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Abstract

The task of temporally detecting and segmenting actions
in untrimmed videos has seen an increased attention re-
cently. One problem in this context arises from the need to
define and label action boundaries to create annotations for
training which is very time and cost intensive. To address
this issue, we propose an unsupervised approach for learn-
ing action classes from untrimmed video sequences. To this
end, we use a continuous temporal embedding of framewise
features to benefit from the sequential nature of activities.
Based on the latent space created by the embedding, we
identify clusters of temporal segments across all videos that
correspond to semantic meaningful action classes. The ap-
proach is evaluated on three challenging datasets, namely
the Breakfast dataset, YouTube Instructions, and the 50Sal-
ads dataset. While previous works assumed that the videos
contain the same high level activity, we furthermore show
that the proposed approach can also be applied to a more
general setting where the content of the videos is unknown.

1. Introduction

The task of action recognition has seen tremendous suc-
cess over the last years. So far, high-performing approaches
require full supervision for training. But acquiring frame-
level annotations of actions in untrimmed videos is very
expensive and impractical for very large datasets. Recent
works, therefore, explore alternative ways of training action
recognition approaches without having full frame annota-
tions at training time. Most of those concepts, which are
referred to as weakly supervised learning, rely on ordered
action sequences which are given for each video in the train-
ing set.

Acquiring ordered action lists, however, can also be very
time consuming and it assumes that it is already known what
actions are present in the videos before starting the anno-
tation process. For some applications like indexing large
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video datasets or human behavior analysis in neuroscience
or medicine, it is often unclear what action should be anno-
tated. It is therefore important to discover actions in large
video datasets before deciding which actions are relevant or
not. Recent works [27, [1] therefore proposed the task of
unsupervised learning of actions in long, untrimmed video
sequences. Here, only the videos themselves are used and
the goal is to identify clusters of temporal segments across
all videos that correspond to semantic meaningful action
classes.

In this work we propose a new method for unsupervised
learning of actions from long video sequences, which is
based on the following contributions. The first contribu-
tion is the learning of a continuous temporal embedding of
frame-based features. The embedding exploits the fact that
some actions need to be performed in a certain order and we
use a network to learn an embedding of frame-based fea-
tures with respect to their relative time in the video. As the
second contribution, we propose a decoding of the videos
into coherent action segments based on an ordered cluster-
ing of the embedded frame-wise video features. To this end,
we first compute the order of the clusters with respect to
their timestamp. Then a Viterbi decoding approach is used
such as in [26} 13| 24 [19] which maintains an estimate of
the most likely activity state given the predefined order.

We evaluate our approach on the Breakfast [15] and
YouTube Instructions datasets [[1], following the evaluation
protocols used in [27, [1]. We also conduct experiments on
the 50Salads dataset [31] where the videos are longer and
contain more action classes. Our approach outperforms the
state-of-the-art in unsupervised learning of action classes
from untrimmed videos by a large margin. The evalua-
tion protocol used in previous works, however, divides the
datasets into distinct clusters of videos using the ground-
truth activity label of each video, i.e., unsupervised learning
and evaluation are performed only on videos, which contain
the same high level activity. This simplifies the problem
since in this case most of the actions occur in all videos.

As a third contribution, we therefore propose an exten-
sion of our approach that allows to go beyond the scenario



of processing only videos from known activity classes, i.e.,
we discover semantic action classes from all videos of each
dataset at once, in a completely unsupervised way without
any knowledge of the related activity. To this end, we learn
a continuous temporal embedding for all videos and use the
embedding to build a representation for each untrimmed
video. After clustering the videos, we identify consistent
video segments for all videos within a cluster. In our ex-
periments, we show that the proposed approach not only
outperforms the state-of-the-art using the simplified proto-
col, but it is also capable to learn actions in a completely
unsupervised way. Code is available on—lineﬂ

2. Related work

Action recognition [[18,132,130, 3, I5] as well as the under-
standing complex activities [15} [35} [29]] has been studied
for many years with a focus on fully supervised learning.
Recently, there has been an increased interest in methods
that can be trained with less supervision. One of the first
works in this field has been proposed by Laptev et al. [18]
where the authors learn actions from movie scripts. An-
other dataset that follows the idea of using subtitles has
been proposed by Alayrac et al. [1], also using YouTube
videos to automatically learn actions from instructional
videos. A multi-modal version of this idea has been pro-
posed by [21]. Here, the authors also collected cooking
videos from YouTube and used a combination of subtitles,
audio, and vision to identify receipt steps in videos. An-
other way of learning from subtitles is proposed by Sener et
al. 28] by representing each frame via the occurrence of ac-
tions atoms given the visual comments at this point. These
works, however, assume that the narrative text is well-
aligned with the visual data. Another form of weak supervi-
sion are video transcripts [12} [17, 24, [7,[26], which provide
the order of actions but that are not aligned with the videos,
or video tags [33} 23]

