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Abstract—Action recognition has become a rapidly developing research field within the last decade. But with the increasing

demand for large scale data, the need of hand annotated data for the training becomes more and more impractical. One way to

avoid frame-based human annotation is the use of action order information to learn the respective action classes. In this context, we

propose a hierarchical approach to address the problem of weakly supervised learning of human actions from ordered action labels

by structuring recognition in a coarse-to-fine manner. Given a set of videos and an ordered list of the occurring actions, the task is to

infer start and end frames of the related action classes within the video and to train the respective action classifiers without any need for

hand labeled frame boundaries. We address this problem by combining a framewise RNN model with a coarse probabilistic inference.

This combination allows for the temporal alignment of long sequences and thus, for an iterative training of both elements. While this

system alone already generates good results, we show that the performance can be further improved by approximating the number

of subactions to the characteristics of the different action classes as well as by the introduction of a regularizing length prior.

The proposed system is evaluated on two benchmark datasets, the Breakfast and the Hollywood extended dataset, showing

a competitive performance on various weak learning tasks such as temporal action segmentation and action alignment.

Index Terms—Weakly supervised learning, temporal action segmentation, temporal action alignment, action recognition

Ç

1 INTRODUCTION

ACTION recognition has been a vivid and productive field
within the last decade. So far research in this area is

mainly focused on fully supervised classification of short,
pre-clipped video snippets as the progress on the major
benchmarks in this field shows [1], [2], [3], [4], [5]. But the
collection of training data for such systems is usually a
cost and time consuming process. Human annotators need
to identify the specific classes in large video collections and
manually mark the start and end frame of each correspond-
ing action. This obviously makes it impractical to cover a
larger amount of action classes and does not necessarily
meet the preconditions of real live systems. This problem is
further aggravated by the need for large scale training
data for most deep learning approaches as shown by [5].
Additionally the costs of training data collection make it
hard to acquire enough data to advance concepts beyond
short clips e.g., towards long term temporal models.

One way to address this issue is to give up on the need
of frame-based annotation and to use only action labels and
their ordering information to learn the respective action
classes. This information is much easier to generate for
human annotators, or can even be automatically derived
from scripts [6], [7] or subtitles [8]. First attempts to address
this kind of problem have beenmade by [8], [9], [10], [11].

In this context, we propose a hierarchical approach to
address the problem of weakly supervised learning of
human actions from transcripts. The method combines rec-
ognition in a coarse-to-fine manner. On the fine grained
level, we use a discriminative representation of subactions,
modeled by a recurrent neural network as e.g., used by [12],
[13], [14], [15]. In our case, the RNN is used as basic recogni-
tion model as it provides robust classification of small
temporal chunks. This allows to capture local temporal
information. The RNN is supplemented by a coarse proba-
bilistic model to allow for temporal alignment and inference
over long sequences.

To bypass the difficulty of modeling long and complex
action classes, we divide all actions into smaller building
blocks. Those subactions are eventually modeled within the
RNN and later combined by the inference process. The usage
of subactions allows to distribute heterogeneous information
of one action class over many subclasses and to capture
characteristics such as the length of the overall action class.
We show that automatically learning the number of sub-
actions for each action class leads to a notable improved
performance.

The obvious advantage of this kind of model is that
it allows recognition of fine grained movements by still
capturing mid and long temporal relations between frame
responses. But the model is also especially suitable for the
task of weak learning because it enforces a modular struc-
ture, as frame based responses are first combined to action
classes and then to activity sequences. This allows for an
iterative refinement of fine-grained and coarse recognition
as well as an alternating adaptation of both elements.
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Our model is trained with an iterative procedure. Given
the weakly supervised training data, an initial segmentation
is generated by uniformly distributing all actions among the
video. For each action segment, all subactions are uniformly
distributed among the part of the video belonging to the cor-
responding action. This way, an initial alignment between
video frames and subactions is defined. In an iterative phase,
the RNN is then trained on this alignment and used in com-
bination with the coarse model to infer new action segment
boundaries. From those boundaries, we recompute the num-
ber of subactions needed for each action class, distribute
them again among the frames aligned to the respective
action, and repeat the training process until convergence.

To further improve the performance in this context, we
extend the standard HMM formulation by the introduction
of a state length prior during inference. The length prior
serves as an additional regulation to balance the temporal
dynamic of the system. The intuition underlying this concept
is that actions are usually not only characterized by their spe-
cific movements, but also by the duration that is necessary to
execute a certain task. One way to include this characteristic
in the proposed system is to model the length of an action by
the number of HMM states used to represent the action. But
we found that depending on the observation prior, a number
of states will aggregate all frames of an action during infer-
ence, thus undermining the original idea of representing var-
iable length actions by adapting the number of states only.
Therefore, the proposed length prior serves as an additional
regularization factor to enforce a meaningful length of the
single states. We will show that the length prior helps to pre-
vent degenerated states during inference and thus to
improve recognition accuracy in general.

We evaluate our approach on two common benchmark
datasets, the Breakfast dataset [16] and the Hollywood
extended dataset [9], regarding two different tasks. The first
task is temporal action segmentation, which refers to a com-
bined segmentation and classification, where the test video
is given without any further annotation. The second task is
aligning a test video to a given order of actions, as proposed
by Bojanowski et al. [9].

We regard those tasks with respect to different learning
settings. First, in the weakly supervised scenario, we use
only action labels and their ordering information to learn the
respective action classes. Second, we extend the task to a
semi supervised scenario by adding sparse frame-level
annotation to the training data as shown in [10]. In this case,
which we refer to as semi-supervised learning, a small frac-
tion of the frames in the training set is annotated with the
respective action class. It shows that, e.g., on Breakfast, using
annotation of 0.25 percent of all frames (on average one
annotated frame per action instance) is enough to improve
the overall accuracy significantly. To put those findings into
context, we further evaluate the proposed system for the
case of fully supervised recognition of temporal sequences.
It shows that the sparse supervision on frame level is able to
reach results comparable to full supervision. Additionally,
for all evaluated cases the system is able to outperform any
other state-of-the-art approach so far.

A preliminary version of this work has been published in
[17]. This work extends the previous approach by two main
contributions. First, we extend the proposed model by the

motivation and introduction of a length model. We show
how the length model helps to regularize the training and
inference of the temporal model and that it outperforms
the previous method as well as any other state-of-the-art
approaches. We further modify the proposed training pro-
cedure to include sparse frame-level supervision to the sys-
tem. This allows us to address the case of semi-supervised
learning under sparse temporal supervision. Based on that,
we not only show that the system is able to outperform any
other system in this task, but we also demonstrate that the
proposed length model helps not only for the case of weakly
supervised learning, but also in case of semi- and fully
supervised action recognition in general.

2 RELATED WORK

Action recognition has come a longwaywithin the last years,
moving forward from highly tuned hand-crafted features as
proposed by Wang et al. [1], [18] towards learned features
and temporal connections as e.g., proposed by Simonyan
and Zisserman [19], Feichtenhofer et al. [20] and Wang
et al. [4]. Recent approaches show that results for classical
action recognition are nearly ceiling on standard datasets [5],
[21]. Alternative approaches focus on the learning of tempo-
ral sequences without full supervision. In the following, we
will first give an overview of concepts for weakly supervised
learning from sequential data as well as weakly supervised
fine-tuning with pretrained models. Finally, we will review
different scenarios in the context of duration modeling for
temporal sequences.

2.1 Weakly Supervised Learning from Structured
Sequences

Compared to classical action recognition, the problem of
weakly supervised learning of actions is a rather new topic.
First works in this field, proposed by Laptev et al. [6] and
Marszalek et al. [7], focus on mining training samples from
movie scripts. They extract class samples based on the
respective text passages and use those snippets for training
without applying a dedicated temporal alignment of the
action within the extracted clips. Attempts for learning
action classes including temporal alignment on weakly
annotated data are made by Duchenne et al. [22]. Here, it is
assumed that video clips contain only one class and the task
is to temporally segment frames containing the relevant
action from the background activities. The temporal align-
ment is thus interpreted as a binary clustering problem, sep-
arating temporal snippets containing the action class from
the background segments. The clustering problem is formu-
lated as a minimization of a discriminative cost function.
This problem formulation is extended by Bojanowski
et al. [9] also introducing the Hollywood extended dataset.
The weak learning is formulated as a temporal assignment
problem. Given a set of videos and the action order of each
video, the task is to assign the respective class to each frame,
thus to infer the respective action boundaries. The authors
propose a discriminative clustering model using temporal
ordering constraints to combine classification of each action
and their temporal localization in each video clip. They pro-
pose the usage of the Frank-Wolfe algorithm to solve the con-
vex minimization problem. This method has been adopted
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by Alayrac et al. [8] for unsupervised learning of task and
story lines from instructional video. Another approach for
weakly supervised learning from temporally ordered action
lists is introduced byHuang et al. [10]. Inspired byCTCmod-
els in speech recognition [23], they use extended connection-
ist temporal classification and introduce a visual similarity
measures to prevent the CTC framework from degeneration
and to enforce visually consistent paths. A different way,
also lending on the concept of speech recognition, is pro-
posed by Kuehne et al. [11]. Here, actions are modeled by
hidden Markov models (HMMs) with the aim to maximize
the probability of training sequences being generated by
the HMMs, by iteratively inferring the segmentation bound-
aries for each video and using the new segmentation to
re-estimate the model. The last two approaches were both
evaluated on the Hollywood extended as well as on the
Breakfast dataset, thus, these two datasets are also used for
the evaluation of the proposed framework. Another idea is
proposed by Ding and Xu [24] using a temporal convolu-
tional feature pyramid network (TCFPN), an adaption of the
encoder-decoder temporal convolutional neural networks
(TCN) [25], for frame-wise classification in combination
with an iterative soft boundary assignment for the action
sequence alignment. During training, the alignment of
the sequences to the transcripts is refined by an insertion
strategy, which means that one class instance is represented
by multiple successive instances of the same class, allowing
the temporal receptive field of the TCN to extend in the tem-
poral domain.

