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The emergence of deep learning, access to large amounts of data and powerful computing

hardware have led to great strides in the state-of-the-art in robotics, computer vision,

and AI. Unlike traditional methods that are strongly model-based with priors and explicit

structural constraints, these newer learning approaches tend to be data-driven and often neglect

the underlying problem structure. As a consequence, while they usually outperform their

traditional counterparts on many problems, achieving good generalisation, interpretability,

task transfer and data-efficiency has been challenging. Combining the strengths of the two

paradigms, the flexibility of modern learning techniques, and the domain knowledge and

structure of traditional methods should help bridge this gap.

In this thesis, we will present work that combines these two paradigms, specifically in

the context of learning visual dynamics models for robot manipulation tasks. This thesis

is divided into two parts. In the first part, we discuss a structured approach to designing

visual dynamics models for manipulation tasks. We propose a specific class of deep visual

dynamics models (SE3-Nets) that explicitly encode strong physical and 3D geometric priors

(specifically, rigid body physics) in their structure. As opposed to deep models that reason

about motion a pixel level, SE3-Nets model the dynamics of observed scenes at the object

level - they identify objects in the scene and predict rigid body rotation and translation per

object. This leads to an interpretable architecture that can robustly model the dynamics of



complex interactions. Next, we discuss SE3-Pose-Nets, an extension of SE3-Nets that

additionally learns to estimate a latent, globally-consistent pose representation for objects

and use the corresponding representation for real-time closed-loop visuomotor control of a

Baxter robot. We show that the structure inherent in SE3-Pose-Nets allows them to be

robust to visual perturbations and noise, generalizing to settings significantly different than

seen during training. We also briefly discuss Dynamics-Nets, a recurrent extension to

SE3-Pose-Nets that can be used for the control of dynamical systems.

In the second part of the thesis, we present an approach towards solving long-horizon

manipulation tasks, using reinforcement learning; we combine the flexibility of modern model-

free RL approaches with model-based reasoning. Our approach, Imagined Value Gradients

(IVG), learns a predictive model of expected future observations, rewards and values from

which a policy can be derived by following the gradient of the estimated value along imagined

trajectories. We show how robust policy optimization can be achieved even with approximate

models on robot manipulation tasks, learned directly from vision and proprioception. We

evaluate the efficacy of our approach in a transfer learning scenario, re-using previously

learned models on tasks with different reward structures and visual distractors. The structure

inherent in our system, i.e. the model, allows us to transfer knowledge across tasks, achieving

significant improvements in learning speed compared to strong model-free baselines.

Finally, we conclude with a discussion of the proposed work and future directions.
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1.1 Bias-Variance trade off curve. As the model’s complexity increases, it can fit
the training data well (thereby reducing bias), but generalization error, or the
variance (measured on held out data), increases. The minimum error point
achieves the best trade off between training performance and generalization.
Traditional model-based robotics approaches have high bias and low variance;
physics models tend to capture general, overarching principles but can struggle
to fit observed data due to inaccuracies in modeling and system identification.
On the other hand, (deep) learned models appear have low bias and high
variance; they fit observed data extremely well but can struggle to learn the
underlying causal structure in the data leading to poor generalization. Combin-
ing the structure of model-based approaches with the learning capabilities
of modern deep networks can give us the best of both worlds, driving our
algorithms towards the minimum error point. Figure courtesy: Jeannette Bohg 5

2.1 SE3-Net architecture. The inputs are a 3D point cloud and an n-dimensional
action vector (bold-italics), both of which are encoded and concatenated to
a joint feature vector (CAT). The decoder uses this encoding to predict "k"
object masks M and "k" SE(3) transforms which are used to transform the
input cloud via the Transform layer to generate the output. This layer has
no trainable parameters. Mask weights are sharpened and normalized via
weight sharpening before use for prediction. Conv = Convolution, FC = Fully
Connected, Deconv = Deconvolution, CAT = Concatenation. Each Conv, FC
and Deconv layer (except the last) is followed by a PReLU activation function.
We use batch normalization after the activations of the Conv and Deconv layers. 19
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2.2 Prediction results for three simulated datasets. All images (except first column
on the left) were rendered by projecting the predicted 3D point cloud to 2D
using the camera parameters and rounded off to the nearest pixel without any
interpolation. (From left to right) Input point cloud with the ball highlighted
in red and applied force shown in green; ground truth; predictions generated by
the different networks. 3D point clouds for the flow networks were computed
by adding the predicted flow to the input. The black regions in the images
correspond to parts that were occluded in the input and later became visible
due to the objects’ motion (none of the networks can fill in missing data).
Image best viewed in high resolution. For a better understanding of the results,
please refer to the supplementary video on our webpage. . . . . . . . . . . . 26

2.3 Object masks predicted by our networks. Box masks (k=3) are rendered
directly as RGB images while Baxter masks (k=5) are colored based on an
arg-max operation across the k-mask channels. SE3-Net predictions (middle
two columns) are near-binary as seen by the distinct coloring for each distinctly
moving object (eg: blue for the box, red for the ball). No Penalty masks
(right column) have mixed coloring across the scene (eg: indigo for the box),
indicating that the masks are not binary. Image best viewed in color. . . . . 27

2.4 Two results from the "Household Objects" dataset, showing topping and sliding
motion. Our network segments the objects correctly and predicts consistent
motion leading to sharp images while the flow baseline smears the object across
the image. Ball highlighted in red and the applied force is shown as a green
arrow. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

2.5 Multi-step prediction results obtained by feeding back the output of the network
as the input for four consecutive times. At the end of each frame, the predicted
SE3-Net flow is added to the input point cloud to generate the next input
point cloud. Note that we do not back-project the point cloud on the image
plane to generate the new input. Ground truth is reset at the end of each frame. 30

2.6 Multi-step prediction error for a single sequence from the Baxter dataset,
showing the average flow MSE (cm) against the open-loop rollout step. SE3-
Nets generate significantly better predictions and far lower prediction errors
in the long term compared to the baseline flow networks, even though they
are trained only on single step predictions. . . . . . . . . . . . . . . . . . . . 31

2.7 Multi-step prediction results on real world data collected by poking objects with
the Baxter robot. Our network predictions are sharper than the flow baselines
highlighting the consistency of the learned segmentation and transforms. . . 32
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3.1 An example scenario showing the initial (left) and target depth clouds (right).
SE3-Pose-Nets 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. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.2 A single step of the inner optimization in the gradient-based visuomotor control
algorithm (see Alg. 1), where the target is specified as a point cloud xT . Given
a current observation xt, we hypothesize a random control ut and use the
pre-trained model (yellow block) to predict the outcome, represented as a point
cloud x̂t+1. We can iteratively update the controls ut by back-propagating the
gradients (dotted lines) of the error (red block) between the prediction x̂t+1

and the target xT ; the resulting control can be applied to the robot and the
process repeated till convergence to the target scene. . . . . . . . . . . . . . 46

3.3 The data association problem. Given a pair of frames, the data association
problem is to find corresponding points/pixels belonging to the same object in
both scenes. In this example, black lines indicate pixels that correspond to the
same point on the Baxter robot in both scenes. Correspondence estimation or
data association across large motions is an open problem in computer vision. 47

3.4 Top: SE3-Pose-Net architecture consisting of three components: the en-
coder (henc, shown in blue) models scene structure (explained in Sec. 3.3.1),
the pose transition net (htrans) models object/part dynamics (Sec. 3.3.2)
and the transform layer (htfm) which transforms point clouds based on the
predicted object dynamics (Sec. 3.3.3). Bottom Left: Schematic showing
the training procedure for SE3-Pose-Net (Sec. 3.3.4). Bottom Right: Pro-
cedure for closed loop control using the SE3-Pose-Net (Sec. 3.4). Gradients
shown as dotted lines; initial gradient flows from Pose Error (red block) to
predicted poses p̂t+1. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.5 Masks generated by different networks on simulated (top) and real data
(bottom, with additional color input shown). Both SE3-Nets and SE3-Pose-
Nets segment the arm into multiple "physically consistent" parts without
any explicit supervision, on both simulated and real data. Note: Colors are
for display only. Predicted mask colors do not need to match the colors of
ground truth masks. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

3.6 Multi-step prediction performance showing per-point flow RMSE (in cm)
against the number of rollout steps into the future for different network
architectures (without joint angles). Left: Simulated data, Right: Real data.
Shaded regions indicate 95% confidence bounds. All networks were trained for
single-step prediction only. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
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3.7 Plots evaluating the long-term consistency of the learned pose embedding. Top
row: Error in the learned pose space (y-axis) as a function of the normalized
error in the joint angles (x-axis), for motion along a single joint of the Baxter.
Bottom row: Pose error (y-axis) vs normalized joint angle error (x-axis),
for simultaneous motion across all joints of the Baxter. Errors averaged over
100 sequences and error bars show standard error. In both rows, the left plot
displays the raw, un-normalized MSE between the current and target poses
while the right plot displays errors normalized by the pose error at the start
of motion. The normalized error reduces monotonically as a function of the
joint angle error for all joints (except the end-effector whose motion is hard
to distinguish from low-resolution images), lending strength to its use as the
metric for our DA-free visuomotor controller. . . . . . . . . . . . . . . . . . . 64

3.8 Convergence of mean absolute joint angle error (averaged across 11 different
examples, 6 joint control) for simulated Baxter control tasks (left - w/o
joint angle input & center - with joint angle input) and real robot control
(right). Dotted lines use backprop gradient updates (BP), solid lines use
Gauss-Newton updates (GN). SE3-Pose-Nets perform as well or better than
baseline methods even though baseline models have additional information in
the form of ground truth-associations. All plots share the y-axis. . . . . . . . 66

3.9 Examples of different generalization tests, unseen during training. Clockwise
from top left: 1) Low light setting, 2) Motion in the background (person
on the chair moves), 3) Fixed distractor(s) in the foreground (white towels
on the robot) and 4) Change in camera pose (rotated ∼10 degrees to the
right). SE3-Pose-Nets are robust to these changes, achieving good control
performance on a majority of our tests with these perturbations. . . . . . . . 69

