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Abstract

To understand the behavior of moving entities in a given
environment, one should be capable of predicting their mo-
tion, that is, to model their dynamics. In a setting where
different behaviors can arise, one can assume that each
of them corresponds to different motivational states of ob-
served entities. Here, those motivations are understood
as goal positions or spots where entities seek to arrive.
To build prediction models based on that idea, we present
an unsupervised method to estimate motivational spots ac-
tively. Additionally, we use the output of such process to re-
fine an adaptive system modeling the dynamics of inferred
hidden causes of observed data. The whole method uses
deep variational methods, and particularly, the network es-
timating motivations is trained through dynamic program-
ming. Results show that modeling the dynamics of entities
can be better achieved by integrating information about mo-
tivational spots. Notably, a network modeling the dynamics
converges faster through the incorporation of information
about motivations.

1. Introduction
Understanding and interpreting how different regions in

a monitored environment relate to observed behaviors is an
important task to improve the prediction and awareness of
surveillance systems[1, 17]. To that aim, here we assume
causal relations between the behavior of moving entities and
the elements or regions in a given scene. Furthermore, we
assume that, when observing crowds, the dynamics of mov-
ing entities are governed by interactive cognitive behaviors
[4, 5]. Thus, the effects exerted on entities by a particular
spot, or area in the environment can be estimated through

the observed motion of entities. Such environmental spots
could be, for example, bodies being avoided, or open paths
attracting the entities.

Moreover, some works [2, 7, 14] have demonstrated the
possibility of modeling movements of entities as a result of
forces acting on them, which facilitates to deduce properties
of unobserved entities. Particularly, it has been shown how
force models can accurately describe motions of pedestrians
[3, 6, 15]. Such models individuate general types of effects
on the dynamics of moving entities by hypothesizing that
external factors exert forces on them, thus causing observed
behaviors.

Thereby, in this work, observed motions are assumed to
be produced by external causes associated with changing
motivational spots in the environment. Accordingly, ob-
serving the movement of various entities can reveal how the
causes evolve throughout a typical interaction in a given en-
vironment.

Moreover, spots here are defined actively along the de-
velopment of the interaction between a particular entity and
the environment, since the spots conducting the dynamics
of the moving entity can change over time. For example, an
agent may be attracted by a particular area in the scene, but
at a given time, the area of interest can change to different
spots throughout the interaction.

In general, a point in the environment attracting an entity
at a given time is understood as a motivational spot. Thus,
locating such motivators can provide useful information for
training models that predict more accurately the dynamics
of new observed entities. Moreover, that can be used for
detecting potential abnormalities when groups of new enti-
ties start following dynamics that deviate from the regular
motions and motivations.

The work in [3] has demonstrated the possibility of iden-
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tifying the position of possible attractive points and quan-
tizing their common effects by observing the dynamics of
moving entities. In that case, motivations are assumed to
be discrete and fixed; however, motivations could also be
described more dynamically, evolving together with the ob-
served motion.

Moreover, in [3], angular information is used as criteria
to obtain trajectory segments that point in similar directions,
i.e., that describe a quasi-constant angle, which is in turn
used to estimate corresponding motivations. In this work,
no preprocessing of such kind is assumed; but observed
sequences are used to train a neural network (NN) model
through an algorithm based on dynamic programming.

Thus, the primary goal of the method proposed here is to
estimate motivational spots actively and to evaluate their in-
fluence in the capability of modeling the dynamics of mov-
ing entities.

With that aim, in the method proposed, a first NN ac-
tively estimates motivations from the observation of single
data points. Such results are then used to improve the train-
ing and accuracy of a second network, which encodes the
dynamics of observed entities and thus is capable of dynam-
ically making predictions in a kind of probabilistic filtering
process. That is achieved without imposing on the system
any particular previous knowledge about the data.

The proposed methodology is focused on the move-
ment of groups of entities following similar dynamics. Our
method is evaluated on simulated data. Found results
demonstrate the capabilities of the approach at dynamically
predicting destination points and modeling the observed be-
haviors. Such features, we argue can be useful, for example,
in abnormality detection tasks.

The novelty of this work relies on the usage of deep
learning techniques for dynamically estimating motiva-
tional spots that govern the motion of cognitive entities.
Notably, that is achieved through a training based on dy-
namic programming, which extracts patterns from observ-
ing groups of entities.

The rest of the paper is organized as follows: The pro-
posed methodology is presented in section 2, implementa-
tion details are shown in section 3, the dataset is described
in section 4, results are exposed in section 5 and conclusions
are provided in section 6.

