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Abstract. The analysis of spatial behavior in terms of motion profiles
recorded along trajectories is a widely used technique in video analysis.
Inherent to this approach is the problem to assign a meaningful score
to observations. This score builds the basis for classification, ranking,
or to generate user feedback. Score assignment can be done in terms
of deviations from normal behavior, where normality is determined by
learning a generative model. A general drawback is that the unsupervised
learning process often assigns non-intuitive scores. In order to address
this problem this paper proposes the usage of interactive concepts, which
support the learning process. Interaction thereby strongly utilizes the
generative models capabilities to synthesize samples, to give insight into
the underlying representation. Initial results are shown on a trajectory
rating task, illustrating the feasibility of the proposed approach.

1 Introduction

The task of assigning meaningful scores to motion profiles arises in different
contexts, like video based situation assessment or visual log file generation (e.g.
[1]). This score assignment task can be addressed by using a generative model,
directly learned from observed motion profiles. Based on the assumption that
usual behavior occurs more frequently, the model automatically learns to rank
motion profiles based on what is assumed to be normal. However, in practice,
the observation time of a system can be quite long, whereby misleading data may
be captured. Additionally, not every outlier is a critical event. These issues can
be addressed by incorporating user interaction into the unsupervised learning
process, which is then used to guide the process and to fine-tune the model.

Interactive approaches are already successful in different tasks like recom-
mender systems[2][3], search[4][5][6] or clustering[7][8]. These approaches work
by either asking the user or by observing the users activities, in order to shape
a learned model to fit the users needs. Hence, the user provides examples to
the learner, thus guiding the learning process. This paper additionally proposes
a method of incorporating user feedback concerning outliers generated by the
learned model. In this manner the decision boundary of the model can be ma-
nipulated interactively, without the need for more data.

Finally, this paper proposes a novel interactive approach for learning gen-
erative models of spatial behavior, especially motion profiles. The following
sections give an overview over the score assignment problem and the proposed
approach. The feasibility of the approach is illustrated on a trajectory rating
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task by providing a set of different interaction concepts for modeling motion
along trajectories using the BIWI Walking Pedestrians dataset[9].

2 Learning the Generative Model with User Interaction

v v v v
Positive Positive Negative Negative Training
E I | B f E I E I e
I I
| 1 -
..< & g
v
X
Positive Negative v 9 ‘4 Prior m
U

i 1 W
. Trained
&«
Model
Final v
Model ‘

2

Fig. 1: Interactive Learning Architecture. I: User-defined Parameters, II: Cho-
sen by User, III: User-defined Prior, IV: User Outlier Feedback, V: Scoring and Vi-
sualization of Data and Outliers, VI: Variational EM-like Algorithm, VII: Fusion by
Sampling, VIII: Aligning Fusion, IX: Positive Filter, X: Negative Filter.

This section gives an overview over the trajectory score assignment problem
and the proposed interactive learning process. The process is designed to allow
a user to influence the training steps and to fine-tune the learned representation.
An overview of the architecture is depicted in figure 1.

Motion Modeling. Motion profiles are usually described as a sequence of time-
discrete measurements (e.g. positions) obtained via object tracking algorithms.
As this representation is not descriptive enough for generating reasonable syn-
thetic trajectories, each measured position py is extended by the shift é =
Pt — Pt—1, thus introducing a dependency between subsequent positions. As-
suming that each state only depends on its predecessor (markov assumption),
a trajectory, consisting of points x¢ = (pt,dt), can be described as a path in
a continuous-state markov chain. Therefore, a gaussian mixture model (GMM)
over the joint distribution of point pairs p(xt,x¢—1) is used to model motion
between trajectory points. Using a GMM provides an easy way of calculating
p(x¢|Xt—1), which resembles the transition kernel in the markov chain.