3.10 Outline of the network architecture of Dynamics-Nets. Similar to SE3-
Pose-Nets, we use a pose-mask encoder which predicts the pose of all objects
in the scene p and their corresponding segmentation masks m. These poses
along with the controls u are fed into the pose transition network. We show two
different transition networks: 1) The feed-forward Linear model (top-right),
takes in the state st which consists of the pose pt and a finite-differenced delta
pose vt along with the control to predict the next pose pt+1. 2) The Recurrent
transition model (bottom-right) takes in the pose pt and the control to predict
the next pose pt+1. This network has a recurrent layer (GRU) which allows it to
integrate temporal information across sequences of input observations. Similar
to SE3-Pose-Nets, these networks are trained via next scene prediction using
supervised data-associations and the consistency loss, albeit across sequences.
The blue layers are convolutional, red are deconvolutional, yellow are fully-
connected, and the grey is recurrent. . . . . . . . . . . . . . . . . . . . . . . 76
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3.11 Left: Snapshot of the cartpole environment. Right: The learned mask output
by the pose encoder for the snapshot on the left, where each channel corresponds
to one mask. Even though the motion of the cart and pole are highly correlated,
the encoder is able to differentiate the objects, albeit with some slight overlap
near the joint. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

3.12 Plot showing the dimensions in the pose space corresponding to the predicted
pole X and Y position as the ground truth pole angle is varied (left), and the
predicted cart X position while varying the ground truth cart X position. As
can be seen, the learned pose space is very consistent with the true positions
of the cart and pole. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

4.1 Schematic showing the rollout from on a trajectory sampled from the replay buffer
(o1:H+N ,a1:H+N , r1:H+N ) ∼ B through the model (blue rectangles), predicting latent
states (red & orange circles for encoder and transition predictions respectively) and
their corresponding reconstructed observations, value and reward predictions (green
circles). First, the encoder fenc encodes the observations o1:H+N to latents h1:H+N .
The open-loop rollout begins after a history of H observations have been encoded
to generate the latent hH . From this latent, the rollout is computed through the
transition model ftrans using the true actions aH:H+N−1, generating the latents
hH+1:H+N (orange circles; note that these are different from the latents generated
by the encoder). The transition model latents are passed through the decoder fdec,
value V̂ π and reward r̂ estimators to generate (expected) reconstructed observations
ôH+1:H+N , (expected) values V̂ H+1:H+N

π and (expected) rewards r̂H+1:H+N which
are used to compute losses for training the model (losses are highlighted with the
rectangular color patches with the labels L(.)). Of special mention is the loss for
training the value estimator; this uses V-trace and Temporal Difference (TD) style
value targets based on a “target” network. The targets are generated by the “target”
value estimator V̂ π(. ;ψ) which takes in latents encoded by the “target” encoder
fenc(. ;ψ) along with the observed rewards rt. . . . . . . . . . . . . . . . . . . . 92
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4.2 Imagined policy gradient computation. Given a history H of observations from
the buffer B, we encode a latent state hH through the recurrent encoder fenc,
followed by an “imagined” rollout of length N – using a sequence of actions
at>H sampled from the policy πθ(.|h) and rolled out through the transition
model ftrans. This leads to imagined states ht>H with corresponding value
and reward estimates (from the trained value V̂π and reward r̂ models). We
average cumulative rewards over N horizons – computing the estimate from
Eqn. 4.24 and update the policy via the gradient of this estimate. These policy
gradients are back propagated through the transition model back to the policy
parameters, thereby conditioning the update through the dynamics of the
latent state. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

4.3 Left : Lift-R: Example scene from the lift task where the robot lifts the red
block. Center-Left : Example scene from the Stack-B task. Center-Right
and Right : Tasks with unseen distractors (yellow sphere and yellow cube)
added to the scene for the Lift-R and Stack-R tasks. Note: The camera view
shown is not the one used for generating the observations. We use two cameras
located to the left and right of this current view to generate our observations
(see Fig. 4.18 for an example). . . . . . . . . . . . . . . . . . . . . . . . . . . 103

4.4 Example scenes from the match positions task. On the left is an initial image
showing the blocks and the arm initialized to random starting positions. On
the right, we show an image where the blocks are in their respective target
positions (the blocks are always required to go to this target configuration in
the task). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

4.5 Network architecture of the encoder. The encoder takes in a pair of 64x64
RGB images concatenated along the channels axis and the proprioception
observation and returns a 128-dimensional latent state vector (h) as output.
It is implemented as a recurrent residual CNN with a final LSTM layer that
integrates information across time. . . . . . . . . . . . . . . . . . . . . . . . 106

4.6 Network architecture of the transition model. The transition model takes a
state (h) and action (a) as input and returns a prediction of the next state
(h′). It is implemented as an MLP that predicts a delta change to the state
(δs) which is added to the input state to predict the output. . . . . . . . . . 107

4.7 Network architecture of the decoder. The decoder takes a state (h) as input and
returns a reconstruction of the corresponding RGB images and proprioception.
We use an MLP to predict the proprioception output and a mix of bilinear
upsampling and convolutional layers to generate the RGB reconstructions
(which are normalized to 0-1 via a sigmoid). . . . . . . . . . . . . . . . . . . 108
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4.8 Left : Network architecture of the value model V̂ π. The network takes the
latent state ht as input and uses a three fully-connected layers to predict the
expected value V̂ t

π := V̂ π(ht;φ) (scalar). Right : The reward model uses the
same architecture as the value model but predicts the immediate reward r̂t
from the state ht. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

4.9 Network architecture of the policy πθ(a|h). The policy takes as input the
state ht and predicts the mean µ and log-variance log(σ) of a Gaussian
distribution over actions. We use the reparameterization trick to sample from
this distribution by sampling ε ∼ N (0, I). The output is a sampled action at. 109
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4.15 Transfer performance of IVG(5) on the Match Positions target task. Task
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Chapter 1

INTRODUCTION

Manipulation is the act of making an intentional change to the environment or objects in

the environment through selective contact [108, 111]. Manipulation played a significant role

in human evolution and is surprisingly widespread among animals; many everyday human

activities involve manipulation skills like pushing, grasping, lifting and tool use. Manipulation

is also a fundamental challenge in robotics; for a robot to operate alongside a human, it needs

to be able to manipulate its environment freely.

The ability to predict how an environment changes based on forces applied to it is

fundamental for a robot to achieve desired manipulation goals. For instance, in order to

arrange objects on a table into a desired configuration, a robot has to be able to reason about

where and how to push individual objects, which requires some understanding of physical

quantities such as object boundaries, mass, surface friction, and their relationship to forces.

This understanding of the environment, often endowed with a capability to predict future

outcomes of actions, is referred to as a “model”; this thesis explores the benefits of learning

(structured) models for enabling robot manipulation.

Humans begin to develop an intuitive understanding of their environment, i.e. a model,

right from a young age; for example, infants as young as 5 months old have a notion

of objects and their permanence when occluded by other objects [12]. Similarly, infants

around 6.5 months old have an intuitive concept of physics; they can already reason about

support phenomena and object collisions [11]. As infants grow and interact further with their

environment, their models improve; adults have a significantly better and more general model

of their environment, including an approximate understanding of physical concepts such as

mass, friction and contact. Studies have shown that human intuitive models of physics, while
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approximate, can accurately predict the outcomes of complex physical tasks, reconciling

well with results generated from probabilistic physics simulators [15, 130]. There is also

evidence that models help bootstrap learning on related and similar tasks; by leveraging prior

knowledge from their internal models, human players can learn novel, complex visual games

in minutes [154].

Just as intuitive human models have played a significant role in development of robust

manipulation skills, models have many demonstrable advantages for robotics. Models formalize

our intuition of how the physical world works and enable us to take advantage of domain

knowledge and problem structure when designing solutions for manipulation tasks. A standard

approach in robot manipulation has been to use a physical model of the environment and

perform optimal control to find a policy that leads to the goal state [110]. For instance,

extensive work utilizing the Mujoco physics engine [150] has shown how strong physics

models can enable solutions to control problems in complex and contact-rich environments

[59]. Similarly, closed-form models have been proposed to model the mechanics of many

manipulation skills in simple, structured environments; combined with planning approaches

these have shown impressive results on tasks such as grasping [109, 38, 127], planar pushing

[176, 107, 93], non-prehensile manipulation [87] and even on tasks involving contact and

collisions [159]. A shortcoming of such models is, however, that they rely on very accurate

estimates of the state of the system [180, 92, 34]. Unfortunately, estimating values such as

the mass distribution, surface friction and even the pose of an unseen, unknown object using

visual information and force feedback is extremely difficult. This is one of the main reasons

why humans are still far better than robots at performing even simple tasks such as pushing

an arbitrary object along a desired trajectory, even though their control policies are informed

only by approximate, intuitive notions of physics. Robot manipulation in unstructured,

non-industrial settings is particularly hard due to the aforementioned problems, making it a

great avenue for research in robotics.

Recently, machine learning models, specifically deep neural networks, have achieved

tremendous success in computer vision [94, 105], natural language processing [143, 9] and in
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reinforcement learning [112, 140]. Deep networks have achieved the state of the art results

in many visual tasks that are relevant to robotics such as object detection and recognition

[60, 71], semantic segmentation [105, 69], pose estimation [164, 171] and dense optical flow

prediction [51, 79]. These successes have in turn led to a growing body of work applying

machine learning techniques to robotics problems. Of particular interest are video prediction

models [19, 47, 54, 174], much akin to the predictive models we described above, visuomotor

control approaches that use a learned predictive model along with optimal control techniques

[49, 160] and end-to-end policy learning approaches which learn closed-loop control policies

directly from visual observations [101, 112, 126]. A crucial advantage of these methods is their

capacity to learn complex causal relationships and behaviours directly from raw sensor data

while minimizing the amount of expert domain knowledge and modeling needs, much unlike

traditional robotics techniques. On the other hand, these data-driven methods suffer from

poor sample complexity, requiring significant amounts of data to train, and can have weaker

generalization, interpretability and robustness compared to more model-based approaches

prevalent in standard robotics pipelines.

To summarize, there is an interesting dichotomy between model-based and data-driven

methods for robotics; traditional models are general formalisms that transfer easily across

domains but make strong assumptions and require accurate system identification. The

opposite is true for deep networks which are flexible learners with substantial capacity;

unfortunately, they struggle to generalize across domains and tasks. Given these seemingly

contrasting differences between these paradigms, can we benefit from a principled combination

of the two?