2. Method
There are two main objectives for the proposed method,

first to dynamically estimate the motivational points of ob-
served entities, and secondly to describe their dynamics
to predict future states and filter observations. The model
achieves those goals by encoding two kinds of information
into different representational levels learned directly from
the input data. The inputs correspond to streams of track-
ing points of entities interacting with a given environment.

Figure 1. Schema of the proposed model. Causes of observed data
are denoted by Z and motivations by S. Input data is denoted by
X . Light blue represents prior calculations, while dashed lines
depict inference or recognition processes.

Each data point includes the position and the velocity at
each time step.

The two kinds of representations are understood as
causes of observed data and behaviors. Firstly, a kind of
representation encodes the motivations, which denote the
causes for the motion dynamics of an observed entity over
time. The second kind of representation is related to the
causes of the observed data at a particular time. The moti-
vations are denominated as S, while the hidden states gen-
erating the observations are denominated as Z (see figure
1).
Z is expressed in terms of Gaussian distributions that are

used to make predictions about the following time step by a
kind of Bayesian filtering. Such process implies modeling
the dynamics of the observed behavior, which is assumed to
be actively affected by the motivations.

Similarly, a motivation is expressed as the expected po-
sition of an entity in the future (more that a single time step)
given its current position and velocity. Each of the parame-
ters of such prediction is to be defined by a Gaussian distri-
bution, where the variances encode the uncertainty of pre-
dicted positions. Since motivations S are affecting the tran-
sition model for Z, they could be interpreted as a switching
variable in a probabilistic graphical model. In particular,
that is achieved by including S in the calculation of priors
as explained below (see figure 1).

The model is thought as a three step process. i) Causes
and motivations are estimated. ii) Inferred Zt and St are
used to predict Zt+1 (prior). iii) Based on the predicted
Zt+1, the expected observation Xt+1 is estimated.

The proposed method is based on variational deep gener-
ative models. In such models, continuous variational repre-
sentations can be constructed directly from data in an end-
to-end fashion [9, 13]. Similarly, in other works [10, 8],
Bayesian filters have been modeled with NNs. In the pro-
posed approach we take into account relevant issues from
both the generative models and filtering approaches.

The model here proposed is inspired by the ideas in [12],
where the definition of concepts is elaborated in favor of
more dynamic accounts. In that work concepts are under-
stood as evolving phenomena encoding environment-action
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relationships, in opposition to views on concepts as cate-
gories or symbols. In relation to the problem at hand, moti-
vations are not understood as static entities that can be clas-
sified, but as dynamic phenomena evolving with the inter-
action between the moving entities and the environment.

Moreover, the here proposed method is also partially
based on the one in [12]. However, the transition model here
is based only on the immediately previous states instead of
using LSTMs for encoding sequences. Equally, the motiva-
tions have been added to dynamically modify the transition
model.

2.1. Description

The system and its training are both separated in two
stages. First, the network estimating motivations (S) is
trained; such network is called motivations-NN. Then,
based on the motivations predicted, and the input data, an-
other NN is trained to estimate the internal states (Z) and
model the observed dynamics. Such network is named
dynamics-NN.

The training of both NNs is understood as unsupervised
since, for the motivations-NN, the target position is never
given explicitly, but it has to be inferred. In fact the tar-
get position is unknown. Similarly, for the dynamics-NN,
the target representations are not given, nor any information
different to the data itself.

2.2. Motivations estimation

The motivations-NN is to predict the goal position from
a given measurement. To that aim, we propose an algorithm
based on dynamic programming and inspired by deep rein-
forcement learning[11].

To apply dynamic programming we elaborated the fol-
lowing reasoning. If one assumes that a change in the input
from Xt to Xt+1 is linear and given by the difference be-
tween them, i.e., ∆Xt; then, after τ time steps, the final
state can be expressed as Xt+τ −Xt =

∑τ
i=0(∆Xt+i), or

equivalently, ∆Xτ = ∆Xt +
∑τ
i=1(∆Xt+i)

Due to the lack of evidence related to future estimations,
every term in the sum is exponentially weighted by a dis-
count factor γ < 1, which relates to such uncertainty. Thus:

∆Xτ = ∆Xt +

τ∑
i=1

(γi∆Xt+i)

As explained in [11], the higher γ is, the further in time the
states are being predicted.

Given that τ is not explicitly defined, the training is not
constrained to any specific sequence. In particular, one can
assume τ to be big in relation to the time frame of the in-
teraction, or in general approaching to infinity. Then, under
that assumption and by letting φS(Xt) = ∆Xτ , one gets:

φS(Xt) = ∆Xt + γφS(Xt+1) (1)

where φS would be modeled by the motivations-NN. The
recursion shown in (1) facilitates the training of φS with
dynamic programming as proposed in [11].