Score Assignment. One possibility of rating a trajectory is to calculate a score
that resembles the grade of membership to the final model. In general, the prob-
ability of a path Xy = (Xg,...,xN) in a markov chain is defined as p(Xy) =
p(xo)Hi\Ll p(x¢|xt—1). To obtain a score s € (0,1] from p(Xy), the prob-
ability density function (pdf) values have to be scaled and the dependency

on the chain length has to be considered. Therefore, the score is defined as

N s s x
s = ﬁps(xo) [L;2; p°(x¢|x¢—1), where p*(x) = ﬁg(z).
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Interaction Concepts. In contrast to black box learners, where all training data
is used, or active learners, where an oracle is needed frequently, the proposed
interactive learning process learns auxiliary models and filters from data to aug-
ment its training steps. In this case, the learning process is a continuous process,
where a user can intervene at different stages. More precisely, the process starts
by collecting data and then performs an initial unsupervised training step, which
enables trajectory rating. This training step can be influenced by providing in-
formation about expected behavior (e.g. specific movement directions or speed).
Afterwards, the user can issue training steps by providing positive or negative
examples observed at run-time and corresponding variation parameters (e.g.
variations in speed), which are collected to form additional stages in the learn-
ing process. In this way, the user directly influences the process and contributes
to handling difficulties in training generative models, e.g. underfitting.
Additionally, the interactive learning process provides the possibility to in-
teractively manipulate the final model directly via outlier assessment. For this
purpose the generative model is used to synthesize samples at the boundary,
which are then visualized. Currently, outliers are generated along each of the 4
dimensions: position (ps,p,) and shift (d;,0,). An outlier is generated point-
wise by moving along one of the four axis until the score of the point (or tran-
sition) drops below a certain threshold. Given such an outlier, the user can
decide to increase or decrease the score, thus adapting the model parameters
and finally shifting the outlier boundary. By assigning a higher score to the
outlier, the outlier boundary is pushed further outwards, resulting in outliers of
the manipulated model being more different from a prototypical trajectory. The
same principle applies for pushing inwards when assigning a lower score. This
type of interactive learning can be seen as a fine-tuning step for the final model.

Architecture. To influence the training steps, the user is allowed to provide
examples (or prototypical trajectories) and corresponding variation parameters.
For each example a synthetic model is learned utilizing a variational EM-like
algorithm! [10] and the variation parameters, where the example is a prototypical
representative of that model. The models obtained in this way are fused into a
positive, negative and a prior model (green, red and orange part in figure 1).

The prior model acts as a positive filter that selects a subset from the training
data for training steps and can be defined by hand. To adapt the model at
runtime, a positive and a negative model is built from examples provided by the
user. These models are used in different ways: the positive model amplifies the
trained model to get the final model and the negative model forms a negative
filter for the next training step.

For fusing models (e.g. example models) two fusion strategies are used:
Fusion by Sampling and Aligning Fusion. The former generates samples from
each input model in order to train a new model, thus generally reducing the
model complexity. The latter combines models and aligns their modes, thus
increasing the model complexity.

L Also used for obtaining the trained model (see figure 1) from (filtered) data.
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3 Experiments

Fig. 2: ETH Ziirich scene taken from the BIWI Walking Pedestrians dataset[9]. 1:
Positional pdf for the used data subset (red area) and discrete trajectories used for
interactive learning (purple: low score, green: high score, cyan: user-defined prior
mean trajectory). 2,3: Feedback based on outlier representation manipulation (green:
Prototype, yellow: outlier, red: outlier after manipulation).

Scores assigned to trajectories intuitively describe the grade of normality of
the observed motion. By incorporating user interaction into learning and fine-
tuning, a generative model should learn to cope with frequently observed, but
abnormal, motion, and to distinguish between critical and non-critical outliers.
Consequently, scores give an indication on how well the interactive learning ap-
proach performs in reaching these goals. To test the impact of user interactions
on the score, the interactive learning process is benchmarked in different inter-
action scenarios. The benchmark utilizes a total of 61 trajectories (sequences of
3D positions on a plane, 60 of which taken from the BIWI Walking Pedestrians
dataset[9]), where 58 are used for the initial training and the remaining three
for interaction concepts. The data set consists of trajectories going from ”top
to bottom” (tb, 31+1 trajectories) and from ”bottom to top” (bt, 2742 trajec-
tories). The first image in figure 2 shows a positional pdf of all trajectories.
Further, a trajectory receiving a low score after an initial training without prior
information (purple), a trajectory receiving a high score (green) and a hand-
drawn trajectory that should be incorporated as prior information (cyan) are
shown. The purple and green trajectories are assumed to be observed after the
initial training step, thus these are left out in this step.