There are also efforts for unsupervised learning of action
classes. One of the first works that was tackling the prob-
lem of human motion segmentation without training data
was proposed by Guerra-Filho and Aloimonos [11]. They
propose a basic segmentation with subsequent clustering
based on sensory-motor data. Based on those representa-
tions, they propose the application of a parallel synchronous
grammar system to learn atomic action representations sim-
ilar to words in language. Another work in this context is
proposed by Fox et al. [[10] where a Bayesian nonparamet-
ric approach helps to jointly model multiple related time
series without further supervision. They apply their work
on motion capture data.

In the context of video data, the temporal structure of
video data has been exploited to fine-tune networks on train-
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ing data without labels [34, [2]. The temporal ordering of
video frames has also been used to learn feature represen-
tations for action recognition [20} 23,19, 4]]. Lee et al. [20]
learn a video representation in an unsupervised manner by
solving a sequence sorting problem. Ramanathan et al. [23]]
build their temporal embedding by leveraging contextual in-
formation of each frame on different resolution levels. Fer-
nando et al. [9]] presented a method to capture the temporal
evolution of actions based on frame appearance by learning
a frame ranking function per video. In this way, they obtain
a compact latent space for each video separately. A similar
approach to learn a structured representation of postures and
their temporal development was proposed by Milbich et al.
[22]. While these approaches address different tasks, Sener
et al. [27] proposed an unsupervised approach for learning
action classes. They introduced an iterative approach which
alternates between discriminative learning of the appear-
ance of sub-activities from visual features and generative
modeling of the temporal structure of sub-activities using a
Generalized Mallows Model.

3. Unsupervised Learning of Action Classes
3.1. Overview

As input we are given a set FXmgM_; of M videos and
each video X, = fxmngr'\,‘gl is represented by Ny, frame-
wise features. The task is then to estimate the subaction

ing the protocol of [1,27], we define the number of possible
subactions K separately for each activity as the maximum
number of possible subactions as they occur in the ground-
truth. The values of K are provided in the supplementary
material.

Fig.[[]provides an overview of our approach for unsuper-
vised learning of actions from long video sequences. First,
we learn an embedding of all features with respect to their
relative time stamp as described in Sec. [3.2] The resulting
embedded features are then clustered and the mean tempo-
ral occurrence of each cluster is computed. This step, as
well as the temporal ordering of the clusters is described in
Sec. Each video is then decoded with respect to this
ordering given the overall proximity of each frame to each
cluster as described in Sec.[3.4

We also present an extension to a more general proto-
col, where the videos have a higher diversity. Instead of
assuming as in [[1,27] that the videos contain the same high-
level activity, we discuss the completely unsupervised case
in Sec.[3.5] We finally introduce a background model to
address background segments in Sec.|3.6,

3.2. Continuous Temporal Embedding

The idea of learning a continuous temporal embedding
relies on the assumption that similar subactions tend to ap-
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Figure 1. Overview of the proposed pipeline. We rst compute the embedding of features with respect to their relative time stamp. The
resulting embedded features are then clustered and the mean temporal appearance of each cluster is computed and the ordering of clusters
is computed. Each video is then decoded with respect to this ordering given the overall proximity of each frame to each cluster.

pear at a similar temporal range within a complex activity. rence, we compute the mean over time stamps of all frames
For instance a subaction like “take cup” will usually occur belonging to each cluster
in the beginning of the activity “making coffee”. After that _ : ; 1.0\ - 10 :
. . X (k)= fx Xmn jK Xmn jKO); 8k” 6 Kkg;
people probably pour coffee into the mug and nally stir (k) 1anp( Q”J ) Pl K g
coffee. Thus many subactions that are executed to conduct (k) = - i t(Xmn ) (2)
a speci ¢ activity are softly bound to their temporal position X (k)] X 2X (K)

within the video. The clusters are then ordered with respect to the time

To capture the combination of visual appearance and .
P . Al app stamp so thaitky; ::; kg gis the set of ordered cluster labels
temporal consistency, we model a continuous latent space

. . o ; d:;ubject to0  t(ky) mo t(kk) 1. The resulting
by capturing simultaneously relative time dependencies an o . .