2.2 Weakly Supervised Fine-Tuning

Other works focus on fine-tuning pretrained models by
detecting actions in untrimmed videos. Here, usually pre-
trained networks are used to detect unseen actions in an
untrimmed training set and networks are fine-tuned with
respect to the detected instances. Note that classes in the
datasets used for pretraining, such as UCF101[26], Sports1M
[27] or Kinetics [28], can overlapwith the classes to search for
in the untrimmed videos e.g., in case of the Thumos action
detection task [29]. There is further the information given,
which classes appear in the untrimmed videos, but not when
or how often they appear. This task was first addresses by
Wang et al. [30] by selecting clip proposals from a set of
untrimmed training videos to learn actions without exact
boundary annotation. Nguyen et al. [31] propose a combina-
tion of attention weights and temporal class activation maps
for the task.

2.3 Weakly Supervised Approaches in Other
Domains

Koller et al. [32] integrate CNNswith hiddenMarkovmodels
to learn sign language hand shapes based on a single frame
CNN model from weakly annotated data. They extend the
proposed single frame model by including LSTMs for tem-
poral correlation in [33]. A more speech related task is also
proposed by Malmaud et al. [34], trying to align recipe steps
to automatically generated speech transcripts from cooking
videos. They use a hybrid HMMmodel in combination with
a CNN based visual food detector to align a sequence of
instructions, e.g., from textual recipes, to a video of someone

carrying out a task. Gan et al. [35] learn action classes from
web images and videos retrieved by specific search queries.
They match images and video frames and use a regulariza-
tion over the selected video frames to balance the matching
procedure. Sun et al. [36] also takes weak video labels and
noisy image labels as input and generates localized action
frames as output. The localized action frames are used to
train action recognition models. Yan et al. [37] use video-
level tags for weakly-supervised actor-action segmentation
using a multi-task ranking model to select representative
supervoxels for actors and their respective actions. Finally,
[38] propose an unsupervised technique to derive action
classes from RGB-D videos using Gibbs sampling for learn-
ing long activities from basic actionwords.

2.4 Length Modeling for Temporal Sequences

Bojanovski et al. [39] exploit a length model for weakly super-
vised video-to-text alignment. They regularize the length of
the video segments that are supposed to be aligned with the
respective description. Probably closest to the here proposed
length prior is thework of Richard et al. [40],which introduces
a lengthmodel that depends on the overall length of an action
with respect to the mean length of the recognized class. This
model is able to capture any discrete probability distribution
and penalizes too short as well as too long sequences. The
problem of this formulation is that the first-order dependence
of the model leads to a quadratic runtime in the inference and
therefore becomes unfeasible for longer temporal video data.
Themodeling of temporal duration has also a long tradition in
the context of speech processing and has been used e.g., in
[41]. Since then it has been used in different contexts such as
general modeling in case of explicit state duration HMMs [42]
but also for speech synthesis [43] or the generation and decod-
ing of temporal sequences, such asmusic [44].

3 TASK DESCRIPTION

3.1 Learning from Transcripts Only

In contrast to fully supervised action detection or segmenta-
tion approaches, where frame based annotation is available,
weakly supervised learning is based on an ordered list of
the actions occurring in the video. A video of the activity
“Making tea” might consist of taking a cup, putting the
teabag in it, and pouring water into the cup. In a fully super-
vised task, a temporal annotation of each action start and
end time would be available for training, e.g., in form of

0 - 21: take_cup

22 - 68: add_teabag

69 - 73: pour_water.

In our weakly supervised setup, all videos are just
labeled with their ordered action sequence given as

take_cup, add_teabag, pour_water.

As this information is available for each video and as
long as all actions appear at least once in different contexts,
it is possible to infer the related action boundaries without
frame-based ground truth information, in our case by
choosing the related action representation in a way that
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they maximize the probability that the sequences were
generated by the respective models.

Note that this also formulates the necessary preconditions
of the overall system, namely the fact that it needs the order
of all actions as they appear in the sequences of the training
set and that all actions need to appear at least with two differ-
ent predecessors and successors. This constrain is necessary
as we want to maximize the probability that the sequences
of the training data are generated by models trained on a set
of boundary assumptions. If e.g., two actions always occur
together and in the same order, the combined probability for
both models will be the same, no matter where a boundary
point is set between those two actions. Only if one action
appears in a different context, i.e., with different predecessors
and successors, we are able to maximize the overall probabil-
ity of the systemwith respect to different boundaries.

3.2 Learning from Transcripts Including Sparse
Frame-Level Annotation

A slightly modified version of this problem is the learning
from transcripts including sparse frame-level annotation.
Here, again, the transcripts are provided as described, but
additionally a fraction of the frames is also annotated with
their respective ground truth label. This setting is motivated
by the idea that single frame labels are usually easier to
acquire than a full action segmentation. It requires only
to look at a few frames without the need to watch the whole
video. Such annotations can be collected e.g., via captcha
tasks, Mechanical Turk or in similar settings. In this case, the
annotation information for the video “Making tea” might look
as follows:

take_cup, add_teabag, pour_water

frame 3: take_cup

frame 65: add_teabag.

The frame information does not refer to any action bound-
aries. It only indicates at which position in the video a certain
action occurs. Thus, the task is still to infer the related action
boundaries, but under the additional constraint of matching
the annotated frames.

4 SYSTEM OVERVIEW

As sequential actions are naturally composed of hierarchical
movements and actions at different levels of temporal granu-
larity, we follow the idea of a hierarchical action model and
adapt it for the case of weak learning of human actions in
video data.

At top level, we model each temporal sequence as a com-
bination of basic actions. This can be an activity, as e.g.,
“Making tea” which would be made up of the actions “take
cup”, “add teabag” and “pour water”. Each of those actions
is represented by a respective probabilistic graph model, in
this case an HMM, which models each action as a combina-
tion of subactions. Intuitively, the idea of subactions is based
on the fact that, e.g., an action such as “take cup” consists of
multiple movements like “move hand towards cup”, “grab
cup”, “move cup towards body” and “release cup”.

‘The proposed model captures those implicitly available
but not explicitly annotated subactions as latent variables by

the states in the graph. In order to build the state graph, it
is not necessary to know the true number or label of the
possible subactions. Instead, we set the number of subactions
relative to the length of the corresponding action and update
this factor as part of the training. Thus subactions at the
beginning of an action capture motion patterns typical for
that phase, as e.g., for “take cup” the first subactions com-
prise elements such as “move hand towards cup”. To ensure
the sequential peculiarity of human actions within the state
graph, we use a feed-forward topology, allowing only self-
transition or transitions to the next state. We also show that
this characteristic can be further supported by introducing a
state specific length model to regularize the duration of each
state during inference.

In the following, we describe the proposed framework in
detail, starting with the formal definition of the hierarchical
action model. After that, we discuss the different elements
of our model, the fine-graind subaction classification and
the length prior in detail. Next, we describe the inference
and training procedure for the weak as well as for the semi
supervised case and close with a discussion of the chosen
stop criterion.

4.1 Hierarchical Action Model

As already stated, our training data consists of a set of videos
and their respective transcripts, indicating the occurring
actions in the correct order. Formally, we can assume the
training data is a set of tupels ðxT1 ; aN1 Þ, where xT1 ¼ ðx1; . . . ;
xT Þ are framewise features of a video with T frames and aN1
is an ordered sequence ða1; . . . ; aNÞ of actions occurring in
the video. The segmentation of the video is defined by the
mapping

nðtÞ : f1; . . . ; Tg 7! f1; . . . ; Ng; (1)

that assigns an action segment index to each frame. Initially,
this can simply be a linear segmentation of the provided
actions, see Fig. 5a. The likelihood of an action sequence xT1
given the action transcripts aN1 is then defined as

pðxT1 jaN1 Þ :¼
YT
t¼1

p
�
xtjanðtÞ

�
; (2)

where pðxtjanðtÞÞ are probabilities of frame xt being gener-
ated by the action anðtÞ.

The action classes usually describe longer, task-oriented
procedures that naturally consist of more than one signifi-
cant movement and we want to efficiently capture those
characteristics. We model each action as a sequential combi-
nation of subactions. For each action class a, a set of subac-
tions s

ðaÞ
1 ; . . . ; s

ðaÞ
Ka

is defined. The number Ka is initially
estimated by a heuristic and refined during the optimization
process. Practically, this means that we subdivide the origi-
nal long action classes into a set of smaller subactions.
As subactions are obviously not defined by the given
ordered action sequences, we treat them as latent variables
that need to be learned by themodel. In the following system
description, we assume that the subaction frame boundaries
are known, e.g., from previous iterations or from an initial
uniform segmentation (see Fig. 5b), and discuss the inference
of concrete boundaries in Section 4.3.

