C based on CLIP. The performance of TR2C based on
CLIP pretrained features (denoted as “TR*C+CLIP”) com-
paring to state-of-the-art approaches is shown in Table 5.
As illustrated, the clustering accuracy of TR?C+CLIP sur-
passes that of TR2C on the Weizmann, Keck and YouTube
dataset, with improvements of 2%, 7% and 1%, respec-
tively. This performance enhancement is attributed to the
superior representation capability of the CLIP pretrained
model. Specifically, the pretrained CLIP image encoder
captures more high-level semantic information from each
frame, which is crucial for distinguishing different human
motions. In contrast, HoG features primarily capture low-
level information from each frame.

Besides, we also conduct experiments on the zero-shot
learning of CLIP (please refer to Appendix A.9), which
demonstrates that vanilla zero-shot classification is not suit-
able for HMS; whereas TR2C+CLIP succeeds by learn-
ing temporally consistent representations that align with a
union of orthogonal subspaces.

Comparison to Temporal Action Segmentation. Tem-
poral Action Segmentation (TAS) is an unsupervised task

SPlease kindly refer to [34] for more details.
6Since spectral clustering is adopted by all baselines for segmentation,
our evaluation specifically focuses on the training time cost.
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Figure 5. Sensitivity to hyper-parameters. The sensitivity of TR?C with respect to A1, A2, s and € is studied through experiments on the
first sequence of the Weiz and UT dataset with three different random seeds.

Table 5. The performance of TR?C based on CLIP fea-
tures comparing to state-of-the-art algorithms. We denote
“A+CLIP” as the algorithm A based on CLIP features.

Method Weiz Keck YouTube
ACC NMI ACC NMI ACC NMI
TSC 61.11 81.99 47.81 71.29 9040 95.00
TSC+CLIP 89.61 93.35 78.81 83.81 93.86 94091
GCTSC 85.01 90.53 78.64 83.25 95.79 96.30
GCTSC+CLIP 89.39 89.90 83.31 84.55 96.64 9741
TR2C 94.12 9591 83.50 85.63 97.96 98.96
TR2C+CLIP 96.21 97.12 90.10 89.63 99.35 99.48

closely related to HMS, as both aim to partition videos into
non-overlapping segments [10]. The key difference lies in
the scale and the nature of the actions: HMS typically in-
volves macro-scale motions (e.g., running, jumping) char-
acterized by global and easily distinguishable movements,
whereas TAS focuses on micro-scale manipulative actions
(e.g., grasping a cup, pouring milk), which are more subtle
and fine-grained. We conduct experiments on three bench-
mark dataset on TAS, including the Breakfast dataset [22],
the YouTube Instructional dataset [2], and the 50 Salads
dataset [47]. For the feature extractor selection of each
dataset, we follow the baselines. Experimental details are
described in Appendix A.10. As can be seen in Table 6,
TR>C performs comparable with the state-of-the-art TAS
algorithms on the three benchmark datasets for TAS.

Table 6. The action segmentation performance of TR?C. Other
results are directly cited from their papers.

Method Breakfast YouTube Instr. 50 Salads

MoF Fl mloU MoF Fl mloU MoF Fl mloU
LSTM+AL [1] 429 - - - 39.7 - - - -
TWEF [42] 627 498 423 567 482 - 66.8 564 48.7
ABD [12] 64.0 523 - 672 492 - 71.8 - -
CoSeg [54] 53.1 547 - 479 - 53.7 - - -
ASOT [56] 633 535 359 712 633 478 643 511 334
Our TR*C 599 471 399 718 59.1 578 658 584 482

Conversely, we also evaluate the state-of-the-art TAS al-
gorithms on Weizmann and Keck datasets with HoG, CLIP
and DINOV?2 [38] features. As shown in Table 7, our TR?C
achieves the best performance across different datasets and
different features. Furthermore, we argue that the perfor-
mance of our TR?C faithfully reflects the quality of the in-

put features, i.e., DINOv2>CLIP>HoG.

Table 7. Evaluating state-of-the-art TAS algorithms on Weiz
and Keck datasets with HoG, CLIP and DINOv2 features.

Weiz Keck AVG
ACC NMI ACC NMI ACC NMI

TWF [42]  66.1 843 488 63.7 575 740
ASOT [56] 68.0 776 664 760 672 768
HoG HVQ[46] 66.7 61.5 635 752 651 684
GCTSC[9] 850 905 786 833 818 86.9
OurTR2C 941 959 835 856 888 908

TWF[42] 768 893 704 794 73.6 844
ASOT [56] 71.1 794 670 764 69.1 779

Feature Methods

CLIP HVQI46] 72,6 852 735 785 731 819
(ViT-L/14) GCTSC[9] 894 899 833 846 864 873
OurTR®C 962 97.1 90.1 89.6 932 934

TWF [42] 668 83.1 652 70.8 66.0 77.0

ASOT [56] 714 809 60.1 744 658 7717

DINOv2 HvQ[46] 730 855 672 771 701 813
(ViT-L/14) GCTSC[9] 90.8 918 828 848 86.8 88.3

Our TR®C  98.6 985 902 89.7 944 94.1

5. Conclusion

We have presented a novel framework for the HMS task,
called TR2C, which jointly learns structured representa-
tions and affinity to segment the frame sequences in video.
Specifically, the structured representations learned by TR?C
maintain temporally consistency and align well with a UoS
structure, which is favorable for the HMS task. We note that
our TR2C is an effective and efficient deep subspace clus-
tering framework for HMS, where p¢(Z, ¢ | IT) is for sub-
space detection, r(Z) is a temporal continuity prior, and
—p(Z,€) is to prevent representation collapse. As future
work, it would be attempting to explore more sophisticated
implementation by customizing different components.
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