1.1 Model-Based vs Data-Driven

An interesting perspective on model learning can be gleaned from considering the bias-variance

trade off [166] inherent in machine learning (see Fig. 1.1). As the complexity of the model

increases, the model’s bias (or the assumptions inherent in the model) reduces, thereby

allowing it to fit the training data well. Unfortunately, this can lead to a reduction in
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generalization performance, or an increase in the variance (the performance on held out test

data). This is the problem of overfitting, where the model captures the noise in the data

as opposed to the underlying causal structure. The opposite, underfitting, occurs when the

model makes erroneous assumptions about the data. The minimum error point is reached

when these two conflicting sources of error are balanced.

We posit that model-based approaches in traditional robotics fall on the left half of the

trade off curve, i.e. they have high bias and (potentially) low variance. Physics models

are often approximate, making several assumptions about the mechanics of manipulation

especially in cases of object interactions [38], contact [43] and collisions [151]. At the same

time, a manipulation algorithm driven by a physics model can easily generalize to different

objects, robots and sensors; physical principles (e.g. Newton’s laws) are broadly applicable.

On the other end of the spectrum, we have data-driven methods such as deep learning which

have high variance and low bias. Neural networks are universal function approximators [77],

with a capacity to fit a variety of data extremely well. The caveat, though, is that deep

networks are prone to overfitting. Indeed, deep networks are shown to be sensitive to noise

addition [117, 142], mis-labeling examples even in the presence of a small amount of input

noise. Similar behaviors can be observed when training deep networks for robotic tasks;

the resulting systems are brittle and task-specific [101], performing poorly even under small

changes to the data distribution.

Both model-based and data-driven approaches have their strengths and weaknesses.

Traditional model-based approaches are broadly applicable, but make many assumptions and

usually require accurate state estimates. Data-driven approaches such as deep networks can

learn complex behaviors directly from raw data but generalize poorly. Can we combine these

paradigms to get the best of both worlds? The first half of this thesis explores this question

in detail, primarily in the context of learning predictive models of environment dynamics

directly from raw visual data and optionally, proprioception information (e.g. joint angles and

velocities). We integrate model-based structural priors, specifically rigid body motion, into

the architecture of deep networks for modeling visual dynamics; the resulting architectures
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Figure 1.1: Bias-Variance trade off curve. As the model’s complexity increases, it can fit the

training data well (thereby reducing bias), but generalization error, or the variance (measured

on held out data), increases. The minimum error point achieves the best trade off between

training performance and generalization. Traditional model-based robotics approaches have

high bias and low variance; physics models tend to capture general, overarching principles but

can struggle to fit observed data due to inaccuracies in modeling and system identification.

On the other hand, (deep) learned models appear have low bias and high variance; they fit

observed data extremely well but can struggle to learn the underlying causal structure in the

data leading to poor generalization. Combining the structure of model-based approaches

with the learning capabilities of modern deep networks can give us the best of both worlds,

driving our algorithms towards the minimum error point. Figure courtesy: Jeannette Bohg
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SE3-Nets and SE3-Pose-Nets are interpretable, object centric, deep visual dynamics

models that can predict the dynamics of complex object interactions directly from raw visual

observations. We also present applications of these models to the task of visuomotor control.

Reinforcement Learning (RL) is a general sequential learning approach that has recently

been successfully applied to many problems in AI [140, 112] and robotics [36, 101, 126].

There are two major paradigms in RL: model-based methods, which like traditional robotics

approaches, estimates a dynamics model of the environment and model-free approaches, which

learn direct mappings of states to actions, usually through a function approximator such as a

deep network. Going back to the bias-variance tradeoff (Fig. 1.1), model-based RL appears

on the left side; the models learned by these methods are (hypothetically) generalizable, but

they are limited by their reliance on local planners and sensitivity to model approximation

errors. On the other hand, model-free RL can flexibly learn task-specific complex policies,

but cannot generalize to novel settings; they have low bias and high variance. Interestingly,

this is the same contrast between model-based and data-driven methods; can we hope to gain

similar advantages when we combine these two RL paradigms? We explore this question in

the second half of the thesis where we propose a hybrid reinforcement learning agent that

learns a model in tandem with a parameterized policy. We evaluate this agent on a set

of long-horizon manipulation tasks; model-based RL would fail on these tasks due to the

length of the planning horizon while our approach succeeds by virtue of the model-free policy.

Crucially, we also show that learning a model allows us to transfer knowledge across related

tasks, much akin to human learning of manipulation skills.

The rest of this chapter is organized as follows. We first describe the structured model

learning problem tackled in the first half of the thesis and briefly describe our approach in

Sec. 1.2. Next, we discuss the reinforcement learning problem explored in the second half of

the thesis and our approach towards combining model-based and model-free RL in Sec. 1.3.

Finally, we present an overview of this thesis in Sec. 1.4.
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1.2 The role of structure

From the discussion above, we can summarize a few key advantages of model-based methods.

First, model-based approaches are interpretable, i.e. the state of the system can be sum-

marized succinctly by the model parameters, which for many manipulation pipelines involve

representations of the robot’s kinematics, object poses, geometry and physical parameters.

Second, model-based approaches are generalizable. For example, a manipulation system

that operates by planning on an underlying physics model can be applied for many different

manipulators, objects and environments, assuming that the model’s parameters are accurately

identified. Lastly, model-based approaches are composable. Many traditional robotics

pipelines follow a modular architecture, usually inspired by the sense-plan-act paradigm

where a state estimator is used for identifying the system state followed by a planning via a

physics model and execution through a local controller. On the other hand, machine learning

models, specifically deep networks, tend to be monolithic, black box systems with hundreds

of network layers and millions of parameters [71, 177].

By integrating model-based reasoning with deep networks, we can hope to inherit many of

the advantages described above while retaining the general flexibility of learned models. While

there are many ways to achieve this, we propose to combine these paradigms by explicitly

structuring the network architecture of standard deep networks. We focus on the problem

of learning predictive models of environment dynamics directly from raw visual data and

corresponding applications of these models for visuomotor control, where we control the

manipulator to reach a target visual state. We make the following structural constraints and

assumptions, each of which contribute towards an addition of the properties described above.

First, we limit the scope of the dynamics learning problem to modeling rigid bodies and their

dynamics. This allows us to introduce several constraints into our network architecture which

improve performance and interpretability, resulting in a modular network architecture. Second,

we force our deep network to learn an intermediate representation of object segmentation and

6D poses. This leads to an interpretable model that mimics a state estimator in traditional
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systems while retaining the capacity to operate on raw high-dimensional observations, with

fewer parameters compared to standard deep architectures. Third, we learn to model the

dynamics of objects as opposed to pixels. This nicely constrains the learning problem to a

low-dimensional interpretable space, exposing opportunities to use the resultant model for

global data association and real-time control, even in the presence of noise. Last, we introduce

a differentiable transformation layer that models the motion of systems of rigid objects, with

no trainable parameters. The structure inherent in this layer allows us to learn complex

object dynamics with self-supervised data association labels, significantly less supervision

than would be needed otherwise. In general, we see that the structure and assumptions

inherent in models, when used properly, can act as a regularizer for data-driven learning,

potentially reducing overfitting and aiding generalization (see Fig. 1.1).

1.3 Models in Reinforcement Learning

Reinforcement Learning (RL) is a general, powerful approach towards learning complex

skills for a variety of manipulation problems. Over the past few years, model-free reinforce-

ment learning, where one directly learns a policy mapping from states to actions, has seen

tremendous success on many challenging control problems [37, 90], leading to state of the art

results even when learning directly from images [112, 103, 133, 126]. Much of this success has

been driven by advances in machine learning, enabling policies to be represented with deep

networks with millions of parameters. In spite of these advancements, several key challenges

exist that limit their applicability. Firstly, the poor sample complexity of model-free RL

means it requires large amounts of real-world interaction. More importantly, model-free

methods transfer poorly; the learned policies are task-specific and hard to transfer even on

related tasks.

In contrast to model-free RL, model-based approaches to reinforcement learning estimate

the dynamics of observations, i.e., learn a model, leveraging optimal control and planning

algorithms for generating actions. This can lead to improved data efficiency [36, 101] and

crucially, fast adaptation when transferring to related domains [144]. Traditionally these



9

methods were limited to state-space tasks, but with the advent of deep learning there has been

significant progress on learning image-based predictive models [174, 23, 39] and (structured)

low-dimensional latent representations [160, 65], leading to model-based RL being applied

to continuous visual control tasks [160, 157, 65, 178, 85, 161], Atari games [83] and tabletop

manipulation [39]. A key drawback of many of these approaches is their reliance on planning

through the learned model for generating actions at execution time, which can both be

difficult in the presence of model errors (e.g. on long-horizon tasks and sparse reward tasks),

and expensive in terms of computation.

Interestingly, the dichotomy between model-based and model-free RL is very similar to

the tradeoffs between model-based and data-driven approaches to robotics (see Fig. 1.1);

we can expect to gain similar benefits from a principled combination of the two. To this

end, we propose a hybrid RL agent that jointly learns a model and a parametric policy

for solving complex long-horizon manipulation tasks (e.g. lifting, stacking), directly from

high-dimensional visual observations and proprioception. Our model learns a deterministic

mapping of observations to abstract, latent states, evolving the transition dynamics in this

low-dimensional representation; the learned policy also operates directly on this latent state.

We train the model, policy, value and reward functions jointly from scratch and show that

stable policy optimization can be achieved even with approximate models. Crucially, we

show that the models learned by our RL agent can be transferred to related tasks; learning

with a model pre-trained on a related task can result in a significant boost in learning speed

compared to learning from scratch. We also present a multi-task version of our RL agent

that trains the model simultaneously on multiple related tasks; models trained on multiple

tasks exhibit significantly better generalization to related tasks, further speeding up learning

in the transfer setting.