768 IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 42, NO. 4, APRIL 2020



In order to combine the fine grained subactions to action
sequences, a hidden Markov model Ha for each action a is
defined. The HMM ensures that subactions only occur
in the correct ordering, i.e., that s

ðaÞ
i � s

ðaÞ
j for i � j. More

precisely, let

sðtÞ : f1; . . . ; Tg 7! fsða1Þ1 ; . . . ; s
ðaN Þ
KaN

g; (3)

be the known mapping from video frames to the subac-
tions of the ordered action sequence aN1 . This is basically
the same mapping as the one in Equation (1) but on subac-
tion level rather than on action level. When going from
one frame to the next, we only allow to assign either the
same subaction or the next subaction, so if at frame t the
assigned subaction is sðtÞ ¼ s

ðaÞ
i , then at frame tþ 1 either

sðtþ 1Þ ¼ s
ðaÞ
i or sðtþ 1Þ ¼ s

ðaÞ
iþ1. In the following, we will

denote sðtÞ by the subscript st for better readability.
The likelihood of an action sequence xT1 given the action

transcripts aN1 is then given by

pðxT1 jsT1 Þ :¼
YT
t¼1

p
�
xtjst

� � p�stjst�1

�
; (4)

where pðxtjsÞ are probabilities computed by the fine-grained
subaction model, see Section 4.2. As defined by the feed for-
ward model, the transition probabilities pðstjst�1Þ can model
a self-transition or a transition from subaction s0 to subac-
tion s. In both cases, we compute the relative frequencies of
how often the transition s0 ! s occurs by regarding the
st-mappings of all training videos.

4.2 Fine-Grained Subaction Model

For the classification of fine-grained subactions, we use an
RNN with a single hidden layer of gated recurrent units
(GRUs) [45], a simplified version of LSTMs that shows com-
parable performance [46], [47] also in case of video classifica-
tion [48], but has less parameters than an LSTM unit. The
network is shown in Fig. 1. For each frame, it predicts a prob-
ability distribution over all subactions, while the recurrent
structure of the network allows to incorporate local temporal

context. Since the RNN generates a posterior distribution
pðsjxtÞ but our coarse model deals with subaction-condi-
tional probabilities, we use Bayes’ rule to transform the net-
work output to

pðxtjsÞ ¼ const � pðsjxtÞ
pðsÞ ; (5)

and thus allows for a direct usage of the distributions gener-
ated by the recurrent network in Equation (4).

As recurrent neural networks are usually trained using
back propagation through time (BPTT) [49], which requires
to process the whole sequence in a forward and backward
pass and a video can be very long and may easily exceed
10; 000 frames, the computation time per minibatch can be
extremely high. We therefore adapt the training procedure
by using small chunks around each video frame. They can
be efficiently processed with a reasonably large minibatch
size in order to enable efficient RNN training on long vid-
eos. For each frame t, we create a chunk over x½t� 20; t� and
forward it through the RNN. While this practically increases
the amount of data that needs to be processed by a factor of
20, only short sequences need to be forwarded at once and
we benefit from a high degree of parallelism and compara-
ble large minibatch size.

4.3 Inference

To make use of the so far computed fine-grained subaction
probabilities for long term recognition, we need to combine
them over time to derive the underlying action classes as
well as the overall temporal sequence. To do so, we use a
temporal inference model, based on the hierarchical model
formulation of our system. We will now discuss the infer-
ence on action and video level. Here different constraints
can be applied. We first discuss the case of inference con-
strained by a grammar. Second, we consider the inference
with given transcripts as a special case of a grammar with
just one valid path. Third, we extend both modalities for
sparse frame-level annotation.

Inference with Grammar. Given a video xT1 we want to find
the most likely action sequence

âN1 ¼ argmax
aN
1

pðxT1 jaN1 Þ; (6)

as well as the corresponding frame alignment. In order to
limit the amount of action sequences to optimize over, a
context-free grammar G is created by accumulating all
action transcripts seen in the training data as in [11]. Instead
of finding the optimal action sequence directly, the infer-
ence can equivalently be performed over all possible frame-
to-subaction alignments st that are consistent with G. Con-
sistent means that the unique action sequence defined by st
is generated by G.

To receive the respective action sequence âN1 , we need to
map the subaction output back to their original action classes.
To this end, we define an extractor function A : sðtÞ 7! aN1
that maps the frame-to-subaction alignment st to its action
sequence, see Fig. 2 for an illustration. Then, Equation (6) can
be rewritten as

âN1 ¼ argmax
st:AðstÞ2LðGÞ

(YT
t¼1

p
�
xtjst

� � p�stjst�1

�)
; (7)

Fig. 1. RNN using gated recurrent units with framewise video features as
input. At each frame, the network outputs a probability for each possible
subaction while considering the temporal context of the video by the
preceding frames.
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where LðGÞ is the set of all possible action sequences that
can be generated by G. Equation (7) can be solved efficiently
using a Viterbi algorithm if the grammar is context-free, see
e.g., [50].

Note that we have two types of transitions, namely transi-
tions between subactions of the same class, i.e., Aðst�1Þ ¼
AðstÞ, as well as transitions between two action classes, i.e.,
Aðst�1Þ 6¼ AðstÞ. The transition probability pðstjst�1Þ for two
subactions of the same action class can be computed from
the current alignment of the training data. As we use a feed-
forward model, we only allow self-transitions, i.e., st ¼ st�1,
or transitions to the next state. The probability pðstjst�1Þ is
computed by counting the respective number of transitions
for the given training alignment. The transition probability
between actions is 1 if the transition encodes a viable path in
the grammar and 0 if not.

Inference with Transcripts. For training as well as for the
task of aligning videos to a given ordered action sequence,
the sequence of occurring actions aN1 is already known and
only the best frame alignment to a single sequence needs to
be inferred. By defining a grammar that generates the given
action sequence aN1 only, this alignment task can be solved
using Equation (7).

Inference with Transcripts and Sparse Frame-Level Annotation.
For the case that not only the transcripts but also sparse

frame level annotation is available, the additional informa-
tion is incorporated as additional guiding points, see Fig. 3
for an illustration. The problem is that the guiding points
only comprise the label for a specific frame, but do not
include a matching of this frame to a certain segment in the
transcripts. Thus, if the respective action occurs more than
once, the frame can be assigned either way. To solve this
assignment problem, we use a dynamic programming
approach that assigns all labeled frames to their next match-
ing action segment. We formulate a distance function of the
inferred sequence aN1 and an ordered set of F frame labels
ðt; aðtÞÞwhich consists of frames indices t and the respective
class label aðtÞ. We further denote the respective start and
end frame of the nth segment of the Viterbi segmentation
by startðanÞ and endðanÞ. We assume that the respective seg-
ments have been found by the Viterbi algorithm as described
before. The distance function between the current alignment
and the sparse frame-level annotation is then given by

dðt; anÞ ¼

0; aðtÞ ¼ an ^
t 2 ½startðanÞ; endðanÞ�;

startðanÞ � t; aðtÞ ¼ an ^
t < startðanÞ;

t � endðanÞ; aðtÞ ¼ an ^
t > endðanÞ

1; aðtÞ 6¼ an;

8>>>>>>>><
>>>>>>>>:

(8)

i.e., if the annotated frame t lies within the nth inferred seg-
ment and has the same label, aðtÞ ¼ an, the distance is zero

(e.g., aðt1Þ and a1 in Fig. 3). If the annotated frame lies outside
segment n but has the same action label, the distance is the
number of frames it needs to be moved to lie within the nth
segment (e.g., aðt2Þ and a2 in Fig. 3). If the annotated frame
has another label than segment n, i.e., aðtÞ 6¼ an, the distance
is infinity (e.g., aðt2Þ and a3 in Fig. 3).

We minimize the respective distance function over all
annotations for each video

min
nðtÞ:f1;...;Fg 7! f1;...;Ng

XF
i¼1

dðti; anðtiÞÞ
( )

; (9)

where F indicates the total number of framewise annota-
tions. The minimization is reached by a dynamic warping
approach. The resulting mapping nðtÞ from labeled frames
to action segments provides the assignment between frame
annotations and Viterbi segments that requires the bound-
aries to be moved as little as possible.

For all setups with sparse frame-level supervision, we fol-
low a two step procedure. Given the training videos as well
as the respective transcripts and labels, we first infer the best
path based on the transcripts and in a second step align the
resulting boundaries with the given labeled frames.

4.4 Length Prior

We further add a state specific length prior as an additional
regularization factor to our state model. The length prior
serves in this case as a temporal decay model that rewards
the model at the beginning of a new state to stay in this state
for a certain amount of frames and punishes the model if it
stays too long in the same state. The idea is motivated by the
observation that, without length prior, the system tends to
skip many states, only remaining in those states for one or
two frames. An example of this behaviour is shown in Fig. 4.
It is clear to see that the HMMs in this case do not model any
temporal progression. To evaluate this behaviour further,
we counted the so called skip states, i.e., states which are
only assigned to one frame, for the case without and with
length prior. We observe that without length prior 74.6 per-
cent of all processed states can be counted as skip states
whereas the introduction of the length prior, e.g., for the best
performing configuration reported in Section 6, reduces the
amount of skip states to 61.9 percent.