) . . “ordering is then used for the decoding of each video.
the visual representation of the frames. For the embedding,
we train a network architecture which optimizes the embed- 3.4. Frame Labeling
ding of all framewise features of an activity with respect to
their relative timet(Xmn ) = ﬁ As shown in Fig. 1, we
take an MLP with two hidden layers with dimensionality

2D andD, respectively, and logistic activation functions. - ‘
As loss. we uspe the rr)1/ean squ%red error between the preprobablhty of each frame that it belongs to cluskeas de-

dicted time stamp and the true time stabfgymy ) of the ned by (1). Based on the cluster probabilities for the given

feature. The embedding is then given by the second hidden\f/(l)(ljlg\c/)\;ir\:vet\g:notrtc(j)er:](a)l]z(ltr;]“ez(e;ltjhsetepr‘sbla b|I.|.ty| of tkhe ts:qt:nce
layer. g 1! ol kg tog

Note that this embedding does not use any subaction Ia_con3|stent assignments for each frame of the video:

bel associations as in [27, 1], thus the network needs to be

We nally temporally segment each videX ,, sepa-
rately, i.e., we assign each frame,, to one of the or-

trained only once instead of retraining the model at each f‘fm =argmax p x'l“m jITm ?3)
iteration. For the rest of the paper,, denotes the embed- SR
dedD -dimensional features. Nm
=argmax P Xmnjln P Injln 13
3.3. Clustering and Ordering liNm n=t

After the embedding, the features of all videos are clus- Wherep(Xmn jln = k) is the probability thakm, belongs to
tered intoK clusters by k-Means. Since in Sec. 3.4 we the clustek, andp(lsjl, 1) are the transition probabilities
need the probabilitp(Xmn jk), i.€., the probability that the ~ ©of moving from the label, ; at framen 1 to the next
embedded feature,, belongs to clustek, we estimate a  labell, at framen,

D -dimensional Gaussian distribution for each cluster: p(lniln 1) = 1o 1. | . (4)
n n 1

PXmn jK) = N (Xmn ; ki K): (1) This means that we allow either a transition to the next clus-

ter in the ordered cluster list or we keep the cluster assign-

Note that this clustering does not de ne any speci c order- ment of the previous frame. Note that (3) can be solved
ing. To order clusters with respect to their temporal occur- ef ciently using a Viterbi algorithm.



Figure 2. Proposed pipeline for unsupervised learning with unknown activity classes. We rst compute an embedding with respect to the
whole dataset at once. In a second step, features are clustered in the embedding space to build a bag-of-words representation for each
video. We then cluster all videowise vectors it8 clusters and apply the previously described method for each video set.

3.5. Unknown Activity Classes been already assigned to the background before estimating
dlm” 2 fky;:i:i; ke g (3), i.e, the background frames are

So far we discussed the case of applying unsupervise rst labeled and the remaining frames are then assigned to

learning to a set of videos that all belong to the same ac-
tivity. When moving to a larger set of videos without any
knowledge of the activity class, the assumption of sharing )
the same subactions within the collection cannot be applied®- Evaluation

anymore. As it_ is illustrated ir_1 Fig. 23 we therefore cluster 4.1. Dataset

the videos rst into more consistent video subsets.

Similar to the previous setting, we learadimensional We evaluate the proposed approach on three challeng-
embedding of the features but the embedding is not re-ing datasets: Breakfast [15], YouTube Instructional [1], and
stricted to a subset of the training data, but it is computed 50Salads [31].
for the whole dataset at once. Afterward, the embedded fea- The Breakfast dataset is a large-scale dataset that com-
tures are clustered in this space to build a video representaprises ten different complex activities of performing com-
tion based on bag-of-words using quantization with a soft mon kitchen activities with approximately eight subactions
assignment. In this way, we obtain a single bag-of-words per activity class. The duration of the videos varies signif-
feature vector per video sequence. Using this representaicantly, e.g coffeehas an average duration of 30 seconds
tion, we cluster the videos inti © video sets. For each while cookingpancaketakes roughly 5 minutes. Also in
video set, we then separately infer clusters for subactionsregards to the subactivity ordering, there are considerable
and assign them to each video frame as in Fig. 1. However,variations. For evaluation, we use reduced Fisher Vector
we do not learn an embedding for each video set but use theeatures as proposed by [16] and used in [27] and we follow
embedding learned on the entire dataset for each video sethe protocol of [27], if not mentioned otherwise.