1.4 Thesis overview

This thesis is split into two parts, each of which explore a combination of model-based and

data-driven approaches to solving manipulation problems in robotics, directly from raw
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visual data. In the first half of the thesis, we explore learning structured visual predictive

models from RGBD data. Chapter 2 presents our first structured deep model, the SE3-Net,

which models the dynamics of systems of rigid bodies by explicitly segmenting them and

predicting an SE(3) motion per object. We present results applying this model to simulated

tabletop settings with multi-object interactions, simulated robot motion and real data where

a robot pushes an object on a table. Next, in Chapter 3, we present the SE3-Pose-Net, an

extension of the SE3-Net architecture that additionally predicts a globally consistent pose

for each manipulable object in the scene. By leveraging the structured latent pose space of

the SE3-Pose-Net we can tackle the problem of visuomotor control, where we control a

robot manipulator to servo to a target visual state using only raw RGBD observations. We

also briefly touch on some limitations of SE3-Pose-Nets and discuss ways to extend our

architecture to handle these limitations. We briefly discuss Dynamics-Nets, a recurrent

extension to SE3-Pose-Nets that can handle dynamic interactions and present initial results

applying this model to the 2D cartpole task. In the second half of the thesis, we explore the

integration of models with reinforcement learning (chapter 4). We develop Imagined Value

Gradients (IVG), a model-based policy optimization algorithm that learns a predictive model

of expected future observations, rewards and values from which a policy can be derived by

following the gradient of the estimated value along imagined trajectories. We evaluate the

efficacy of our approach in a transfer learning scenario, re-using previously learned models

on tasks with different reward structures and visual distractors, and show a significant

improvement in learning speed compared to strong off-policy baselines. Finally, Chapter 5

concludes with a discussion and future outlook for this line of work.
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Part I

STRUCTURED DEEP VISUAL DYNAMICS MODELS
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Chapter 2

SE3-NETS

Humans, and some animals, can effectively and efficiently manipulate objects in their

environment, quickly learning, adapting and mastering many complex tasks while generalizing

to potentially unseen situations. Much of this knowledge is transcribed into “models” of the

environment, capturing intuitive notions of physics [15, 130]. There is evidence that these

intuitive models are learned right from a young age through interactions with the environment;

even infants understand concepts such as objects, their dynamics and object permanence

[11, 10, 12].

Models are similarly prevalent in robotics and are used widely to formalize our intuitions

about the physical world. For example, analytical and approximate models of many physical

phenomena (e.g. dynamics, contact and collisions) are used as parts of many traditional

robotics approaches. A standard approach in robot control has been to use a physical model of

the environment and perform optimal control to find a policy that leads to the goal state. This

has shown impressive results on many tasks, even in complex and contact-rich environments

[59, 38, 127]. Unfortunately, many of our traditional model-based approaches have a few

limitations: 1) They can be biased, as they make many assumptions and simplifications for

tractability [38, 107, 127], 2) They require accurate state estimates which can be hard for

parameters such as mass distribution and friction which are not directly observed [180, 92].

This is one of the main reasons why humans are still far better than robots at manipulation,

especially in unstructured environments, even though their control policies are informed only

by approximate, intuitive notions of physics.

An alternative approach to explicitly modeling the environment via an analytical model is

to “learn” an implicit model of the world using interaction data. Recently, machine learning
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model (such as deep neural networks) have achieved tremendous success in many fields

[94, 105, 143, 112] and significant work has been done on applying these techniques for

problems relevant to robotics, such as video prediction [19, 47, 54, 174], visuomotor control

[49, 160] and end-to-end policy learning [101]. An advantage of these approaches is their

ability to learn complex behaviors directly from raw visual data and ease of use as little

domain knowledge is needed to learn these models. A few drawbacks include poor data

efficiency, limited interpretability and weak generalization performance.

In this chapter, we look at the intersection of these two paradigms: we would like to retain

the generality and structure of traditional "model-based" robotics approaches while having

the flexibility to learn complex behaviours directly from raw perceptual data. We explore

the use of deep learning to model the concept of "physical intuition", learning a model that

predicts changes to the environment based on specific actions. We focus on modeling the

motion of systems of rigid bodies, such as predicting how an object on a table moves when

being pushed by a robot manipulator. Importantly, we want to learn predictive models from

sequences of raw 3D point clouds observed with a depth camera along with continuous action

vectors (such as the velocities or torques applied to a robot’s joints). Supervision for learning

is only provided via point-wise associations between consecutive point clouds, no higher level

information such as object segmentation is provided to the learner. While a standard deep

network architecture can be trained on such data to predict the 3D motion of individual

observed points, such a vanilla network architecture is not able to learn and represent an

explicit notion of objects and their motion, which is very useful for control tasks and for

higher-level reasoning.

To overcome this limitation, we introduce SE3-Nets, which learn to segment a scene into

"salient" objects and predict the motion of these objects under the effect of applied actions.

SE3-Nets represent motion in the environment as a set of SE(3) transforms1, which are

widely used in robotics, computer vision, and graphics to model rigid body motion. Key

1SE(3) refers to the Special Euclidean Group representing 3D rotations and translations: {R, t|R ∈
SO(3), t ∈ R3}
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to SE3-Nets is the notion of disentangling the motion of the objects (the What?) from

their location in the environment (the Where?). SE3-Nets do this by explicitly predicting

a set of "k" SE(3) transforms to encode the motion, and "k" dense pointwise masks that

specify the contribution of each SE(3) towards a 3D point. Finally, the network combines the

SE(3)s, their masks, and the 3D input through a differentiable transform layer that blends

the motions to produce a predicted output point cloud.

In the absence of any constraints, SE3-Nets can represent an arbitrary per-point 3D

motion. To bias the network to model rigid motion, we adapt a weight sharpening technique

used in [165] and show that this results in a segmentation of the environment into distinct

objects along with their rigid motion. We show results on three simulated scenarios where our

system predicts the motion of a varying number of rigid objects under the effect of applied

forces, and a robot arm with four actuated joints. We present experiments testing different

parts of our network and show results highlighting the robustness of SE3-Nets to different

types of noise, similar to those found in real world data. We also show the capability of

SE3-Nets to operate on real world data collected using the Baxter robot pushing objects on

a table.

The main contributions in this chapter are as follows. We introduce SE3-Nets, a deep

neural network architecture that models scene dynamics by segmenting the scene into distinct

objects and jointly predicting their rigid body (SE(3)) motion. We show that SE3-Nets can

learn to do this solely based on sequences of control, raw depth camera data and point-wise

associations, without the need for explicit segmentation information in the training data. We

also provide substantial experimental evidence that SE3-Nets outperform standard deep

learning baselines, and can be applied to real robot data.

This chapter is organized as follows. After discussing related work, we introduce SE3-Nets

in Section 2.2, followed by an experimental evaluation in Section 2.3 and discussion.
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2.1 Related Work

2.1.1 Robotics

Traditionally, robotics systems are pipelines consisting of modules for state estimation,

planning and control [141, 147]. Many of these modules are hand-crafted and require

significant knowledge of the specific problem domain. As mentioned before, many planning

and optimal control techniques require a "dynamics" model that predicts the effect of actions

on the state of the system [153, 152, 168]. Early work on learning dynamics models from

data focused on low-dimensional state and control representations [36]. More recent work

has looked at learning forward rigid-body dynamics models assuming tracking information is

available [91]. In contrast to these methods, Boots et al. [19] learn a model using Predictive

State Representations to predict raw depth images given a history of prior images and control.

There is also a large body of work investigating how robots can interact with objects for

manipulation or object exploration tasks, as summarized in a recent survey [18]. The focus of

this area, however, is not on learning predictive motion models from raw data, as we present

in this chapter. Recently, deep models have been used for learning dynamics models in

robotics and reinforcement learning, by mapping raw pixel images to low-dimensional (latent)

encodings on top of which standard optimal control methods are applied [160, 157, 49]. In a

similar flavor, SE3-Nets explicitly model the dynamics of the scene as rigid body motion of

salient objects, jointly learning object segmentation and motion prediction.

2.1.2 Physics prediction

Recent work in machine learning has looked at the problem of physics prediction, for example to

predict the stability of stacked blocks from images using deep networks [100, 102], predicting

ball motion from RGB images [54], learning to predict object dynamics in images [113],

learning action conditional video predictions [118] and learning contact models from state

data [43]. These methods mostly predict low-dimensional outputs like ball velocity [54] or

the probability of falling [102]. One exception is the work by Lerer et al. [100], which predicts
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images of a tower of blocks, but their network operates on RGB images and has no specific

notion of an action or forces.

In particular, work by Agrawal et al. [4] and Finn et al. [47] are closely related, both

focusing on modeling the effect of robot actions on a scene, albeit using RGB images. Unlike

Agrawal et al. [4], we explicitly predict a dense point cloud through our forward model,

encoding the motion using SE(3) transforms and masks. Similar to Finn et al., [47], we

composite motion using predicted masks with two main differences: we use SE(3) transforms

in 3D to capture complex out of plane motions and our masks are sharpened to enforce the

rigid-body assumption while improving prediction accuracy.

Additionally, there has been recent work on "neural simulation engines", where the idea is

to implement a differentiable physics simulator using neural network layers [14, 26]. Similar to

these ideas, our network architecture can be thought of as a physics simulator that explicitly

learns to model the observed dynamics as rigid body SE(3) motions of visible objects in the

scene.

2.1.3 Geometry and Deep Learning

Related work in the computer vision literature has looked at the problem of integrating

geometric priors with deep networks, specifically for tasks such as predicting 3D rotations

between pairs of images [96, 175], scene flow prediction [155, 135] and video prediction [81].

Differing from most of this work, we operate on 3D data, incorporate continuous actions, and

explicitly predict rigid body motion and object masks. We describe the differences to a few

key related papers below.

Independently in parallel to our work, Handa et al. [66] proposed deep models using rigid

body transforms for depth image registration and alignment, but do not model object motion

or the effect of actions. Yang et al. [175] proposed a deep recurrent model that predicts the

change in an encoded pose vector through the effect of a one-hot action vector to render

rotated color images of objects. Differing from their work, we operate on 3D data in complex

multi-object settings and real world scenes, use a continuous action vector, and explicitly
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predict rigid body motion and object masks.

A related line of work to ours is the idea of attentional mechanisms [62, 7] which focus

on parts of the environment related to task performance and the concept of disentangling

representations [96, 175], which aim to separate variations in the environment. Our model has

a differentiable, dense, point-wise attender that learns to focus on parts of the environment

where motion occurs, using these cues to segment objects. Also central to our model is the

idea of disentangling the motion of the object from its location.

Finally, the Spatial Transformer Network (STN) architecture [81] is quite related to

our approach - the STN is a differentiable transformation module that allows for affine

transformations of inputs or intermediate feature representations. This is achieved through

the use of a localization module that predicts the affine transform to be applied to the data,

followed by a grid generator and a bilinear sampler that apply the transformation to the data

to generate the output. Spatial Transformers can be added anywhere within the network,

allowing the system to be robust to affine transformations of the input data and noise to a

certain extent. Our network architecture SE3-Netscan be thought of as an extension of the

STN architecture with a few key differences – unlike STNs which operate on 2D grid or 3D

voxel data (which can be extremely costly to explicitly represent in 3D), we apply rigid SE(3)

transforms to an ordered input 3D point cloud (from a 2.5D depth camera). Also, we learn

explicit segmentation masks which attend to different objects in the scene as opposed to the

explicit grid generator which cannot easily deform to the shape of the objects in the scene.