Formally, the length prior is a function of the duration of
a state s at position t in the overall state-to-frame alignment,
i.e., a function of the length ltðstÞ that captures how long the

Fig. 2. Example for the extractor function A. During inference, a
frame-to-subaction alignment st is found. To compute the respective
unique action sequence. The extractor function maps the subactions
back to its respective action classes.

Fig. 3. Boundary adjustment for semi-supervised training with sparse
frame annotation. If the annotated frames are not consistent with the
result after Viterbi decoding, the segmentation needs to be adjusted to fit
the annotated frames. This also includes the association of the annotated
frames to the respective segments. In this example, aðt2Þ and aðt3Þ both
belong to the same class and could be associated to segment a2 and a4.
Using a dynamic warping approach, boundary shifts are chosen to be as
small as possible.
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model already remained in one state at time t. The length
function is defined recursively as

ltðstÞ ¼ lt�1ðstÞ þ 1; if st ¼ st�1

1; otherwise:

�
(10)

The prior function p
�
ltðstÞjst

�
models the decay factor

based on the mean length lenðstÞ of the respective state.
The mean length is given by the average length of each state
computed as

lenðsÞ ¼ number of frames aligned to s

number of s-instances
: (11)

An example for such a decay function can be a half
Gaussian function defined as

~p
�
ltðstÞjst

� ¼ e
�ðltðstÞ�mÞ2

s2 ; (12)

with m ¼ 0 and s ¼ lenðstÞ, see Fig. 8 and the Appendix for
more decay functions.

4.5 Decoding with Length Prior

The Viterbi decoding is a recursive function that computes
the best path by maximizing the probability of all recent
paths, encoded as a set of states, in combination with the
probability of the current states. More formally, we define
the recursive function Q to encode the maximum probabil-
ity for a state path s at time t. In the following, we define s0

to be a possible predecessor state at time t� 1 and Q at
ðt� 1; s0Þ is the maximum probability of the HMM state
path up to time t� 1. The value of Q at ðt; sÞ is then com-
puted by selecting the HMM state path up to time t that
ends in state s that maximizes the probability over all prede-
cessor paths multiplied by the current observation probabil-
ity pðxtjsÞ and the transition probability from the previous
to the current state pðsjs0Þ. This recursive equation solves
the maximization from Equation (7)

~Qðt; sÞ ¼ max
s0

�
Qðt� 1; s0Þ � pðxtjsÞ � pðsjs0Þ

�
: (13)

Consequently, the overall best path by means of
Equation (7) is the best path ending at time T , i.e., the path
with the scoremaxsQðT; sÞ, see also [51] for details.

We propose to use the length prior p
�
ltðstÞjst

�
as a regu-

larizer during the Viterbi decoding to prevent hypotheses
that stay in the same HMM state for too long. To this end
we add the length prior to the overall decoding formulation

âN1 ¼ argmax
st:AðstÞ2LðGÞ

(YT
t¼1

p
�
xtjst

� � p�stjst�1

� � p�ltðstÞjst�
)
; (14)

As the Viterbi decoding is carried out recursively, cf.
Section 4.5, the previously multiplied length factor needs to
be replaced by the current length factor when going from
frame t� 1 to frame t. Therefore the overall prior is defined as

p
�
ltðstÞjst

� ¼ ~p
�
ltðstÞjst

�
~p
�
lt�1ðstÞjst�1

� ; (15)

where we set ~p
�
lt�1ðstÞjst�1

� ¼ 1 if st 6¼ st�1.
In order to incorporate a regularization on the length, we

modify the recursive equation by multiplying the length
prior

~Qðt; sÞ ¼ max
s0

�
Qðt� 1; s0Þ � pðxtjsÞ � pðsjs0Þ

� p�ltðstÞjst��: (16)

Note that the length prior here works differently from con-
text dependent length models as e.g., proposed in [40]. Such
lengthmodels assume a first-order dependence on the ending
times of the single states. Including such a lengthmodelmight
allow for an even more precise length modeling but would
require the Viterbi decoding to run not only over all time
frames but also over all possible lengths, which would
increase the runtime from linear in the frames, i.e., OðT Þ, to
quadratic in the frames, i.e., OðT 2Þ. Since videos are usually
long (T � 1000), this quickly becomes infeasible to compute.

The main advantage of the here proposed length prior is
that it only depends on the current length ltðstÞ, which is also
recursively defined and keeps the overall runtime linear.
This formulation requires the length prior to be a monotoni-
cally decreasing function. Consider a path that, at time t, has
just changed to state s. A non-monotonous function such as a
classical Poisson distribution would penalize such a path
strongly, although the pathmay turn out very good if it stays
in state s in the future. Using monotonous length priors
avoids this problem and only paths that are in a certain state
s for too long are penalized. We define functions such as a
half Poisson, where the probability is constant up to the peak
of the original Poisson distribution and then decreases as
usual. Similarly, we propose a half Gaussian that is centered
at zero and decreases as the length increases like a Gaussian
distribution, see Fig. 8 and the Appendix for details.

We evaluate the four different models, namely a box
function, a linear decreasing function, a half Poisson, and a
half Gaussian distribution in Section 6.3.

4.6 Training

The training of themodel is done iteratively, altering between
the recurrent neural network and the hidden Markov model

Fig. 4. Example of state alignment for two instances of the same action
as they are usually produced by the system without length prior and of
an instance showing the intended state alignment. In the first two cases
the HMM does not model the temporal progression, but rather uses the
subaction states to distinguish between different action appearances.
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training, and the alignment of frames to subactions via the
hidden Markov model. The whole process is illustrated in
Fig. 5. We start with a linear segmentation and alignment of
all training videos, train the respective RNN andHMMmod-
els and run an inference with the trained models which
results in new frame boundaries for each action. We then
redistribute the HMM states according to the new segmenta-
tion and repeat the training procedure several times until
convergence is reached. In the following, we describe the two
relevant steps, the initialization as well as the iterative train-
ing procedure in detail.

Initialization. Each video is divided into N segments
of equal size, where N is the number of action instances
in the transcript (Fig. 5a). Each action segment is further
subdivided equally across the subactions (Fig. 5b). Note
that this defines the mapping sðtÞ from frames to subac-
tions. Additionally, each subaction should cover m frames
of an action on average. We fix m to 10 frames per subac-
tion. Thus, the initial number of subactions for each action is

number of frames

number of action instances �m: (17)

Hence, initially each action is modeled with the same num-
ber of subactions. This can change during the following iter-
ative optimization.

Training. The fine-grained RNN and the HMMare trained
with the current mapping st as ground truth (Fig. 5c). Then,
the RNN and HMM are applied to the training videos and a
new alignment of frames to subactions (Fig. 5d) is inferred
given the new fine-grained probabilities pðxtjsÞ from the
RNN. The new alignment is obtained by finding the subac-
tionmapping st that best explains the data

ŝt ¼ argmax
st

n
pðxT1 jaN1 Þ

o

¼ argmax
st :AðstÞ¼aN

1

(YT
t¼1

p
�
xtjst

� � p�stjst�1

� � p�ltðstÞjst�
)
:

(18)

Again, Equation (18) can be efficiently computed using
a Viterbi algorithm and we include our proposed length
regularization in the recursive equation, cf. Equation (16).
For the case of training with sparse frame-level annotations,
the resulting alignment is further refined as described in
Section 4.3.

Reestimation. Once the realignment is computed for all
training videos, the new average length of each action is
computed and the number of subactions is re-estimated
based on the updated average action lengths, which is com-
puted as Equation (17), but for the entire action a instead of
the state s. Correspondingly, there are now lenðaÞ=m subac-
tions for action a, which are again uniformly distributed
among the frames assigned to the action (Fig. 5e). This new
alignment is then used as current mapping and, as described
in the beginning, the RNN can be trained with this newmap-
ping and the HMM parameters can be updated (Fig. 5f). As
the mapping for each iteration requires a different number of
outputs for the RNN, we train a new RNN-model for each
iteration from scratch, initialized with random weights.
These steps are iterated until convergence.

4.7 Stop Criterion

As the system iteratively approximates the optimal action
segmentation on the training data, we define a stop criterion
based on the overall amount of frame labels changed from
one iteration to the succeeding one. Overall we stop if less
than 5 percent of the frames are assigned a new label or we
reach a maximum of 15 iterations.

5 SETUP

5.1 Datasets

We evaluate the proposed approach on two different data-
sets. The Breakfast dataset is a large scale dataset for hierar-
chical activity recognition and detection and comprises
roughly about 4million frames in 1,712 clips and has an over-
all duration of 66.7 hours. The dataset comprises 10 breakfast

Fig. 5. Training process of our model. Initially, each action is modeled with the same number of subactions and the video is linearly aligned to these
subactions. Based on this alignment, the RNN is trained and used in combination with the HMMs to realign the video frames to the subactions.
Eventually, the number of subactions per action is reestimated and the process is iterated until convergence.
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related tasks such as making tea but also complex activities
such as the preparation of fried egg or pancake recorded
with 52 different test persons in various kitchen environ-
ments. It features 48 action classes with a mean of 4.9 instan-
ces per video.We follow the evaluation protocol as proposed
by the authors in [16].