Manipulation via examples and prior information. Adding examples or prior
information should show a direct impact on the scores assigned by the model
to a given set of trajectories when compared to the scores assigned without
interactive manipulation. Four experiments were run for evaluation (results in
figure 3). The left diagram shows the mean scores of bt and tb trajectories after
the initial training without prior information (I) and after additional application
of different interactions (IT - V). The right diagram shows the scores of the two
provided example trajectories before and after the interaction.

In the first experiment (I1, A), a low-scored bt trajectory is added as a positive
example with low variation. As positive examples increase the model complexity,
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Fig. 3: Trajectory Scores before and after interactive training. I: Mean score
of bt/tb trajectories without interactive training (reference score). II-V: Mean score
of bt/tb trajectories with different interactions. A-C: Scores of trajectories chosen for
interactive learning before and after interaction. IV/C uses higher variance than I11/B.

the final model shows an amplification in the examples region. Therefore, only
the scores of the example and similar trajectories are affected by this interaction.
Additionally, this example is closer to the models boundary than to the center.
Thus it won’t affect most of the training trajectories and there is only a slight
change in the mean scores, but a large change in the examples score.

In the second and third experiment (III, IV, B, C) a high-scored tb trajectory
has been added as a negative example with low and high variation, respectively.
Regarding the examples high score, it causes many trajectories to be filtered out,
even with low variation. A low variation causes about half of the ¢b trajectories
to receive a lower score, thus reducing the mean score. Nonetheless, there are
enough tb trajectories akin the example that are not filtered out, which cause the
"gap” produced by the filter to be closed in the training step. As a consequence
even the filtered trajectories reach a score significantly above zero and finally the
mean score only changes slightly. Choosing a higher variation for this example
shows a stronger impact on the scores, as all tb trajectories are filtered out. As
a result, the mean score of tb trajectories drops to a value near zero.

The last experiment (V) introduces a user-defined prior. For this example, a
prototypical bt trajectory with an average walking speed of 1m/s was created by
hand. By providing prior information, only trajectories that are similar enough
to the provided prototype (bt trajectories in this case) are selected for training,
leaving all others at a score near zero.

Manipulation via outlier assessment. Besides the model manipulation via ob-
servations, the possibility of manipulating the model directly via outliers is pro-
vided. In figure 2 a positional outlier (second image, yellow) and a shift outlier
(third image, yellow) were generated, where in this case a positional outlier moves
at the edge of the previously observed positions and a shift outlier moves too
slow. The green trajectory shows a prototypical trajectory for the current model
(using the model with prior information as described before). By assigning a
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higher score to the positional outlier, the outlier boundary is pushed further out-
wards, resulting in the outlier of the manipulated model (red trajectory) being
further away from the prototype. The same principle applies to the shift outlier.
When reducing its score, the outlier boundary is moved closer to the prototype,
thus the movement speed of the new outlier is closer to the prototype.

4 Conclusions and Future Work

An approach for interactively learning and refining a generative model of motion
profiles has been proposed. It consists of several interacting models, allowing
a user to influence training steps via examples and prior information and to
manipulate the learned model via outlier assessment. Experiments show, that
the approach allows intuitive interactions that have a well defined impact on the
generative model.

Future work will include investigating other generative models and their suit-
ability for modeling, sample generation and inference, as the approach is not
restricted to gaussian mixture models. Additionally more concepts for interac-
tions and outlier generation will be elaborated. A long-term goal is to build
an interactive framework for learning abstract concepts and human interactions
based on spatial information.
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