However, to also encode uncertainty, we consider instead
St ∼ N

(
µSt , diag(σ2

St
)
)
, where [µSt , σSt ] = ϕs(Xt),

with µSt approximating φS(Xt), and σSt encoding vari-
ability in the data. ϕs(Xt) is the motivations-NN.

2.2.1 Training

The training of ϕs is performed by means of two differ-
ent networks (ϕs and ϕs

′
) to optimize ϕs(Xt) = ∆Zt +

γϕs
′
(Xt+1). The weights of ϕs

′
are kept constant for k

time steps (in this implementation k = 10), during which
the weights of ϕs are updated to maximize log(P (St|Xt);
that is, the likelihood of the distribution St generating
∆Zt + γ ∗ ϕs′(Xt+1) given Xt. After the k steps, the
weights from ϕs are copied to ϕs

′
. Thereby, the training is

performed through stochastic gradient descent (SGD), max-
imizing log(P (St|Xt), and using as training data points
(Xt, Xt+1) pairs.

2.3. Modeling of motion dynamics

The dynamics-NN is in charge of estimating dynamical
causes, i.e., Z values. It is based on the principles of vari-
ational auto-encoders (VAE) [9]. In a VAE, an observation
X is used to infer latent variables Z by capturing varia-
tions in X . An inference model approximates P (Z|X),
and is assumed as Gaussian: Z ∼ N

(
µz, diag(σ2

z)
)
, with

[µz, σz] = ϕZ(X) approximated by a NN. The prior P (Z)
and P (X|Z) are assumed to be Gaussian distributions.
P (Z|X) is sampled as z = µz + σzε with ε ∼ N (0, I). To
train such model the Kullback-Leibler (KL) divergence be-
tween P (Z|X) and P (Z) is minimized, and log(P (X|Z))
maximized.

In our architecture, we include time dependencies be-
tween consecutive states in a sequence. Thus, the genera-
tive model instead of regenerating the input directly from
Zt, it learns a transition dynamics from which the prior
P (Zt+1|Zt, St) is estimated, and in turn used to predict the
input Xt+1. Such prior is calculated by:

Zt+1 ∼ N
(
µot , diag(σ2

ot)
)

where [µot , σo,t] = ϕprior(Zt, St).
Since motivations are understood as the approximation

of future changes in position and are related to how state
transitions occur, then ϕprior takes St as an argument. That
way, the motivations are used for modeling the dynamics
and to improve estimations. A NN approximates ϕprior.

From the prior, P (Xt+1|Zt+1) is estimated. As in the
VAE, the generated prediction is assumed to be Gaussian:

Xt+1 ∼ N
(
µxt+1

, diag(σ2
xt+1

)
)
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Figure 2. Implementation schematic. Orange boxes are NNs,
green circles representational states, and dark blue boxes corre-
spond to inputs, either real or predicted.

where
[
µxt+1

, σxt+1

]
= ϕX(Zt+1) is approximated by a

NN.
The recognition model P (Zt|Xt, Zt−1) is given by

[µzt , σzt ] = ϕZ(Xt, Zt−1) and approximated by a NN.

2.3.1 Training

There are two objectives optimized through SGD, the like-
lihoods of prediction generation, and the KL divergence be-
tween priors and recognition.

The training for this network then maximizes the follow-
ing expression for each sample sequence:

L = 1
T

∑T
t=1[−KL (P (Zt|Xt, Zt−1)||P (Zt|Zt−1, St)) +

log(P (Xt+1|Zt+1))

The training is performed over sequences of T = 10 time
steps. It is important to note that given P (Zt|Xt, Zt−1), the
gradient goes through the transition back to the recognition
model directly and not only by the KL divergence. The ad-
vantages of that have been shown in [8].

3. Implementation details
As mentioned, the architecture is implemented using

NNs (see figure 2):
ϕZ is encoded through what for simplicity we call a

GaussCod, which is composed of two fully connected lay-
ers (FC) with n units, followed by two separated FC of size
Zt, one encoding the means and other the variances. ϕprior

is as well a GaussCod, with input size given by the sum of
sizes of Zt and St.

For ϕX a GaussCod is used, with output of the size of
Xt, and input of the size of Zt. ϕs(Xt) is built with 3 FC
of n units each, followed by a GaussCod with output equals
to the size of St.