The Hollywood extended [9] dataset is an extension of
the well known Hollywood dataset, featuring 937 clips
from different Hollywood movies with overall 787,720
frames. The clips are annotated with two or more action
labels resulting in 16 different action classes overall and a
mean of 2.5 action instances per clip. The authors propose
a ten fold evaluation by selecting random clips. To allow
for a better reproducibility of the results, we choose the
last digit of the video number to define the splitting in the
following evaluation.

Both datasets show a high heterogeneity, the first because
of different persons, locations and camera viewpoints, the
second because of the naturally high appearance variation of
the movie sources. The two datasets differ in the mean and
variance of the video length as well as in the duration and
variance of the annotated actions. This difference is impor-
tant as it can be expected that modifications of the temporal
modeling have a higher impact on data with higher temporal
heterogeneity than on those with homogeneous temporal
properties.

5.2 Features

For both datasets we computed the features as described in
[52] using improved dense trajectories (IDT) and Fisher vec-
tors (FVs). For the FV representation, we first reduce the
dimensionality of the IDT features from 426 to 64 by PCA
and sample 150,000 randomly selected features to build a
GMM with 64 Gaussians. The Fisher vector representation
[53] for each frame is computed over a sliding window
of 20 frames. Following [54], we apply power- and ‘2-nor-
malization to the resulting FV representation. Additionally,
we reduce the final FV representation from8,192 to 64 dimen-
sions via PCA to keep the overall video representation man-
ageable and easier to process.

5.3 Alignment versus Segmentation

In case of weak learning of human actions two possible tasks
can be considered to assess the accuracy of the proposed sys-
tem, alignment and segmentation. In case of temporal action
alignment as e.g., used by [9], [10], [11], the test video and its
respective transcript annotation is given and the task is to

infer the segment boundaries based on the given order infor-
mation. The accuracy in this case can be reported by mean
over frames (MoF) as proposed by [11] or by the Jaccard
index (Jacc.), as in [9]. In this case, the Jaccard index is com-
puted as intersection over detection (IoD) and defined by
jG \Dj=jDj with G referring to the ground truth frames and
D referring to the detected action frames.

In case of temporal action segmentation, only the test video is
given and the task is to infer the occurring actions as well as
their respective frame boundaries. We refer to temporal
action segmentation as the combined video segmentation
and classification. Thus, given a video without any further
information, the task is to classify all frames according to
their related action. This includes to infer which actions
occur in the video, in which order they occur, and their
respective start and end frames. This task is evaluated by the
mean over frames [10], [11].

6 EVALUATION

We first evaluate the performance of the different com-
ponents of our system, namely the GRU based classification,
the subaction modeling, the length prior, and the semi-
supervised setup for temporal action segmentation. We eval-
uate all tasks on the test set of the Breakfast dataset and report
results as mean accuracy over frames (MoF). We iterate the
system until the stop criterion as described in Section 4.7 is
reached.

6.1 Evaluation of GRU-Based Model

First, we evaluate the influence of the proposed fine grained
RNN modeling. In order to analyze the capability of captur-
ing temporal context with the recurrent network, we com-
pare it to a system where a multilayer perceptron (MLP) is
used instead. The MLP only operates on frame level and
does not capture temporal context as there is no recurrent
connection involved. In order to provide a fair comparison
to the recurrent model, we setup the MLP with a single hid-
den layer of rectified units such that it has the same number
of parameters as the recurrent network. We also look at the
performance of standard GMM models, as they would be
usually used in the context of HMMs. In this case, we follow
the setup as described by [52], using a single Gaussian distri-
bution for each state of themodel.

For this evaluation, we use a simplified version of the sys-
tem without subaction reestimation or length prior to
achieve comparable results after each iteration. We show
results for the first five iterations in Table 1. It becomes
clear that GRUs outperform MLPs and GMMs, starting with
25.5 percent for the initial recognition, and reaching up to
29.3 percent after the fourth iteration. TheMLP baseline stays
continuously below this performance. Thus, it can be
assumed that the additional information gained by recurrent
connections in this context supports classification. One can
further see that the MLP reaches its best performance after
the second iteration and then continuously decreases,
whereas the GRU begins to oscillate around 29 percent, hint-
ing that the MLP also starts to overfit at an earlier stage com-
pared to the GRU. The GMMs are also performing better
than the MLP but, with a maximum of 27.0 percent, do not
reach the performance of the GRU.

TABLE 1
Results for Temporal Action Segmentation with GRU-Based

Model Compared to MLP-Based Model and GMM
over Five Iterations

Breakfast Iter 1 Iter 2 Iter 3 Iter 4 Iter 5

GMM w/o reest. 15:3 23:3 26:3 27:0 26:5
MLP w/o reest. 22:4 24:0 23:7 23:1 20:3
GRU w/o reest. 25:5 29:1 28:6 29:3 28:8

It shows that the MLP and GMM are outperformed by the GRU-based model.
Additionally the MLP-based model quickly starts to overfit whereas the GRU
oscillates at a constant higher level.
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6.2 Analysis of the Subaction Modeling

Second, we regard the properties of the proposed subaction
modeling. We therefore compare the proposed system with
the results of the same setting, but without further subdivid-
ing actions into subactions (GRU no subactions, Table 2).
Additionally, we regard results of the system without reesti-
mation of subactions during optimization (GRU w/o reesti-
mation, Table 2). For the system without reestimation, we
follow the initial steps as shown in Fig. 5, thus, we linearly
segment the videos according to the number of actions,
generate an initial subaction alignment, train the respective
subaction classes, and realign the sequence based on the
RNN output. But, opposed to the setup with reestimation,
we omit the step of reestimating the number of subclasses
and the following alignment. Instead, we just use the output
of the realignment (see Fig. 5d) to retrain the classifier and
iterate the process of training, alignment, and re-training.
Thus, the number of subclasses is constant and the coarse
model is not adapted to the overall estimated length of the
action class.

Finally, we compare to an approach in which we use the
ground truth boundaries to compute the mean length of an
action class and set the number of subactions based on the
mean ground truth length (GRU + GT length, Table 2). Here,
all action classes are still uniformly initialized, but longer
action classes are divided into more subactions than shorter
ones. We include this scenario as it models the performance
in case that the optimal number of subaction classes would
be found. We again use a simplified version of the system
without length prior to achieve comparable results.

Table 2 shows that the performance without subactions
is significantly below all other configurations, supporting
the idea that subaction modeling in general helps recog-
nition in this scenario. The model with subactions, but
without reestimation, improves over the single class model,
but is still below the system with subaction reestimation.
Compared to that, the model with subaction reestimation

performs 5 percent better. We ascribe the performance
increase of the reestimated model to the fact that a good per-
formance is highly related to the correct number of subac-
tions, thus to a good length representation of the single
actions. The impact of the number of subactions becomes
clear, when considering the results when the ground truth
action lengths are used. The performance of the same sys-
tem, just with different numbers of subactions, increases by
almost 20 percent. This effect becomes also visible in the
qualitative results as shown in Fig. 6. Comparing the results
of the three configurations - without subactions, without
restimation, and with reestimation - to the ground truth
annotations, it shows that, although the overall sequence is
not always correctly inferred by the models, the system
with reestimation finds a good alignment compared to the
ground truth frame boundaries. We also regard how the
overall number of subactions changes by reestimating after
each iteration as shown in Fig. 7. It becomes visible that
the number of subactions mainly increases in the beginning
and starts to converge after five to ten iterations. approxi-
mated. ground truth distribution by XX% percent, w as the
the state distribution of the reestimated model e.g., after
iteration eight deviates only by XX%.

6.3 Analysis of Length Prior

In a next step, we analyze the impact of the length prior on
the overall system. In terms of decay functions, we evaluate
four different types of functions as shown in Fig. 8, a simple
box function, a linear decay function, a half Poisson decay
and a half Gaussian function.

First, we evaluate the overall performance of the different
functions on the system. For all measures, we use the stop cri-
terion as described in Section 4.7. As Table 3 shows, the length
model mainly improves the results for the Breakfast dataset.
All length models are doing better than the original system
without length model in this case, with a best accuracy of
37.0 percent reached by the linear decay function. This is

TABLE 2
Results for Temporal Action Segmentation on the Breakfast

Dataset Comparing Accuracy of the Proposed System
(GRU + Reestimation) to the Accuracy of the Same Architecture

without Subactions (GRU No Subactions) and to the
Architecture with Subclasses but without Reestimation

Breakfast Accuracy (Mof)

GRU no subactions 22:4
GRU w/o reestimation 28:8
GRU + reestimation 33:3

GRU + GT length 51:3

Fig. 6. Example of temporal action segmentation for two samples from the Breakfast dataset showing the segmentation result for “preparing cereals”
and “preparing friedegg”. Although the actions are not always correctly detected, there is still a reasonable alignment of detected actions and ground
truth boundaries.