The impact ofK andK ° will be evaluated in the experi- The YouTube Instructions dataset contains 150 videos

mental section. from YouTube with an average length of about two min-
utes per video. There are ve primary tasksiaking cof-

3.6. Background Model fee, (r:)hanging car tire, cpr, jumping car, potting a plant

As subactions are not always executed continuously andThe main difference with respect to the Breakfast dataset
without interruption, we also address the problem of model- is the presence of a background class. The fraction of back-
ing a background class. In order to decide if a frame shouldground within different tasks varies from 46% to 83%. We
be assigned to one of thé¢ clusters or the background, use the original precomputed features provided by [1] and
we introduce a parameter which de nes the percentage used by [27].
of features that should be assigned to the background. To The 50Salads dataset contains 4.5 hours of different peo-
this end, we keep onlg percent of the points within  ple performing a single complex activity, making mixed
each cluster that are closest to the cluster center and addalad. Compared to the other datasets, the videos are much
the other features to the background class. For the label{onger with an average video length of 10k frames. We
ing described in Sec. 3.4, we remove all frames that haveperform evaluation on two different action granularity lev-



els proposed by the authors: mid-level with 17 subaction Comp. of temporal embedding strategies

classes and eval-level with 9 subaction classes. ImageNet [14] + proposed 21:20%
13D [3] + proposed 25:1%

dense trajectories [32] + proposed 31:6%

4.2. Evaluation Metrics video vector [23] + proposed 30:1%
video darwin [9] + proposed 36:6%

Since the output of the model consists of temporal sub-  ours 41:8%

action bounds without any particular correspondences to
ground-truth labels, we need a one-to-one mapping betwee
fky;::; kg g and theK ground-truth labels to evaluate and
compare the method. Following [27] and [1], we use the
Hungarian algorithm to get a one-to-one matching and re-4 4. Mallow vs. Viterbi

port accuracy as the mean over frames (MoF) for the Break-

fast and 50Salads datasets. Note that especially MoF is not We compare our approach, which uses Viterbi decoding,
always suitable for imbalanced datasets. We therefore alsgvith the Mallow model decoding that has been proposed
report the Jaccard index as intersection over union (loU) asin [27]. The authors propose a rankloss embedding over
an additional measurement. For the YouTube Instructionall video frames from the same activity with respect to a
dataset, we also report the F1-score since it is used in previfseudo ground-truth subaction annotation. The embedded
ous works. Precision and recall are computed by evaluatingframes of the whole activity set are then clustered and the
if the time interval of a segmentation falls inside the corre- likelihood for each frame and for each cluster is computed.
sponding ground-truth interval. To check if a segmentation For the decoding, the authors build a histogram of features
matches a time interval, we randomly draéframes of the ~ With respect to their clusters with a hard assignment and set
segments. The detection is considered correct if at least halthe length of each action with respect to the overall amount
of the frames match the respective class, and incorrect oth-0f features per bin. After that, they apply a Mallow model
erwise. Precision and recall are computed for all videos andto sample different orderings for each video with respect to

F1 score is computed as the harmonic mean of precision andhe sampled distribution. The resulting model is a combi-
recall. nation of Mallow model sampling and action length estima-