The input to both networks (Xt) is a stack of the position
and the velocity of an entity at a given time. The size n
is 512, and the size of Zt and St is 2. All the training is
performed using the Theano library [16].

4. Dataset
A simulated dataset is considered, where moving entities

cross a scene to reach a common objective while avoiding
an obstacle. In order to model the motion of entities, a cou-
ple of velocity fields related to the effect that attractive and

repulsive objects exert on moving entities are considered.
The attractive velocity field is defined as:

~vattract =

(
β0 + e

(||X−X0||2)2

α0

)
r̂0

where X is the agent position, β0 represents the velocity
with which entities arrive to the final destination (X0). α0

defines how entities change their velocities as they approach
to the attractive point, and r̂0 indicates a radial symmetry in
the direction of X0. Similarly, the repulsive velocity force
is defined as:

~vrepulse = −
(
β1 + e

(||X−X1||2)2

α1

)
r̂1

where β1 represents the minimum velocity with which an
entities is repelled from X1. α1 defines how entities are de-
viated as they approach the repulsive object and r̂1 indicates
a radial symmetry in the direction of X1.

In the tested scenario, parameters are set as follows:
β0 = 0.4, β1 = 1.6, X0 = (0, 20), X1 = (0, 0), α0 = 400,
α1 = 1000. A layout of the scene is shown in figure 3,
where the trajectories of sample entities are depicted.

Figure 3. Layout of the produced training data. Entities move from
bottom to top in the scene while avoiding an obstacle in the middle.

The final training data is generated by repeating this pro-
cess twice with different starting points and objectives. One
as depicted in figure 3, and the second with X0 = (−15, 0),
X1 = (0, 0), that is, the same configuration rotated 90 de-
grees. In that way, there are areas where different entities
have similar velocity, even when moving towards diverse
final points.

5. Results
5.1. Motivation estimations

Figure 4 illustrates an example of how motivations are
estimated from measurements. Each green point represents
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Figure 4. Anticipation example showing the evolution of estimated
motivations over time. Green corresponds to current position of
entities, and red to the estimated motivation. Time increases from
left to right, and top to bottom.

a single entity in a specific time step, and each of them has
its corresponding motivational spot in the same image (red
points). The depicted example shows a situation in which
entities follow the scenario described in section 4. During
the trajectory, entities go from bottom to top avoiding an
obstacle in the middle of the scene (see figure 3).

The trajectories of all entities were aligned on time; fig-
ure 4 shows only four different time steps. At each of those
steps, all entities are depicted as they appear in the scene at
that given time instance on the alignment. Thus, from left
to right and top to bottom, the four frames of figure 4 can
be read as the temporal evolution of all the entities moving
together along with their motivational points. That can be
interpreted as a dynamic clustering of entities based on their
position and velocity at a given time. The motivations-NN
was trained with a γ = 0.9 for that example.

5.2. The effect of motivation on the dynamic model

The effect of motivations on the dynamics-NN is eval-
uated by training such network with and without St as an
input to ϕprior. Two different values of γ are used. The
results are shown in figure 5, where it can be seen that
the dynamics-NN converges faster when using motivations.
This also suggests that the NN uses motivations to make
better predictions, as well as to estimate the causes of ob-
served data, which is exactly the intended purpose. The dif-
ference is greater for γ = 0.95, suggesting that the further
in time the motivations are estimated (higher γ), the more
useful they become to estimate the dynamics of an entity.

Figure 5. Comparison of the evolution of loss over 20 training
epochs for the dynamics-NN. Three cases are considered, when
no motivations-NN is used, and when it is used and trained with
γ = 0.9 and γ = 0.95.

6. Discussion
In this work, a method to estimate motivations of mov-

ing entities whose motions depend on dynamic goal posi-
tions has been developed. Results from such estimations
have been used as an input to train a second network that
models the dynamics of entities and infers causes of their
states over time. All of this is achieved in an unsupervised
manner. Thus, the method provides a way to model an envi-
ronment directly from observing the movement of entities in
it. Moreover, it encodes the relations between motivations
and the motion dynamics of moving entities.

Results show that the model adapts the dynamic models
describing the motion of an entity in relation to estimated
motivations while the observed interaction evolves. Such
capability facilitates a complete analysis of data without the
need of clustering or separating it in terms of, for example,
trajectory classes or activities. That can be particularly use-
ful for abnormality detection since unexpected changes in
motivations over time could be easily interpreted as anoma-
lies. However, that would require an additional analysis on
the evolution of motivations.

In future works, this method is to be evaluated on more
complex data coming from actual surveillance videos.
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