Fig. 7. Evolution of number of states for themodel with state reestimation.
The number of states increases in the first five iterations and converges
after ten iterations.
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further supported by the evaluation of the performance dur-
ing training as the plot in Fig. 9 shows. Here, the solid line
shows the segmentation accuracy of the models after each
iteration until the stop criterion is reached. After that, addi-
tional results are displayed by a dashed line. It shows that all
four functions significantly outperform the system without
length prior with best results at 36.7 percent for box and 35.7
and 36.7 percent for half Poisson andGaussian.

The impact of the length models on the Hollywood
Extended dataset is smaller than on the Breakfast dataset as
shown in Table 3. This behaviour can be based on the fact
that the actions in the Hollywood Extended dataset are usu-
ally shorter and the action classes have a lower temporal var-
iance compared to the Breakfast dataset. On Hollywood
extended, all action classes usually have a consistent mean
frame length, where as in case of Breakfast, the mean length
of action classes significantly varies. Thus, the benefit of
using length models increases with the heterogeneity of the
target action classes. Therefore it can be expected that a
length model has less impact in this case than for datasets
with high temporal variance among the action classes.

Overall, based on the numbers in Table 3, it can be stated
that the half Gaussian function gives the most consistent
improvement for both datasets. We therefore use a length
prior with a half Gaussian function for the following
experiments.

6.4 Semi Supervised Learning Including Sparse
Frame-Level Annotation

Finally, we evaluate the behaviour of the proposed system
in a semi-supervised setup including sparse frame-based
annotation. We follow the idea presented in [10] of using a
fraction of all frames as additional information during train-
ing. We again report all results for the segmentation task on

the Breakfast dataset. We start with a fraction of 0.25 percent
of all annotated frames which roughly corresponds to one
frame per action instance in the dataset. We uniformly select
the frame annotation from the ground truth dataset. Note
that not all action instances will have a respectively labeled
frame and we do not get any information about the segment
boundaries by this type of labeling.

Results for the sparse frame-level annotation are shown in
Table 4. It shows that even a small fraction of annotated
frames (0.25 percent) helps to improve the overall accuracy
on the Breakfast dataset by almost 20 percent reaching 56.0
percent. It further shows thatwith only 1 percent of annotated
frames, the result is already getting close to the fully super-
vised setting of 61.0 percent. Additionally, we observe a faster
convergence behaviour when including more frame-level
annotation. The system without frame-level annotation usu-
ally needs 12-15 iterations tomeet the respective convergence
criterion.As can be seen in Fig. 10 in case of frame level super-
vision, we reach convergence already after two to four itera-
tion steps, as the overall frame alignment obviously shifts
less the more frame information is available. This supports
the idea that a partial annotation of frames might be a valid
alternative to the time consuming, fully supervised labeling.

The same behaviour at a smaller scale is also visible for
the Hollywood Extended dataset (see Table 4). Here, we

Fig. 8. Overview of evaluated length models showing a simple box function, a linear decay function, a half Poisson decay and a half Gaussian
function for a subaction with a mean length of 10 frames. See Appendix for formulas of the functions.

TABLE 3
Results of Temporal Action Segmentation for Different

Length Prior Functions on the Breakfast and the
Hollywood Extended Dataset

Length model Breakfast(MoF) Hollywood Ext.(IoU)

No length model 32:6 11:5

Box function 36:7 9:9
Linear decay 37:0 10:5
Half Poisson 35:7 11:1
Half Gaussian 36:7 12:3

All results are based on a stop criterion of 5 percent frame change rate
during alignment or a maximum of 15 iterations.

Fig. 9. Results for temporal segmentation with different length models on
the Breakfast dataset over 15 iterations. Solid lines show the results until
the proposed stop criterion is reached. Dashed lines show the results
after the stop criterion.
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mainly see an increase when 1 percent or more frames are
annotated. It can be assumed that the smaller improvement
is based on two points. First, the weakly supervised accuracy
of 12.3 percent of the Hollywood Extended dataset is already
close to the fully supervised setting with 13.7 percent. Thus,
the increase can only bewithin thismargin. Second,we again
observe that the additional information during training
mainly helps for a better temporal alignment of the data.
Thus, it can be expected that the influence on datasets with
higher temporal variance is stronger than for those with
lower temporal variance.

6.5 Comparison to State-of-the-Art

Temporal Action Segmentation.We compare our system to four
different approaches published for this task: The first is the
Ordered Constrained Discriminative Clustering (OCDC)
proposed by Bojanovski et al. [9], which has been introduced
on the Hollywood extended dataset. Second, we compare
against the HTK system used by Kuehne et al. [11], third

against the Extended Connectionist Temporal Classification
(ECTC) by Huang et al. [10] and fourth against the temporal
convolutional feature pyramid network by Ding and Xu [24].
We further compare against a previous version of this system
without lenghtmodel [17].

For the Breakfast dataset, we follow the evaluation pro-
tocol of [16] and [10] and report results as mean accuracy
over frames over four splits. For the Hollywood Extended
dataset, we follow the evaluation protocol of [11] and report
the Jaccard index (Jacc.) as intersection over union (IoU)
over 10 splits.

Results are shown in Table 5. One can see that both GRU
systems show a good performance, and that the proposed
system outperforms most current approaches on the evalu-
ated datasets. Only the recently released TCFPN reaches
better results on this task.

Temporal Action Alignment. We also address the task of
action alignment. We assume that given a video and a
sequence of temporally ordered actions, the task is to infer the
respective boundaries for the given action order. We report
results for the test set of Breakfast as well as for the
Hollywood Extended dataset based on the Jaccard index
(Jacc.) computed as intersection over detection as proposed
by [9]. The results are shown in Table 6.

The proposed approach outperforms current state-of-the-
art approaches. It also shows that the system without length
model performs slightly better than the system with length
model for the alignment in case of Hollywood Extended. As
already discussed in Section 6.3, the differences between the
proposed approach with and without length model are mar-
ginal on this dataset.

Fully Supervised Classification. We finally evaluate the
approach in a fully supervised setting and compare it to
other proposed approaches. Here, we compute the mean
length from the training annotations directly and use it to
determine the number of states as well as the length param-
eter of the prior function.

TABLE 4
Results for Temporal Action Segmentation with Semi

Supervised Learning on the Breakfast and the Hollywood
Extended Dataset with a Half Gaussian Length Prior

Fraction Breakfast(Mof) Hollywood Ext.(IoU)

0.0 36:7 12:3

0.0025 56:0 12:3
0.01 58:8 13:1
0.1 60:9 13:3
1 61:3 13:7

The fraction indicates how many frames of the data were labeled.
A fraction of 1 corresponds to a fully supervised setup. All results are
based on the stop criterion of 5 percent frame change rate during
alignment or a maximum of 15 iterations.

Fig. 10. Results of temporal action segmentation with semi supervised
training on the Breakfast dataset for 10 iterations. Solid lines show the
results until the proposed stop criterion is reached, dashed lines show
the results after the stop criterion. It shows that even small fractions
of annotated frames can significantly improve the overall performance of
the system.

TABLE 5
Comparison of Temporal Action Segmentation
Performance for GRU Based Weak Learning

with Other Approaches

Breakfast

Model Accuracy (Mof)

OCDC [9]* 8:9
HTK [11] 25:9
ECTC [10] 27:7
TCFPN [24] 38:4

GRU-RNN [17] 33:3
GRU + length prior 36:7

Hollywood Extended

Model Jacc (IoU)

HTK [11] 8:6
TCFPN [24] 12:6

GRU-RNN [17] 11:9
GRU + length prior 12:3

For the Breakfast dataset, we report performance as mean over frames
(Mof), for Hollywood extended, we measure the Jaccard index as
intersection over union for this task (*from [10]).
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Table 7 shows that the system clearly outperforms previ-
ous approaches. Since the apporaches [16] and [52] have a
similar hierarchical structure as the presented system and
similar features [52], we can assume that the main improve-
ment can be attributed to the underlying GRU models. This
is consistent with the findings in Section 6.1, where it shows
that the proposed GRUs improve fine-grained frame-based
classification compared to other approaches. Additionally,
it shows that the length model also improves the segmenta-
tion accuracy in case of fully supervised training. This is
important as in this case, we can assume that all other tem-
poral factors, such as the number of states are already opti-
mal. Thus, even in this case, a temporal prior can improve
the overall recognition of the system.

7 CONCLUSION

We presented an approach for weakly, semi and fully super-
vised learning of human actions based on a combination of a
discriminative representation of subactions modeled by a
recurrent neural network and a coarse probabilistic model to
allow for a temporal alignment and inference over long
sequences. Although the system itself shows already good
results, the performance is significantly improved by approx-
imating the number of subactions for the different action

classes and by adding a length prior formulation to the over-
all system. Accordingly, we combine the length model with
the adaptation of the number of subaction classes by iterating
realignment and reestimation during training. The resulting
model shows a competitive performance on various weak
learning tasks such as temporal action segmentation and
action alignment on two standard benchmark datasets.

