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Abstract— In this work, we present an approach to deep
visuomotor control using structured deep dynamics models. Our
model, a variant of SE3-Nets, learns a low-dimensional pose
embedding for visuomotor control via an encoder-decoder structure. Unlike prior work, our model is structured: given an input
scene, our network explicitly learns to segment salient parts and
predict their pose embedding and motion, modeled as a change
in the pose due to the applied actions. We train our model
using a pair of point clouds separated by an action and show
that given supervision only through point-wise data associations
between the frames our network is able to learn a meaningful
segmentation of the scene along with consistent poses. We
further show that our model can be used for closed-loop control
directly in the learned low-dimensional pose space, where the
actions are computed by minimizing pose error using gradientbased methods, similar to traditional model-based control. We
present results on controlling a Baxter robot from raw depth
data in simulation and RGBD data in the real world and compare against two baseline deep networks. We also test the robustness and generalization performance of our controller under
changes in camera pose, lighting, occlusion, and motion. Our
method is robust, runs in real-time, achieves good prediction of
scene dynamics, and outperforms baselines on multiple control
runs. Video results can be found at: https://rse-lab.cs.
washington.edu/se3-structured-deep-ctrl/

I. I NTRODUCTION
Imagine we are receiving observations of a scene from
a camera and we would like to control our robot to reach
a target scene. Traditional approaches to visual servoing
[1] decompose this problem into two parts: data-associating
the current scene to the target (usually through the use of
features) and modeling the effect of applied actions to changes
to the scene, combining these in a tight loop to servo to
the target. Recent work on deep learning has looked at
learning similar predictive models directly in the space of
observations, relating changes in pixels or 3D points directly
to the applied actions [2]–[4]. Given a target scene, we can
use this predictive model to generate suitable controls to
visually servo to the target using model-predictive control [5].
Unfortunately, for this pipeline to work, we need an external
system (such as [6], [7]) capable of providing long range
data-associations to measure progress.
As we showed in prior work [4], instead of reasoning about
raw pixels, we can predict scene dynamics by decomposing
the scene into objects and predicting object dynamics instead.
While this significantly improves prediction results, it still
does not provide a clear solution to the data association
problem that we encounter during control - we still lack
the capability to explicitly associate objects/parts across
scenes. We observe three key points: 1) We can data-associate

Fig. 1: An example scenario showing the initial (left) and target
depth clouds (right). SE3-P OSE -N ETS can be used to control the
robot to reach the target state based on raw depth (and optionally,
color) data. Depth images colorized for display purposes only.

across scenes by learning to predict a "pose" representation
of detected objects/parts in the scene (the pose implicitly
provides tracking), 2) We can model the dynamics of an
object directly in the learned low-dimensional pose space,
and 3) We can predict scene dynamics by combining the
dynamics predictions of each detected part.
We combine these ideas in this work to propose SE3-P OSE N ETS, a deep network architecture for efficient visuomotor
control that jointly learns to data-associate across long term
sequences. We make the following contributions:
• We show how to learn predictive models that detect
parts of the scene and jointly learn a consistent pose
representation for these parts with minimal supervision.
• We demonstrate how a deep predictive model can
be used for reactive visuomotor control using simple
gradient backpropagation and a more sophisticated
Gauss-Newton optimization, reminiscent of approaches
in inverse kinematics [8].
• We present results on real-time reactive control of a
Baxter arm using raw depth/color images and velocity
control, both in simulation and on real data.
• Finally, we present results on testing the robustness and
generalization of the real-world controller under various
changes to imaging conditions.
Fig 1 shows an example scenario where our proposed method
can be applied to control the robot to reach the target state
(right) from the initial state (left).
II. R ELATED WORK
Modeling scenes and dynamics: Our work builds on
top of prior work on learning structured models of scene
dynamics [4]. Unlike SE3-N ETS, we now explicitly model
data associations through a low-dimensional pose embedding
that we train to be consistent across long sequences. Similar
to Boots et al. [2], our model learns to predict point clouds