tion based on the frame distribution.
) ) For the rst experiment, we evaluated the impact of the
4.3. Continuous Temporal Embedding different decoding strategies with respect to the proposed
. embedding. In Table 2 we compare the results of decod-
In the following, we rst evaluate our approach for the ing with the Mallow model only, Viterbi only, and a com-
case of know activity classes to compare with [27] and [1] pination of Mallow-Viterbi decoding. For the combination,
_and consider the case of completel_y unsupervised Iearninqu rst sample the Mallow ordering as described by [27]
in Sec. 4.7. F|rst,_ we analyze t_he impact of the IoroloosedIeading to an alternative ordering. We then apply a Viterbi
temporal embedding by comparing the proposed method 10ye . ging to the new as well as to the original ordering and
other embeddlng strat.egles as well as to different featurechoose the sequence with the higher probability. It shows
types without embedding on the Breakfast dataset. As f€a+ ¢ the original combination of Mallow model and multino-
tures we consider AlexNet fc6 features, pre-trained on IM- i) gistribution sampling performs worst on the temporal
ageNet as used in [23], 13D features [3] based on the RGBembedding. Also, the combination of Viterbi and Mallow
and ow pipeline, and pre-comp_uted dense trgjectories [32]- model can not outperform the Viterbi decoding alone. To
We further compare with previous works with a focus on ave 4 closer look, we visualize the observation probabil-
learning the temporal embedding [23, 9]. We trained thesejjog a5 well as the resulting decoding path over time for
models following thg se_ttmgs of each paper and constructy, o videos in Fig. 3. It shows that the decoding, which
the latent space, which is used to substitute ours. is always given the full sequence of subactions, is able to
As can be seen in Table 1, the results with the con- marginalize subactions that do not occur in the video by
tinuous temporal embedding are clearly outperforming all just assigning only very few frames to those ones and the
the above-mentioned approaches with and without tempo-majority of frames to the clusters that occur in the video.
ral embedding. We also used OPN [20] to learn an em- This means that the effect of marginalization allows to dis-
bedding, which is then used in our approach. However, we card subactions that do not occur. Overall, it turns out that
observed that for long videos nearly all frames where as-this strategy of marginalization usually performs better than
signed to a single cluster. When we exclude the long videosre-ordering the resulting subaction sequence as done by the
with degenerated results, the MoF was lower compared toMallow model. To further compare the proposed setup to
our approach. [27], we additionally compare the impact of different de-

Table 1. Evaluation of the in uence of the temporal embedding.
"Results are reported as MoF accuracy on the Breakfast dataset.



Mallow vs. Viterbi

Acc. (MoF)
Mallow+multi only 29:5%
Mallow-Viterbi 34:8%
Viterbi only 41:8%

Table 2. Comparison of the Mallow model and Viterbi decoding.
Results are reported as MoF accuracy on the Breakfast dataset.

Figure 4. Evaluation of different accuracy measurements with re-
spect to the amount of sampled background on the YouTube In-
structions dataset.

4.5. Background Model

Finally, we assess the impact of the proposed back-
ground model for the given setting. For this evaluation, we
choose the YouTube Instructions dataset. Note that for this
dataset, two different evaluation protocols have been pro-
posed so far. [1] evaluates results on the YTI dataset usually
without any background frames, which means that during
evaluation, only frames with a class label are considered

Figure 3. Comparison of Viterbi decoded paths with respective and all background frames are ignored. Note that in this
predicted and ground-truth segmentation for two videos. The ob-¢age jt s not penalized if estimated subactions become very
_servatlon probel_pl!ltles with red_lndlcatlng hlgh and blue indicat- long and cover the background. Including background for
Ing low probabilities of belonging to subactions. 1t shows that o et with a high background portion, however, leads to
the decoding assigns most frames to occurring subactions while . - .
marginalizing actions that do not occur in the sequence by assign-,the problem that a high MoF accuracy is achle\(ed by label-
ing only a few frames. ing most frames as background. We therefore introduce for
this evaluation the Jaccard index as intersection over union
(loU) as additional measurement, which is also common in
Comparison with rankloss and Mallow model comparable weak learning scenarios [24]. For the following
Rankloss emb. Temp. emb. evaluatiqn, we vary the ratio of desired background frames
as described in Sec. 3.6 fromd%to 99%and show the re-
Mallow model (MoF) 34:6% 29:5% . ] "
Viterbi dec. (MoF) 27:1% 41-8% sults in Fig. 4. As can be seen, a smaller back_ground ratio
leads to better results when computing MoF without back-
Table 3. Comparison of proposed embedding and Viterbi decod- ground, whereas a higher background ratio leads to better
ing with respect to the previously proposed Mallow model [27]. resylts when the background is considered in the evalua-
Results are reported as MoF accuracy on the Breakfast dataset. tion. When we compare it to the loU with and without
background, it shows that the loU without background suf-
fers from the same problems as the MoF in this case, but
coding strategies, Mallow model and Viterbi, with respect that the loU with background gives a good measure con-
to the two embeddings, rankloss [27] and continuous tem-sidering the trade-off between background and class labels.
poral embedding, in Table 3. It shows that the rankloss em-For of 75% our approach achievels6% and 9:8% loU
bedding works well in combination with the multinomial With and without background, respectively, abi5% and
Mallow model, but fails when combined with Viterbi de- 39:0% MoF with and without background, respectively.
coding because of the missing temporal prior in this case, 4 o Comparison to State-of-the-art
whereas the Mallow model is not able to decode sequences
in the continuous temporal embedding space. This shows We further compare the proposed approach to cur-
the necessity of a suitable combination of both, the embed-rent state-of-the-art approaches, considering unsupervised
ding and the decoding strategy. learning setups as well as weakly and fully supervised ap-
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Figure 5. Qualitative analysis of segmentation results on the
Breakfast and the YouTube Instructions dataset.