2.2 Network Architecture

Given a 3D point cloud (X) from a depth sensor and an n-dimensional continuous action

u as input, SE3-Nets model the scene dynamics as rigid body motions of the constituent

objects to generate a transformed point cloud Y :

Y = f(X, u) | f := {Ri, ti,Mi}, i = 1 . . . k (2.1)

In essence, SE3-Nets decompose the scene into k rigid objects, predicting per object a
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mask M that attends to parts of the scene containing the object and a rigid body transform

[R, t] ∈ SE(3) that quantifies the object’s motion. Note that in our setting, k is a pre-specified

network parameter that limits the number of distinctly moving objects or parts (including

background which has no motion).

Fig. 2.1 shows the general architecture of SE3-Nets . There are three major components:

an encoder that generates a joint latent state given the input point cloud X and the control

u, a decoder that predicts the object masks with the corresponding transforms and a final

transformation layer that generates the transformed point cloud Y .

2.2.1 Encoder

The encoder has two parts: a convolutional encoder which generates a latent state from the

point cloud X (represented as a 3-channel image) and a fully connected network that encodes

the control vector u. We adopt a late fusion architecture and concatenate the outputs of these

two parts to produce the final encoding, which is used by the decoder for further predictions.

2.2.2 Decoder

The decoder decomposes the motion prediction problem into two sub-problems: identifying

and grouping together points that move together (we call this grouping an "object" or

a "motion-class") and subsequently predicting the SE(3) transformation parameters that

quantify the object’s motion.

Predicting motion masks: The mask decoder attends to parts of the scene that

exhibit motion, grouping points that move together to form objects. As an example, all points

belonging to a rigid object can be grouped together as they move with it. Presupposing

that the scene has k distinctly moving objects, we can formulate this as a k-class labeling

problem where each input point can belong to one of the k motion-classes. Unfortunately,

this formulation is non-differentiable due to the discreteness of the labeling. Instead, we

relax it to allow each point to belong to multiple motion classes, quantified by a per-point

probability distribution M j over the k motion-classes:
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Figure 2.1: SE3-Net architecture. The inputs are a 3D point cloud and an n-dimensional

action vector (bold-italics), both of which are encoded and concatenated to a joint feature

vector (CAT). The decoder uses this encoding to predict "k" object masks M and "k"

SE(3) transforms which are used to transform the input cloud via the Transform layer to

generate the output. This layer has no trainable parameters. Mask weights are sharpened

and normalized via weight sharpening before use for prediction. Conv = Convolution, FC

= Fully Connected, Deconv = Deconvolution, CAT = Concatenation. Each Conv, FC and

Deconv layer (except the last) is followed by a PReLU activation function. We use batch

normalization after the activations of the Conv and Deconv layers.
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M j = {m1j,m2j, . . . ,mkj} |
k∑
i=1

mij = 1; (2.2)

allowing each point j to smoothly interpolate between multiple motions.

We use a de-convolutional architecture to compute dense object masks, generating k masks

at the input resolution. Following recent work [105], we use a skip-add architecture wherein

we add the convolutional layer outputs to the de-convolutional layer inputs. This gives us

sharper reconstructions of object shapes and contours, improving overall performance.

Predicting rigid transforms: As mentioned before, we represent motion using 3D

rigid body transforms. A 3D rigid body transform [R, t] ∈ SE(3) can be specified by a rotation

R ∈ SO(3) and a translation t ∈ R3. A 3D point x affected by this transformation moves to:

x′ = Rx+ t. We represent rotations using a 3-parameter axis-angle transform a ∈ R3, with

||a||2 = θ, the magnitude of rotation. The SE(3) decoder predicts k SE(3) transforms, one

for each of the k motion-classes (including background). We use a fully connected network to

predict these transforms.

2.2.3 Transform layer

Given the predicted SE(3) transforms and masks, the transform layer produces a blended

output point cloud from the input points:

yj =
k∑
i=1

mij (Rixj + ti) (2.3)

where yj is the 3D output point corresponding to input point xj. Eqn. 2.3 computes a

convex combination of the transformed input points, transformed by each of the k SE(3)

transforms with weights given by the object mask. As a consequence of our relaxation for

the mask (Eqn. 2.2), the effective transform on a given point is generally not in SE(3) as

Eqn. 2.3 blends in 3D space rather than in the space of SE(3) transforms. On the other

hand, we now have the flexibility to represent both rigid and non-rigid motions through a

combination of the transforms and the oject masks. Additionally, we avoid the potential
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singularities that can arise from blending in SE(3) space. In spite of the advantages, using

the current framework to model rigid motion without any explicit regularization can lead to

over-fitting and blurry predictions. To avoid this, we encourage the network to predict rigid

motions through a form of regularization on the object mask.

Enforcing Rigidity: A simple way to restrict the network to predict rigid motions is to

force the per-point mask probability vector M j to make a binary decision over the k predicted

transforms. As mentioned before, a naive formulation can lead to non-differentiability. Instead,

we smoothly encourage the mask weights towards a binary decision using an approach known

as weight sharpening [165]:

∀i = 1 . . . k, mij
′ = (mij + ε)γ; ε ∼ N (0, σ2)

mij
′′ =

mij
′∑

kmkj
′ (2.4)

where the noise ε is sampled from a Gaussian. Typically, we set σ2 = 0 and γ = 1 at the start

of training and slowly increase them as the number of training iterations increase (usually, γ

increases by 1 every 500 training iterations till it reaches a maximum of 100 and σ increases

by 0.01 every 1000 iterations to a maximum of 0.1). In practice, the combination of the noise

and growing exponent forces the network to push its decisions apart, resulting in nearly binary

distributions at the end of training. Finally, at test time, the network segments the input

point cloud X into k distinct objects, predicts their motion and applies a rigid transform to

each input point (Eqn. 2.3), to generate the transformed output point cloud Y .

2.3 Evaluation

We evaluate SE3-Nets on how well they predict motion on multiple simulated tasks using

the Gazebo physics simulator and real world data of a Baxter robot poking at objects on a

table. We first present results on simulated data, followed by tests on the robustness of the

network to different types of noise and hyper-parameter choices and finally discuss results on

real world data.
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2.3.1 Simulated data collection

We set up four simulated tasks using the Gazebo physics simulator, consisting of scenes

where a fixed camera looks at rigid bodies moving under the effect of applied forces. In all

our settings, the network takes a 3D point cloud, and an n dimensional continuous control

vector as input and predicts the resulting point cloud 0.15 seconds in the future. We assume

that the control is held fixed for this duration. Note that our input point cloud is fed to

the network as a 3-channel image (3×240×320 resolution) with the X, Y and Z values for a

given point concatenated along the channels axis, similar to feeding in RGB images to deep

networks. We detail the data collection next.

Single Box: This dataset has 9000 random scenes where a ball collides with a box placed

at a random position on a table. In each scene, we place the ball at a random location in front

of the box and continuously apply a randomly chosen constant force to the ball, directing

it to collide with the box. For a given scene, we run the simulation for one second, record

data and discard frames where the box falls off the table. Across scenes, we vary the start

pose of the objects and the applied force while keeping the objects’ size and mass constant.

We also vary the table size to introduce background variations. Across all scenes, we have a

total of ∼170,000 examples (each example consists of an input control and input & target

point clouds). The control vector u is 10-dimensional, consisting of the ball pose (position &

quaternion) and the applied force (n = 10). We add the ball’s orientation to the control to

model cases where the ball undergoes spin.

Multiple Boxes: To test the generalization of the system to different object sizes, masses

and number of objects, we generated a second dataset that varies all three at random. Each

scene has anywhere from 1-3 objects of varied sizes and proportional mass, where the ball

collides with a randomly chosen box. We only consider examples where a single box and the

ball are in collision and discard those that involve multiple collisions as it is hard for the

system to model such motion without any temporal information. This dataset has ∼12,000

different scenes, with a total of ∼210,000 examples. The controls are represented the same as
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the Single Box dataset (n = 10).

Baxter: Our third dataset consists of sequences of depth images looking at a Baxter

robot being controlled to move its right arm randomly. In each scene, we apply a constant,

randomly chosen velocity to 1-4 randomly chosen joints on the robot’s right arm. Each scene

lasts for one second, after which we bring the arm to a rest. We randomly reset the pose

of the arm once every 20 scenes. In total, this dataset has ∼11,000 scenes with ∼220,000

examples. The controls for this task are the commanded joint velocities, a 14-dimensional

vector in which 1-4 values are non-zero (n = 14).

Household Objects: The final simulated dataset tests the generalization of the system

to irregular object shapes. We use 11 household objects from the LineMOD dataset [74]. Each

scene has 1-4 objects randomly placed on a table, with the ball colliding against a randomly

chosen object. In total, we have 10,000 random scenes with ∼200,000 examples. The controls

are similar to the box datasets (n = 10). This dataset is particularly challenging as it has

significant amounts of toppling and fast rotations due to the objects’ irregular shapes.

2.3.2 Training

We implemented our system using the deep learning package Torch [35]. We trained our

networks using the ADAM optimization method [88] along with Google’s Batch Normalization

technique [80] to speed up training. At the start of training, we initialize the layer predicting

SE(3) transforms to predict the identity transform which we found to improve convergence.

We initially set the weight sharpening penalty to zero and slowly ramp up the noise parameter

σ and the exponent γ till they reach a preset maximum. The number of objects k is chosen

apriori: k = 5 for the Baxter dataset (4 joints + background) and k = 3 for all other datasets

(ball + object + background).

Comparison: We train three variants of SE3-Nets and compare against two baseline

networks that predict 3D scene flow as well as a baseline that always predicts zero motion:

• Ours: SE3-Net from Fig. 2.1, with 3-Conv/Deconv layers and a total of ∼1.4 million
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parameters.

• Ours (Large): Bigger version of the SE3-Net with 5-Conv/Deconv layers and ∼6x as

many parameters.

• No Penalty: SE3-Net without any weight sharpening to enforce binarization of the

object masks.

• Flow: Network trained to predict dense 3D optical flow directly using a Conv/Deconv

architecture similar to the original SE3-Net, but without the SE(3) prediction module

and the transform layer. As a consequence, this network learns pixel motions as opposed

to the underlying structure in the scene – object motion.

