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Abstract—We present a non-parametric perceptual model for
generating video frames with deep networks, and provide a
framework for its use in tracking and prediction tasks on a real
robotic system. This is shown to greatly outperform standard
de-convolutional methods for image generation, producing clear
photo-realistic images. For tracking, we incorporate the sensor
model into an Extended Kalman Filter and estimate robot trajectories. As a comparison, we introduce a secondary framework
consisting of a discriminative, inverse model for state estimation,
and compare this approach to that using a generative model.

I. I NTRODUCTION & R ELATED W ORK
Several fundamental problems in robotics, such as state
estimation, prediction, and motion planning rely on accurate
models that can map state to measurements (forward models)
or measurements to state (inverse models). Classic examples
include the measurement models for global positioning systems, inertial measurement units, or beam sensors that are
frequently used in simultaneous localization and mapping [16],
or the forward and inverse kinematic models that map joint
configurations to workspace and vice-versa. Some of these
models can be very difficult to derive analytically, and, in
these cases, roboticists have often resorted to machine learning
to infer accurate models directly from data. For example,
complex nonlinear forward kinematics have been modeled
with techniques as diverse as Bayesian networks [3] and Bezier
Splines [17], and many researchers have tackled the problem
of learning inverse kinematics with nonparametric methods
like locally weighted projection regression (LWPR) [18, 6],
mixtures of experts [2], and Gaussian Process Regression [13].
While these techniques are able to learn accurate models,
they rely heavily on prior knowledge about the kinematic
relationship between the robot state space and work space.
Despite the important role that forward and inverse models
have played in robotics, there has been little progress in defining these models for very high-dimensional sensor data like
images and video. This has been disappointing: cameras are a
cheap, reliable source of information about the robot and its
environment, but the precise relationship between a robot pose
or configuration, the environment, and the generated image
is extremely complex. A possible solution to this problem is
to learn a forward model that directly maps the robot pose
or configuration to high-dimensional perceptual space or an
inverse model that maps new images to the robot pose or
configuration. Given these learned models, one could directly

and accurately perform a range of important tasks including
state estimation, prediction, and motion planning.
In this paper, we will explore the idea of directly learning forward and inverse perceptual models that relate highdimensional images to low dimensional robot state. In particular, we use deep neural networks to learn both forward
and inverse perceptual models for a camera pointed at the
manipulation space of a Barret WAM arm. While recent work
on convolutional neural networks (CNNs) provides a fairly
straightforward framework for learning inverse models that
can map images to robot configurations, learning accurate
generative (forward) models remains a challenge.
Generative neural networks have recently shown much
promise in addressing the problem of mapping lowdimensional encodings to a high-dimensional pixel-space [4,
12, 8, 14]. The generative capacity of these approaches is
heavily dependent on learning a strictly parametric model to
map input vectors to images. Using deconvolutional networks
for learning controllable, kinematic transformations of objects
has previously been demonstrated, as in [5, 15]. However,
these models have difficulty reproducing clear images with
matching textures, and have mainly been investigated on affine
transformations of simulated objects.
Learning to predict frames has also been conducted on
two-dimensional robot manipulation tasks. In [7], the authors
propose using an LSTM-based network to predict next-frame
images, given the current frame and state-action pair. In
order to model pixel transformations, the authors make use
of composited convolutions with either unconstrained or affine
kernels. The generated image frames produce some semblance
of linear motion in the scene, however do not manage to replicate multi-degree-of-freedom dynamics. Given that forward
prediction is conducted by recursive input of predicted frames,
the error is compounded and the quality of predictions quickly
degrades over future timesteps.
Instead of generating images directly after applying transformations in a low-dimensional encoding, another approach
is to learn a transformation in the high-dimensional space
of the output. One can then re-use pixel information from
observed images to reconstruct new views from the same
scene, as proposed in [19]. Here, the authors learn a model to
generate a flow-field transformation from an input image-pose
pair derived from synthetic data. This is then subsequently
applied to a reference frame, effectively rotating the original