Breakfast dataset

Fully supervised

MoF
HOGHOF+HTK [15] 28:8%
TCFPN [7] 52:0%
HTK+DTF w. PCA [16] 56:3%
RNN+HMM [7] 60:6%
Weakly supervised
MoF
ECTC [12] 27: 7%
GMM-+CNN [17] 28:2%
RNN-FC [24] 33:3%
TCFPN [7] 38:4%
NN-Vit. [26] 43:0%
Unsupervised
Fl-score MoF
Mallow [27] — 34:6%
Ours 26:4% 41:8%

Table 4. Comparison of proposed method to other state-of-the-
art approaches for fully, weakly and unsupervised learning on the
Breakfast dataset.

proaches for both datasets. However, even though evalu-
ation metrics are directly comparable to weakly and fully
supervised approaches, one needs to consider that the re-
sults of the unsupervised learning are reported with respect
to an optimal assignment of clusters to ground-truth classes
and therefore report the best possible scenario for this task.

We compare our approach to recent works on the Break-
fast dataset in Table 4. As already discussed in Sec.[4.4] our
approach outperforms the current state-of-the-art for unsu-
pervised learning on this dataset by 7:2%. But it also shows
that the resulting segmentation is comparable to the results
gained by the best weakly supervised system so far [26]] and
outperforms all other recent works in this field. In the case
of YouTube Instructions, we compare to the approaches of
[1] and [27]] for the case of unsupervised learning only. Note
that we follow their protocol and report the accuracy of our
system without considering background frames. Here, our
approach again outperforms both recent methods with re-

YouTube Instructions

Unsupervised
Fl-score MoF
Frank-Wolfe [1] 24:4% _
Mallow [27]] 27:0% 27:8%
Ours 28:3% 39:0%

Table 5. Comparison of the proposed method to other state-of-
the-art approaches for unsupervised learning on the YouTube In-
structions dataset. We report results for a background ratio  of
75%. Results of Fl-score and MoF are reported without back-
ground frames as in [1}127].

50Salads
Supervision Granularity level MoF
Fully supervised [8]] eval 88:5%
Unsupervised (Ours) eval 35:5%
Fully supervised [6] mid 67:5%
Weakly supervised [26] mid 49:4%
Unsupervised (Ours) mid 30:2%

Table 6. Comparison of proposed method to other state-of-the-
art approaches for fully, weakly and unsupervised learning on the
50Salads dataset.

spect to Mof as well as Fl-score. A qualitative example of
the segmentation on both datasets is given in Fig.[5] Al-
though we cannot compare with other unsupervised meth-
ods on the 50Salads dataset, we compare our approach with
the state-of-the-art for weakly and fully supervised learning
in Table[@l Each video in this dataset has a different order of
subactions and includes many repetitions of the subactions.
This makes unsupervised learning very difficult compared
to weakly or fully supervised learning. Nevertheless, 30:2%
and 35:5% MOoF accuracy are still competitive results for an
unsupervised method.

4.7. Unknown Activity Classes

Finally, we assess the performance of our approach with
respect to a complete unsupervised setting as described in
Sec.[3.5] Thus, no activity classes are given and all videos
are processed together. For the evaluation, we again per-
form matching by the Hungarian method and match all sub-
actions independent of their video cluster to all possible ac-
tion labels. In the following, we conduct all experiments on
the Breakfast dataset and report MoF accuracy unless stated
otherwise. We assume in case of Breakfast K’ = 10 activity
clusters with K = 5 subactions per cluster, we then match
50 different subaction clusters to 48 ground-truth subaction
classes, whereas the frames of the leftover clusters are set
to background. For the evaluation of the activity clusters,
we perform the Hungarian matching on activity level as de-
scribed earlier. Activity-level clustering. We first evaluate
the correctness of the resulting activity clusters with respect