• Flow (Large): Bigger version of the flow network with 5-Conv/Deconv layers and ∼8x

as many parameters as the original SE3-Net.

• No Motion: Baseline that always predicts zero motion.

Both the small networks use strided convolution with no pooling, while the large networks

use max pooling instead of striding. All networks use the Parametric-ReLU non-linearity.

We trained the networks for 50k iterations on the single box and Baxter datasets and for 75k

iterations on the other two datasets with a 70:30 train/test split. Depending on the network

size, training takes anywhere between a few hours to half a day on an NVIDIA Titan X GPU.

Training targets: Given an input point cloud X and control u, SE3-Nets predict the

output point cloud Y by transforming the input points (Eqn. 2.3). We would like these

predictions to match the ground truth targets Y ′, which specify the true position of our

input points at a future time. In order to compute these targets though, we need to track

and associate a given input point xj across multiple depth images. In this work, we assume

that these associations are given to us at training time, either by the physics simulator or an

object tracker (in case of real data).
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Task Ours Ours (Large) No Penalty Flow Flow (Large) No Motion

Single Box 3.73 1.65 ± 0.17 4.39 10.1 2.48 ± 0.22 23.24

Multiple Boxes 3.22 1.29 ± 0.14 2.83 6.2 1.69 ± 0.17 21.84

Baxter 0.074 0.057 ± 0.002 0.074 0.11 0.063 ± 0.001 0.33

Table 2.1: Average per-point flow MSE (cm) across tasks and networks. Our (Large) network

achieves the best flow error compared to baselines even though it is not directly trained to

predict flow. "No Motion" results quantify the average magnitude of motion in the datasets

(>20 cm for box datasets, < 1 cm for Baxter datasets).

Evaluation Metric: We report Mean Squared Error (MSE) between the predicted 3D

scene flow (computed as the difference between the input and the predicted point clouds) and

ground truth, averaged across points with non-zero ground truth flow. This metric takes into

account errors in both the mask and SE(3) predictions, and is also the loss function used to

train the flow networks.

2.3.3 Results on simulated data

Table 2.1 reports test results on the first three simulated datasets. Our networks significantly

outperform their counterpart small and large flow networks on all tasks. We also did a

5-fold cross validation for the large networks and found that our improvements over the

flow baselines are statistically significant. Our networks also achieve a large reduction in

prediction error compared to the zero motion baseline (Table 2.1, last column), even for very

large motions (> 20cm per point). In practice, we’ve seen similar performance on shorter

horizons (0.06 sec) with smaller, subtle motions.

Fig. 2.2 shows some representative predictions made by the networks on three simulated

datasets. These results highlight yet another advantage of our approach as compared to a

naive flow baseline - the consistency and sharpness of our predictions. By segmenting the

scene into distinct objects (Fig. 2.3) and predicting individual SE(3) transforms, our network
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Figure 2.2: Prediction results for three simulated datasets. All images (except first column

on the left) were rendered by projecting the predicted 3D point cloud to 2D using the camera

parameters and rounded off to the nearest pixel without any interpolation. (From left to

right) Input point cloud with the ball highlighted in red and applied force shown in green;

ground truth; predictions generated by the different networks. 3D point clouds for the flow

networks were computed by adding the predicted flow to the input. The black regions in the

images correspond to parts that were occluded in the input and later became visible due to

the objects’ motion (none of the networks can fill in missing data). Image best viewed in

high resolution. For a better understanding of the results, please refer to the supplementary

video on our webpage.

https://rse-lab.cs.washington.edu/se3-structured-deep-ctrl/
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Figure 2.3: Object masks predicted by our networks. Box masks (k=3) are rendered directly

as RGB images while Baxter masks (k=5) are colored based on an arg-max operation across

the k-mask channels. SE3-Net predictions (middle two columns) are near-binary as seen by

the distinct coloring for each distinctly moving object (eg: blue for the box, red for the ball).

No Penalty masks (right column) have mixed coloring across the scene (eg: indigo for the

box), indicating that the masks are not binary. Image best viewed in color.

ensures that points which belong to an object rigidly move together in an interpretable

manner. This results in a sharp prediction with very little noise, as compared to the flow

networks which do not have any such constraints. With increasing layer depth, the flow

networks can somewhat compensate for this, but there is still a significant amount of noise in

the predictions resulting in smearing across the canvas (Fig. 2.2). Surprisingly, we noticed

that the flow networks perform quite poorly on examples where only a few points move such

as when just the ball moves in the scene while our networks are able to predict the ball’s

motion quite accurately.
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We also present mask predictions made by our networks in Fig. 2.3. The colors indicate

that the masks predicted by our networks for the box datasets are near binary (we render the

3-channel masks directly as RGB images). Our network successfully segments the ball and

box as distinct objects without any explicit supervision. In practice, we found that it is crucial

to give the network examples where the ball moves independently as this provides implicit

knowledge that the ball and the box are distinct objects. In cases where the training examples

always have the ball in contact with the box, the network had a hard time separating the

objects, often masking them out together. For the Baxter dataset, depending on the motion,

our network usually segments the arm into 2-3 distinct parts (Fig. 2.3), often with a split at

the elbow.

In comparison, the "No Penalty" SE3-Net rarely predicts binary masks, often blending

across different SE(3)s (rightmost column, Fig. 2.3). While this leads to some overfit on

datasets with large motion such as the Single Box dataset (4.4 cm MSE compared to 3.7 cm

for the small SE3-Net)̃, it still performs quite well on the other datasets. Interestingly, the

"No Penalty" networks significantly outperform the smaller flow networks, hinting that our

mask/SE(3) decomposition structure (even without the rigidity penalty) better models the

underlying problem structure for dense motion prediction.

Fig. 2.4 shows two representative results from testing on the household objects dataset

where the network has to deal with complex shaped objects, some with holes. As it is clear,

the network can model the dynamics of these objects well, with the resulting predictions

being significantly sharper compared to the large flow network, which does very poorly. We

have also seen that our network is able to gracefully handle cases where objects topple or

undergo large motions.

Finally, we test the consistency of our network in modeling sequential data by allowing the

network to predict scene dynamics multiple steps in the future. Fig. 2.5 shows these results

for a Baxter sequence where we feed the network’s predictions back in as input and fix the

control vector for 5 steps into the future. We compare against ground truth and see that our

predictions remain consistent across time without significant noise addition. In comparison,
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Figure 2.4: Two results from the "Household Objects" dataset, showing topping and sliding

motion. Our network segments the objects correctly and predicts consistent motion leading

to sharp images while the flow baseline smears the object across the image. Ball highlighted

in red and the applied force is shown as a green arrow.

the predictions from the large flow network degrade over time as the noise cascades. Similar

behavior can be observed when looking at the quantitative prediction errors for a sequence on

the Baxter dataset (see Fig. 2.6). To get a better understanding of our results, we encourage

the readers to look at the video on our webpage, where we show prediction results for many

sequences.

2.3.4 Robustness

We perform a few additional experiments to test the robustness of our networks to noisy data.

Robustness to depth noise: To test whether our network is capable of handling the

types of noise seen in real depth sensors, we trained networks under two types of depth noise:

First, we added gaussian noise with a standard deviation (SD) of 0.75 cm, and scaled the

noise by the depth (farther points get more noise) as is common in commodity depth sensors.

Second, we increased the noise SD to 1.5cm without scaling by the depth. Table 2.2 shows

the performance of the two large networks under both types of noise: while our performance

https://rse-lab.cs.washington.edu/se3-structured-deep-ctrl/
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Figure 2.5: Multi-step prediction results obtained by feeding back the output of the network

as the input for four consecutive times. At the end of each frame, the predicted SE3-Net

flow is added to the input point cloud to generate the next input point cloud. Note that we

do not back-project the point cloud on the image plane to generate the new input. Ground

truth is reset at the end of each frame.

Task

Depth Noise (SD = Noise standard deviation)

SD = 0.75 cm SD = 1.5cm, No depth scaling

Ours (Large) Flow (Large) Ours (Large) Flow(Large)

Single Box 2.61 6.87 2.70 4.31

Multiple Boxes 1.95 6.10 3.56 4.42

Baxter 0.073 0.066 0.44 0.63

Table 2.2: Average per-point flow MSE (cm) for networks trained with noise added to the

input depth (which in turn translates to a noise in the point cloud). Our networks are

structured which allows them to be robust to noise additions; their performance degrades

gracefully with increasing noise as compared to large errors for the flow baseline.
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Last example in the video

Comparison: Multi-step Prediction 
(Trained for 1-step prediction)

Flow 
Network

SE3-Net

Figure 2.6: Multi-step prediction error for a single sequence from the Baxter dataset, showing

the average flow MSE (cm) against the open-loop rollout step. SE3-Nets generate significantly

better predictions and far lower prediction errors in the long term compared to the baseline

flow networks, even though they are trained only on single step predictions.

Task

Data Association Noise

9×9, threshold = ±10cm 15×15, threshold = ±20 cm

Ours (Large) Flow (Large) Ours (Large) Flow(Large)

Single Box 1.79 3.15 2.80 5.32

Multiple Boxes 1.05 1.95 2.48 4.26

Baxter 0.10 0.15 0.30 0.43

Table 2.3: Average per-point flow MSE (cm) for networks trained with noise added to the

data associations used for generating the flow targets used in training the networks. The

error is measured w.r.t the true data associations (i.e. the ground truth flow without any

noise). Once again, the structure inherent in our networks allow them to be robust to noise;

their performance degrades gracefully with increasing noise as compared to large errors for

the flow baseline.
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Figure 2.7: Multi-step prediction results on real world data collected by poking objects with

the Baxter robot. Our network predictions are sharper than the flow baselines highlighting

the consistency of the learned segmentation and transforms.

degrades, we significantly outperform the baseline flow network. Additionally, our network is

still able to segment the objects properly in most of our tests.

Robustness to noise in data association: We test how well our networks respond

to uncertainty in data association by allowing spurious ground-truth associations when

computing our training targets. We allow each point to be randomly associated to any other

point in a m×m window around it, as long as their depth differences are no larger than a

threshold. We train in two increasingly noisy settings: associating in a 9× 9 window with a

threshold of ±10 cm and in a 15× 15 window with a threshold of ± 20 cm. Table 2.3 shows

the results of these tests. Our network strongly outperforms the flow baseline, with errors

almost half of the flow baseline. While this test does not simulate a systematic association

bias, it still shows that our network is robust to uncertain associations.