APPENDIX A

In the following we report the formulas used for the four dif-
ferent length models evaluated in our work as well as their
basic properties. Note that we abbreviate ltðstÞ by lt for better
readability. Also note that each distribution is normalized in
a way thatmaxf~pðljsÞg ¼ 1, i.e., for each of themonotonically
decreasing functions, the highest value is one. Although the
models are not a strict probability distribution anymore, the
normalization simplifies the formulas and sums up to a con-
stant in the Viterbi decoding, not affecting the overall out-
come. We set the � in all functions to 0.001. All models are
also displayed in Fig. 8.

A.1 Box Function

~p
�
ltjst

� ¼ 1; lt � 2 � lenðstÞ
�; lt > 2 � lenðstÞ:

�
(19)

The box function is considered as the basic representation
of a length model. In this case the length prior does not influ-
ence the inference up to the point that twice the mean length
of the respective state is reached. After that, the overall prob-
ability is multiplied with a given � and thus marginalized, so
that the respective state is not used anymore.

A.2 Linear Decay

~p
�
ltjst

� ¼ 1; lt � lenðstÞ
1� lt�lenðstÞ

lenðstÞ ; lt > lenðstÞ ^ lt < 2 � lenðstÞ
�; lt 	 2 � lenðstÞ:

8<
:

(20)

The linear decay function can be seen as an extension of
the box function. Here, the length prior is fix up to the point
that the mean length of the respective state is reached. Then,
the overall length prior linearly decreases, punishing longer
states more than shorter ones. After twice the mean length is
reached, the length prior is set to � and the overall probability
is thus marginalized, so that the respective state is not used
anymore.

A.3 Half Poisson

~p
�
ltjst

� ¼ 1; lt � lenðstÞ
const � lenðstÞltlt!

e�lenðstÞ; lt > lenðstÞ:

(
(21)

For the Half Poisson, const is a normalization factor such
that maxl

�
~p
�
ljst

�� ¼ 1. The half Poisson model in the here
proposed case also starts with a plateau and is fix up to the
point that the mean length of the respective state is reached.

TABLE 7
Results for Fully Supervised Temporal Action
Segmentation on the Breakfast Dataset (MoF)

Breakfast

Model MoF

HMM-BOW [16] 28:8
HMM-FV [52] 56:3
TCFPN [24] 52:0

GRU w/o length prior 60:2
GRU + length prior 61:3

TABLE 6
Results for Temporal Action Alignment on the Test Set of

the Breakfast and the Hollywood Extended Dataset
Reported as Jaccard Index of Intersection over Detection

(IoD)(**Results Obtained from the Authors)

Breakfast

Model Jacc. (IoD)

OCDC [9] 23:4
HTK [11] 42:4
TCFPN [24] 52:3

GRU-RNN [17] 47:3
GRU + length prior 52:4

Hollywood Extended

Model Jacc. (IoD)
OCDC [9]** 43:9
HTK [11]** 42:4
ECTC [10]** 41:0
TCFPN [24] 39:6

GRU-RNN [17] 46:3
GRU + length prior 46:0
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After that we consider the right-half of the Possion distribu-
tion of the respective state. We choose this combination as we
want to model the discrete distribution of state lengths, and
at the same time, ensure amonotonically decreasing function.

A.4 Half Gaussian

~p
�
ltjst

� ¼ e
�ðlt�mÞ2

s2 : (22)

Closely related to the half Poisson model is the half
Gaussian model. Here, the property of a monotonically
decreasing function is implicitly ensured by setting m ¼ 0
and s ¼ lenðstÞ.

ACKNOWLEDGMENTS

Thework has been financially supported by the DFGprojects
KU 3396/2-1 (Hierarchical Models for Action Recognition
and Analysis in Video Data) and GA 1927/4-1 (DFG
Research Unit FOR 2535 Anticipating Human Behavior) and
the ERC Starting Grant ARCA (677650). This work has been
supported by the AWS Cloud Credits for Research program.
Hilde Kuehne and Alexander Richard are denotes equal
contribution.

REFERENCES

[1] H. Wang and C. Schmid, “Action recognition with improved
trajectories,” in Proc. IEEE Conf. Comput. Vis., 2013, pp. 3551–3558.

[2] X. Peng, C. Zou, Y. Qiao, and Q. Peng, “Action recognition with
stacked fisher vectors,” in Proc. Eur. Conf. Comput. Vis., 2014,
pp. 581–595.

[3] M. Jain, J. C. van Gemert, and C. G. M. Snoek, “What do 15,000
object categories tell us about classifying and localizing actions?”
in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2015, pp. 46–55.

[4] L. Wang, Y. Xiong, Z. Wang, Y. Qiao, D. Lin, X. Tang, and L. van
Gool, “Temporal segment networks: Towards good practices for
deep action recognition,” in Proc. Eur. Conf. Comput. Vis., 2016,
pp. 20–36.

[5] J. Carreira and A. Zisserman, “Quo vadis, action recognition?
A new model and the kinetics dataset,” in Proc. IEEE Conf. Com-
put. Vis. Pattern Recognit., 2017, pp. 4724–4733.

[6] I. Laptev, M. Marszalek, C. Schmid, and B. Rozenfeld, “Learning
realistic human actions from movies,” in Proc. IEEE Conf. Comput.
Vis. Pattern Recognit., 2008, pp. 1–8.

[7] M. Marszalek, I. Laptev, and C. Schmid, “Actions in context,” in
Proc. IEEEConf. Comput. Vis. Pattern Recognit., 2009, pp. 2929–2936.

[8] J.-B. Alayrac, P. Bojanowski, N. Agrawal, I. Laptev, J. Sivic, and
S. Lacoste-Julien, “Unsupervised learning from narrated instruction
videos,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2016,
pp. 4575–4583.

[9] P. Bojanowski, R. Lajugie, F. Bach, I. Laptev, J. Ponce, C. Schmid,
and J. Sivic, “Weakly supervised action labeling in videos under
ordering constraints,” in Proc. Eur. Conf. Comput. Vis., 2014,
pp. 628–643.

[10] D.-A. Huang, L. Fei-Fei, and J. C. Niebles, “Connectionist temporal
modeling for weakly supervised action labeling,” in Proc. Eur. Conf.
Comput. Vis., 2016, pp. 137–153.

[11] H. Kuehne, A. Richard, and J. Gall, “Weakly supervised learning
of actions from transcripts,” Comput. Vis. Image Understanding,
vol. 163, no. C, pp. 78–89, Oct. 2017.

[12] J. Donahue, L. A. Hendricks, S. Guadarrama, M. Rohrbach,
S. Venugopalan, K. Saenko, and T. Darrell, “Long-term recurrent
convolutional networks for visual recognition and description,”
in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2015,
pp. 2625–2634.

[13] J. Yue-Hei Ng, M. Hausknecht, S. Vijayanarasimhan, O. Vinyals,
R. Monga, and G. Toderici, “Beyond short snippets: Deep networks
for video classification,” in Proc. IEEE Conf. Comput. Vis. Pattern
Recognit., 2015, pp. 4694–4702.

[14] B. Singh, T. K. Marks, M. Jones, O. Tuzel, and M. Shao, “A
multi-stream bi-directional recurrent neural network for
fine-grained action detection,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit., 2016, pp. 1961–1970.

[15] Z. Wu, X. Wang, Y.-G. Jiang, H. Ye, and X. Xue, “Modeling
spatial-temporal clues in a hybrid deep learning framework for
video classification,” in Proc. ACM Int. Conf. Multimedia, 2015,
pp. 461–470.

[16] H. Kuehne, A. B. Arslan, and T. Serre, “The language of actions:
Recovering the syntax and semantics of goal-directed human
activities,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2014,
pp. 780–787.

[17] A. Richard, H. Kuehne, and J. Gall, “Weakly supervised action
learning with RNN based fine-to-coarse modeling,” in Proc. IEEE
Conf. Comput. Vis. Pattern Recognit., 2017, pp. 1273–1282.

[18] H. Wang, A. Kl€aser, C. Schmid, and C.-L. Liu, “Dense trajectories
and motion boundary descriptors for action recognition,” Int. J.
Comput. Vis., vol. 103, no. 1, pp. 60–79,May 2013.

[19] K. Simonyan and A. Zisserman, “Two-stream convolutional
networks for action recognition in videos,” in Proc. Int. Conf.
Neural Inf. Process. Syst., 2014, pp. 568–576.

[20] C. Feichtenhofer, A. Pinz, and A. Zisserman, “Convolutional
two-stream network fusion for video action recognition,” in Proc.
IEEE Conf. Comput. Vis. Pattern Recognit., 2016, pp. 1933–1941.

[21] R. Girdhar, D. Ramanan, A. Gupta, J. Sivic, and B. Russell,
“ActionVLAD: Learning spatio-temporal aggregation for action
classification,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit.,
2017, pp. 3165–3174.

[22] O. Duchenne, I. Laptev, J. Sivic, F. Bach, and J. Ponce, “Automatic
annotation of human actions in video,” in Proc. IEEE 12th Int.
Conf. Comput. Vis., 2009, pp. 1491–1498.

[23] A. Graves, S. Fern�andez, F. Gomez, and J. Schmidhuber,
“Connectionist temporal classification: Labelling unsegmented
sequence data with recurrent neural networks,” in Proc. Int. Conf.
Mach. Learn., 2006, pp. 369–376.