We believe that the strong structural constraints inherent in our network allow it to

average over noise, leading to robust predictions even in highly noisy settings.
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2.3.5 Hyperparameter choices

We also performed tests to evaluate the sensitivity of our model to various hyperparameter

choices. We detail a few below:

Number of objects: In all prior experiments, we have chosen the number of predicted

SE(3)s (k) apriori with our knowledge of the datasets. To test the sensitivity of our algorithm

to this parameter, we trained our networks setting k to a large number (k = 8 for the Baxter

dataset and k = 6 for the rest). In most cases, we found that the network automatically

segments the scene into the correct number of objects, with the remaining mask channels

assigned to identity. We also saw little to no performance drop in these experiments.

Prediction horizon: To test the robustness of our network to the prediction horizon

(0.15 seconds so far), we tested our networks on two smaller horizons (0.06 & 0.03 seconds).

We saw similar performance for both these cases, with slightly poor results on the smallest

horizon (0.03 seconds) due to difficulty in disambiguating distinct objects from small motions.

Initialization: As mentioned before, we initialize the SE(3) decoder to predict identity

at the start of training. When relaxing this by doing a random initialization, we saw only a

small drop in performance, with an increase in the convergence time.

Rotation representation: We also evaluated the following SE(3) rotation represen-

tations in addition to the 3-parameter Axis-Angle transform used in all our experiments:

1) A 4-parameter quaternion representation where the network predicts 4 values that are

normalized to generate a unit quaternion, 2) A 3-parameter XYZ-Euler angle representation

(in radians), and 3) A 3-parameter stereographic projection of the quaternion rotation repre-

sentation (see [146] for more details). In practice, we found that the Axis-Angle representation

outperformed all other rotation representations; the 4-parameter quaternion representation

was second best and others performed significantly worse across all our experiments.

SE(3) parameterization: We evaluated a variant of the SE(3) parameterization pre-

sented so far wherein we add a pivot point p that captures the center of rotation; the resulting

SE(3) is 9-dimensional, the network predicts the translation, rotation and pivot position.
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With this parameterization, the transform operation in (2.3), now becomes:

yj =
k∑
i=1

mij (Ri(xj − pi) + pi + ti) (2.5)

where pi is the predicted pivot position for the ith transform. Decomposing the transformation

with a pivot allows additional degree of freedoms to specify centers of rotation other than

the camera center (e.g. the center of the object). In practice though, we found that this

parameterization has no advantages compared to the standard 6-parameter SE(3); empirically

they perform about the same.

2.3.6 Results on real data

Finally, we present results from a preliminary evaluation of SE3-Nets on real world data

obtained with the Baxter robot interacting with three objects in a tabletop scene (a cheezeit

box, mustard bottle and pringles can), poking them with a stick attached to it’s end-effector.

At the start of each poking action, we randomly place a single object on the table. Similar

to [5], we choose a random direction to poke in, while keeping the end-effector level and

at a constant orientation. Each poking action lasts around 5-7 seconds during which we

record point clouds from a depth camera mounted on the torso of the robot along with joint

encoder data. As a preliminary effort, we collected 67 poke actions with mostly sliding and

rotational object motion for a total of 7700 examples. We use the DART motion tracker [132]

to generate ground truth data associations for training.

We trained the small SE3-Net and flow networks to predict a frame 0.27 seconds in the

future to allow for large motions. We use the commanded joint angles and velocities as the

control (n = 14). Due to the limited quantity of data, we make a modification to speed up

training: we provide the SE3-Net with the ground truth mask of the robot arm. While this

makes the problem easier, the network still has to segment the object and jointly predict the

arm and the object’s motion.

Fig. 2.7 shows a representative sequence from testing on a held out set of pokes - we

cascade our predictions forward for more than one second. While the errors increase over
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time, our network is able to segment and predict consistent motion for the object and the

arm. In comparison, the flow network performs very poorly (though it does have a harder

problem as the ground truth arm label is not fed to it). Once again, we suggest the reader to

look at the supplementary video on our webpage for more results. Overall, we believe that

this is a strong proof of concept showing: 1) we can easily generate training data needed for

our networks and 2) SE3-Nets are able to learn scene dynamics from limited real world data.

In the future, we plan to collect more data and train larger networks to handle complicated

dynamics such as toppling and falling.

2.4 Discussion and Future Directions

Learning “intuitive” models of the physical world from raw data is a promising alternative to

explicitly designed physics-based models. This is due to the fact that models learned from

data are tightly coupled to perception and thus well suited for closed-loop control. Toward

this long term goal, we introduced SE3-Nets, a deep learning model that predicts changes

in an environment based on applied actions, parameterized as a series of rigid transforms

applied to 3D points in the environment. SE3-Nets selectively learn to focus on parts of the

scene where motion occurs, segmenting the scene into objects and predicting SE(3) motions

for each distinct object. We showed that this separation works well in practice and results in

strong performance on four simulated and one real robot task with multiple rigid bodies in

motion. SE3-Nets are able to generalize across different scenes and produce results that are

very consistent with the observed rigid motion, as compared to traditional flow networks.

There are several promising directions for future work. First, while our experiments

indicate that SE3-Nets can learn predictive models from real data, we are confident that a

larger data collection effort would enable us to train networks that generalize across many

types of objects and scenes. A key area for improvement is in learning data associations,

which we currently provide as part of the training setup. A first step towards this would

be to formulate a loss function based on Iterative Closest Point matching, which is able to

align close-by depth data. Another exciting direction is to use the “No Penalty” version of

https://rse-lab.cs.washington.edu/se3-structured-deep-ctrl/
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SE3-Nets to model non-rigid motion, exploring the use of strong regularization and locality

priors in the masks [116] to improve efficiency and generalization.

A limitation of the current SE3-Net architecture is its inability to integrate information

across time as the model reasons only over single-steps as opposed to sequences of data.

One potential way to add this capability is to extend the SE3-Net architecture to include

recurrent layers (such as LSTM [76], GRU [29]) right after the bottleneck concatenation layer

(denoted CAT in Fig. 2.1) to capture temporal correlations in the data. Initial tests showed us

that using two separate recurrent layers at the start of the mask and SE(3) prediction decoders

worked better than a single recurrent layer at the bottleneck; this allows additional flexibility

to model temporal correlations in mask and SE(3) predictions independently. Exploring

the use of this recurrent multi-step SE3-Net architecture for sequential prediction is an

interesting area of future work.

Finally, we would like to use the learned SE3-Net for control. We address this question in

Chapter 3 where we discuss a potential limitation of the SE3-Net architecture when applied

to the task of visuomotor control. We propose an extension to the SE3-Net architecture

that fixes this problem and present both simulated and real-world results using the proposed

model for fast, real-time visuomotor control.



37

Chapter 3

SE3-POSE-NETS

In the previous chapter, we looked at modeling the visual dynamics of a robot’s environment

based on actions applied by the robot, e.g. pushing an object. Our model, SE3-Nets, reasons

about objects in the environment and their motion, resulting in a structured predictive model

that performs well across multiple scenarios. While predicting the effect of a robot’s actions

is desirable for many reasons (see Chapter 4 for a discussion on this), it is in of its own, not

an end goal in manipulation – instead we would like our robot to be able to execute actions

and behaviors in order to achieve desired goals, such as move its arm to a target configuration

or manipulate objects in its environment.

In this chapter, we focus on this control problem. Specifically, we look at the visuomotor

control setting where we are receiving observations of a scene from a camera and we would

like to control our robot to reach a target, specified as a visual observation (i.e. RGB/D

image). Note that this is a very general formulation of a manipulation problem; for example,

we can specify a task of cleaning with a target image of a cleaned surface, for a block stacking

task we can specify the task by providing the image of the stacked blocks and so on.

Much work has been done in the robotics literature on the visuomotor control problem [39,

160], and also on the related problem of visual servoing [78]. Most of these approaches

decompose this problem into two parts: data-associating the current scene to the target and

modeling the effect of applied actions to changes to the scene, combining these in a tight loop

to servo to the target. Data association is usually handled through the use of features (e.g.

SIFT [106], SURF [16]) or via external tracking systems [132], while the visual predictive

model that models environment dynamics based on applied actions, may be analytically

determined [78], or can be learned directly from data [23, 49].
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Recent work on deep learning has looked at learning visual predictive models directly

in the space of observations, relating changes in pixels or 3D points to the applied actions

[19, 47, 23]. Given a target scene, we can use this predictive model to generate suitable

controls to visually servo to the target using model-predictive control [49, 160]. As described

above though, for this pipeline to work, we need an external system (such as [132, 6] or a

feature matching approach) capable of providing long range data-associations to measure

progress.

As we showed in the previous chapter, instead of reasoning about raw pixels, we can

predict scene dynamics by decomposing the scene into objects and predicting object dynamics

instead (see Sec. 2.2). 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 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 chapter to propose SE3-Pose-Nets, an extension of the

SE3-Net architecture that learns to data-associate across long term sequences and can be

used for efficient visuomotor control. Our network detects parts of the scene by generating a

semantic segmentation mask and models data associations by embedding these parts into

a latent pose embedding that is globally consistent across long sequences. By modeling

dynamics in this latent pose embedding, we can perform efficient control in a low-dimensional

space rather than in the raw observation space. While our approach is general and can be

applied for any manipulation task, in this work we present results on real-time reactive control

of a Baxter manipulator directly from raw depth images.

We make the following contributions:
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Figure 3.1: An example scenario showing the initial (left) and target depth clouds (right).

SE3-Pose-Nets 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.

• 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 [22].

• 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 3.1 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).
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3.1 Related Work

Visual Servoing & Visuomotor control: There have been multiple approaches to the

traditional problem of "visual servoing" over the years [78, 42, 27]. These approaches

decompose this problem into two parts: data-associating the current scene to the target

(usually through the use of pre-specified image features such as SIFT [106], SURF [16] etc.)

and modeling the effect of applied actions to changes to these features, combining these in a

tight loop to servo to the target.