[24] L. Ding and C. Xu, “Weakly-supervised action segmentation with
iterative soft boundary assignment,” in Proc. IEEE Conf. Comput.
Vis. Pattern Recognit., 2018, pp. 6508–6516.

[25] C. Lea, M. Flynn, R. Vidal, A. Reiter, and G. Hager, “Temporal
convolutional networks for action segmentation and detection,”
in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2017, pp. 1003–
1012.

[26] K. Soomro, A. R. Zamir, and M. Shah, “UCF101: A dataset of
101 human actions classes from videos in the wild,” Univer-
sity of Central Florida, Tech. Rep. CRCV-TR-12-01, 2012.

[27] A. Karpathy, G. Toderici, S. Shetty, T. Leung, R. Sukthankar, and
L. Fei-Fei, “Large-scale video classification with convolutional
neural networks,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit.,
2014, pp. 1725–1732.

[28] W. Kay, J. Carreira, K. Simonyan, B. Zhang, C. Hillier,
S. Vijayanarasimhan, F. Viola, T. Green, T. Back, P. Natsev,
M. Suleyman, and A. Zisserman, “The kinetics human action
video dataset,” arXiv:1705.06950, 2017.

[29] Y.-G. Jiang, J. Liu, A. Roshan Zamir, G. Toderici, I. Laptev, M. Shah,
and R. Sukthankar, “THUMOS challenge: Action recognition with a
large number of classes,” 2014. [Online]. Available: http://crcv.ucf.
edu/THUMOS14/

[30] L. Wang, Y. Xiong, D. Lin, and L. van Gool, “UntrimmedNets for
weakly supervised action recognition and detection,” in Proc.
IEEE Conf. Comput. Vis. Pattern Recognit., 2017, pp. 6402–6411.

[31] P. Nguyen, T. Liu, G. Prasad, and B. Han, “Weakly supervised
action localization by sparse temporal pooling network,” in Proc.
IEEE Conf. Comput. Vis. Pattern Recognit., 2018, pp. 6752–6761.

[32] O. Koller, H. Ney, and R. Bowden, “Deep hand: How to train a
CNN on 1 million hand images when your data is continuous and
weakly labelled,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit.,
2016, pp. 3793–3802.

[33] O. Koller, S. Zargaran, andH. Ney, “Re-sign: Re-aligned end-to-end
sequence modelling with deep recurrent CNN-HMMs,” in Proc.
IEEEConf. Comput. Vis. Pattern Recognit., 2017, pp. 3416–3424.

[34] J. Malmaud, J. Huang, V. Rathod, N. Johnston, A. Rabinovich, and
K. Murphy, “Whats cookin? Interpreting cooking videos using
text, speech and vision,” in Proc. Conf. North Amer. Chapter Assoc.
Comput. Linguistics: Human Language Technol., 2015, pp. 143–152.

[35] C. Gan, C. Sun, L. Duan, and B. Gong, “Webly-supervised
video recognition by mutually voting for relevant web images
and web video frames,” in Proc. Eur. Conf. Comput. Vis., 2016,
pp. 849–866.

778 IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 42, NO. 4, APRIL 2020

http://crcv.ucf.edu/THUMOS14/
http://crcv.ucf.edu/THUMOS14/


[36] C. Sun, S. Shetty, R. Sukthankar, andR.Nevatia, “Temporal localiza-
tion of fine-grained actions in videos by domain transfer from web
images,” in Proc. ACM Int. Conf.Multimedia, 2015, pp. 371–380.

[37] Y. Yan, C. Xu, D. Cai, and J. J. Corso, “Weakly supervised
actor-action segmentation via robust multi-task ranking,” in Proc.
IEEE Conf. Comput. Vis. Pattern Recognit., 2017, pp. 1022–1031.

[38] C. Wu, J. Zhang, S. Savarese, and A. Saxena, “Watch-n-Patch:
Unsupervised understanding of actions and relations,” in Proc.
IEEE Conf. Comput. Vis. Pattern Recognit., 2015, pp. 4362–4370.

[39] P. Bojanowski, R. Lajugie, E. Grave, F. Bach, I. Laptev, J. Ponce,
and C. Schmid, “Weakly-supervised alignment of video with
text,” in Proc. IEEE Conf. Comput. Vis., 2015, pp. 4462–4470.

[40] A. Richard and J. Gall, “Temporal action detection using a statistical
language model,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit.,
2016, pp. 3131–3140.

[41] S. Vaseghi, “State duration modelling in hidden Markov models,”
Signal Process., vol. 41, no. 1, pp. 31–41, 1995.

[42] M. Dewar, C. Wiggins, and F. Wood, “Inference in hiddenMarkov
models with explicit state duration distributions,” IEEE Signal
Process. Lett., vol. 19, no. 4, pp. 235–238, Apr. 2012.

[43] H. Zen, K. Tokuda, T. Masuko, T. Kobayasih, and T. Kitamura, “A
hidden semi-Markov model-based speech synthesis system,”
IEICE Trans. Inf. Syst., vol. E90-D, no. 5, pp. 825–834, 2007.

[44] H. Narimatsu and H. Kasai, “State duration and interval modeling
in hidden semi-Markov model for sequential data analysis,” Ann.
Math. Artif. Intell., vol. 81, no. 3, pp. 377–403, 2017.

[45] K. Cho, B. van Merrienboer, D. Bahdanau, and Y. Bengio, “On the
properties of neural machine translation: Encoder-decoder
approaches,” in Proc. 8th Workshop Syntax Semantics Structure
Statistical Transl., 2014, pp. 103–111.

[46] R. Jozefowicz, W. Zaremba, and I. Sutskever, “An empirical
exploration of recurrent network architectures,” in Proc. Int. Conf.
Mach. Lear., 2015, pp. 2342–2350.

[47] J. Chung, C. Gulcehre, K. Cho, and Y. Bengio, “Empirical evalua-
tion of gated recurrent neural networks on sequence modeling,”
Presented in NIPS 2014 Deep Learning and Representation Learn-
ing Workshop, arxiv:1412.3555, 2014.

[48] N. Ballas, L. Yao, P. Chris, and A. Courville, “Delving deeper into
convolutional networks for learning video representations,” in
Proc. Int. Conf. Learn. Representations, 2016.

[49] P. J. Werbos, “Backpropagation through time: What it does and
how to do it,” Proc. IEEE, vol. 78, no. 10, pp. 1550–1560, Oct. 1990.

[50] D. Jurafsky, C.Wooters, J. Segal, A. Stolcke, E. Fosler, G. Tajchaman,
and N. Morgan, “Using a stochastic context-free grammar as a
language model for speech recognition,” in Proc. IEEE Int. Conf.
Acoust. Speech Signal Process., 1995, pp. 189–192.

[51] H. Ney and S. Ortmanns, “Dynamic programming search for
continuous speech recognition,” IEEE Signal Process. Mag., vol. 16,
no. 5, pp. 64–83, Sep. 1999.

[52] H. Kuehne, J. Gall, and T. Serre, “An end-to-end generative
framework for video segmentation and recognition,” in Proc.
IEEE Winter Conf. Appl. Comput. Vis., 2016, pp. 1–8.

[53] J. Sanchez, F. Perronnin, T. Mensink, and J. Verbeek, “Image
classification with the fisher vector: Theory and practice,” Int.
J. Comput. Vis., vol. 105, no. 3, pp. 222–245, Dec. 2013.

[54] F. Perronnin, J. S�anchez, and T. Mensink, “Improving the fisher
kernel for large-scale image classification,” in Proc. Eur. Conf.
Comput. Vis., 2010, pp. 143–156.

Hilde Kuehne received the diploma degree in
computer science from the University of Koblenz-
Landau, in 2006, and the doctoral degree in engi-
neering from the Karlsruhe Institute of Technology
(KIT), in 2014. From 2013 to 2016, she worked as
a senior researcher with the Fraunhofer Institute
for Communication, Information Processing and
Ergonomics FKIE. In 2016, she joined the Com-
puter Vision Group headed by Prof. Gall at the
Institute of Computer Science, Universtity of Bonn.

Alexander Richard received the master’s degree
in computer science from RWTH Aachen Univer-
sity, in 2014, specializing on automatic speech
recognition. In 2014, he joined the Computer
Vision Group of Prof. Gall at the Institute of Com-
puter Science, University of Bonn as a doctoral
student researcher. His research focuses on video
analysis and automatic detection and classification
of human actions.

Juergen Gall received the BSc degree in mathe-
matics from the University of Wales Swansea, in
2004, the master’s degree in mathematics from
the University of Mannheim, in 2005, and the PhD
degree in computer science from the Saarland
University and the Max Planck Institut f€ur Informa-
tik, in 2009. He was a postdoctoral researcher
with the Computer Vision Laboratory, ETH Zurich,
from 2009 until 2012 and senior research scientist
with the Max Planck Institute for Intelligent Sys-
tems in T€ubingen from 2012 until 2013. Since

2013, he is professor with the University of Bonn and head of the Com-
puter Vision Group. He is a member of the IEEE.

" For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/csdl.

KUEHNE ET AL.: A HYBRID RNN-HMM APPROACH FORWEAKLY SUPERVISED TEMPORAL ACTION SEGMENTATION 779



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