Recently, there has been a renewed interest in this area, primarily due to the advent

of deep learning for learning good feature representations [160, 157, 101, 5, 49, 82]. These

methods can be broadly classed into those that directly regress to controls from visual data

[101], generate controls by planning on learned forward dynamics models [49, 160, 157],

through inverse dynamics models [5] or by reinforcement learning [82, 98]. We look at a few

of these in more detail below:

End-to-End learning: Levine et al. [101] proposed one of the earliest approaches

towards visuomotor control using deep neural networks - an end-to-end policy learning

approach that maps RGB images and proprioceptive information directly to torques applied

to a PR2 robot’s joints. The key idea of the approach was to convert the deep network policy

learning problem into one of supervised learning where the supervisory signal was provided

through a trajectory centric model-based reinforcement learning algorithm – this approach

was termed "Guided Policy Search". By alternating these two algorithms in tandem, the

approach was able to learn complex policies in contact-rich environments directly on the real

robot with minimal supervision. An added advantage of this method was that it needed full

state information during training but could operate with partial information at test time as

the policy could be trained directly on raw images without explicit knowledge of object poses.

The approach was tested on tasks such as cube insertion, screwing a bottle cap, mounting a

hangar etc and showed impressive results while being trained with a fairly small amount of

real-world data. While this approach is general and requires very little domain knowledge, a
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key drawback of such end-to-end learning methods is that they do not generalize well and

have to be explicitly re-trained for every single task. Unlike this method, our approach uses

deep learning for state estimation and forward dynamics prediction and combines tools from

optimal control for generating plans to solve tasks [24] – while this has the drawback of having

to plan at test time, we hope to gain improved generalization performance and robustness to

noise and changes to input conditions.

Planning with forward dynamics models: As opposed to end-to-end policy learning,

there are many approaches towards visuomotor control that learn a forward dynamics model

directly in the observation space followed by the use of optimal control techniques to generate

trajectories to reach the target. Watter et al. [160] proposed Embed to Control (E2C), an

approach that learns a forward dynamics model from images by encoding them (through a

variational auto encoder) to a low-dimensional latent state where the dynamics are assumed

to be locally linear. Both the auto encoder and the locally-linear dynamics model are learned

jointly by minimizing a reconstruction loss (at time t and t+1) and a consistency loss (at t+1)

that measures the mismatch between the latent state embeddings predicted by the dynamics

model and the latent state predicted through the encoder (at t+1). At test time, given a

target image, the trained encoder and locally-linear dynamics model are used together with

the iterative Linear Quadratic Gaussian (iLQG) algorithm [152] to find a sequence of controls

that reach the target in a closed-loop Model Predictive Control (MPC) fashion. Watter

et al. tested their approach on simulated toy problems such as balancing a cartpole and

controlling a 3-DOF arm to reach a target configuration. This method was one of the earliest

to incorporate the structure from the intended optimal control algorithm to learn good state

representations for visuomotor control. Our work [24] borrows some ideas from this paper –

specifically, the idea of learning a latent space for control and the use of a consistency loss to

enforce long-term consistency of the dynamics model predictions. But unlike this work, we use

a structured dynamics model that incorporates 3D geometric priors and object segmentation,

our latent state space is very structured (we interpret them as the poses of objects in the

scene) and we use a loss that measures motion as opposed to a restrictive reconstruction loss.



42

Similar to the E2C approach, Finn et al. [49] proposed an approach that also generates

controls through MPC with learned forward dynamics models. First, they learn an unsu-

pervised recurrent visual predictive model [47] that models the effect of actions on RGB

images. This model takes as input the RGB image and the applied action and predicts a set

of convolutional kernels that parameterize the motion followed by compositing masks that

weigh the effect of the motion kernels. Combining the two results in a prediction of the image

at the next timestep and by feeding this prediction back as input (along with an intermediate

LSTM layer in the network) allows the network to make predictions multiple timesteps into

the future. This model serves as the forward dynamics model which is then combined with a

stochastic optimization algorithm called the Cross Entropy Method (CEM) [129] to find a

sequence of actions that drives the network to the target state. Interestingly, the target could

be specified as an explicit image or by providing pixel targets to points on objects through a

click and drag interface. This method was tested on real-world manipulation tasks where the

robot had to push objects in a bin towards target locations and showed good performance

for mostly planar motion targets. While our approach shares many similarities with this

work such as the use of a visual dynamics model and optimal control for finding the actions

there are a few key differences: our network architecture SE3-Nets are more structured and

interpretable, unlike their approach which controls in the observation space through sampled

actions (at ≈ 5Hz), our controller runs gradient optimization on a learned low-dimensional

pose embedding in real-time (> 30 Hz). Mainly, their approach requires an external tracker

to measure progress when running the controller while we explicitly learn to data-associate

through our latent pose space and have no need for an external tracker.

Inverse Dynamics Models: Another class of approaches for visuomotor control

generate actions by training inverse models which take in a start and goal state and generate

a feasible action that moves the robot towards the goal. Agrawal et al. [5] propose a model

that jointly learns a forward predictive model that predicts the effect of applied actions in

a learned latent embedding and an inverse model that generates the applied action given

the latent embedding of a pair of images separated by that action. The encoder uses a
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siamese architecture to learn the latent embedding followed by fully conntected layers for the

forward and inverse models. This model was trained on real-world data of the robot poking

multiple objects in a tabletop setting. At test time, the inverse model was used to generate

poke actions given a target image and the current image and showed good performance on

manipulating a range of different objects including a few which were unseen during training.

While inverse models have been shown to help regularize representation learning by allowing

the network to focus on task-relevant features, in practice they are hard to train as the action

space can be multi-modal, high-dimensional and continuous.

Data association: The data association problem, also known as correspondence esti-

mation, is a fundamental problem for many computer vision systems. Traditional approaches

to solving data association has relied on matching hand-engineered feature representations

such as SIFT [106], SURF [16], etc. With the advent of machine learning, there has been

significant progress in learning data associations directly from data. Some of the earliest

work in this area focused on learning random decision forests for human and object pose

estimation [20, 138, 145]. Using deep networks this was extended towards learning dense

pixel-wise semantic segmentation labels [105, 67], again with explicit supervision of dense

labels. In contrast to this, recent work has focused on using self-supervision for learning

dense visual descriptors for data association [131, 169, 158, 30], typically through the use

of a contrastive loss on correspondences over short training sequences. In contrast to many

of these approaches, we use correspondences only between pairs of frames to learn a consis-

tent embedding space (i.e. latent poses) that can data-associate across significantly longer

sequences.

Pose estimation: There has also been a lot of recent work on object and camera pose

estimation from RGB/D data using learning methods [122, 86, 20] including approaches that

use structured deep networks [171]. Most, if not all these methods, require explicit pose

supervision and work primarily on a fixed set of objects such as the YCB object dataset

[25]. While our approach does not generalize to unknown objects, we learn a low-dimensional

pose representation purely through self-supervised consistency losses – this resulting pose
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Algorithm 1: A simple gradient-based visuomotor controller

Given: Target point cloud (xT ), Pre-trained dynamics model (hdyn)

Given: Number of optimization iterations N , Step size α

while Error (E) > ε do

Receive current observation: xt

Sample a control: ut

for i = 1 to N do

Predict next state: x̂t+1 = hdyn(xt,ut)

Compute error E between prediction x̂t+1 and target xT

Compute gradient of error w.r.t control: dE
dut

Update control: ut = ut − α dE
dut

end for

Execute final control ut on the robot

end while

space can be used for robust control but does not directly correspond to the canonical pose

of objects in the scene.

The rest of this chapter is organized as follows. We first introduce the visuomotor control

problem and present an initial gradient-based algorithm in Sec. 3.2 that requires access to

privileged information in the form of data associations. To solve this problem, we propose

SE3-Pose-Nets in Sec. 3.3; these networks learn a latent pose embedding which can be

used in a visuomotor control pipeline without explicit data associations. We evaluate SE3-

Pose-Nets in Sec. 3.5, present a discussion in Sec. 3.6 and conclude with a brief summary

of Dynamics-Nets, a recurrent extension of SE3-Pose-Nets in Sec. 3.7.
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3.2 A First Attempt at the Visuomotor Control Problem

Given a target scene, represented as a point cloud xT
1, the visuomotor control problem

involves finding a sequence of controls ut,ut+1, . . . ,uT , applying which we can get the robot

to reach the target scene, from any initial (or current) scene xt. As mentioned earlier, in this

chapter we will focus on the problem of controlling the robot to reach a target configuration

sans any interaction with objects in the scene; many components of our approach are still

applicable in the general setting. Fig. 3.1 shows an example setting of this problem, we would

like to control the Baxter robot to reach the goal scene (right) from the start scene (left).

With this problem definition in place, we now present a reactive, gradient-based solution

to the visuomotor control task, much akin to traditional approaches in visual servoing [78]

(Alg. 1). We assume that a pre-trained dynamics model of the environment hdyn is available;

this model takes in a point cloud x, control u and predicts the resulting outcome of taking

the action as a point cloud x̂. This model could take many forms such as the baseline flow

network or the SE3-Net presented in the previous chapter (Sec. 2.3) and we assume that it

has been trained on data relevant to the control problem.

The control algorithm proceeds as follows: At the start of each outer loop iteration, we get

the latest observation xt. Next, we sample a control action ut – this sampling procedure can

be implemented in many ways but for the purposes of this description we assume sampling

from a zero-mean Gaussian distribution with a standard deviation estimated from the data

used for training the dynamics model. This is followed by an optimization procedure that

refines the control action before it is executed on the robot. We repeat this outer loop until

convergence.

Fig. 3.2 illustrates a single step of the optimization procedure used to refine our initial

control sample ut. First, the current observation xt and control ut are input to the pre-

trained dynamics model hdyn, which predicts the resulting future point cloud x̂t+1. Second,

we compute the error E between the predicted point cloud x̂t+1 and the target xT ; we discuss

1In this chapter, bold fonts denote collections of items
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Figure 3.2: A single step of the inner optimization in the gradient-based visuomotor control

algorithm (see Alg. 1), where the target is specified as a point cloud xT . Given a current

observation xt, we hypothesize a random control ut and use the pre-trained model (yellow

block) to predict the outcome, represented as a point cloud x̂t+1. We can iteratively update

the controls ut by back-propagating the gradients (dotted lines) of the error (red block)

between the prediction x̂t+1 and the target xT ; the resulting control can be applied to the

robot and the process repeated till convergence to the target scene.

how this can be done later. Third, we compute the gradient of this error w.r.t the control ut

that is input to the dynamics model ( dE
dut

). This can be done by back propagating through the

model as done during model training (except we care about the gradients w.r.t the inputs as

opposed to the network parameters). Finally, we take a step in the direction of this gradient

to update the control. This process is repeated for a fixed number of N iterations, resulting

in a control that better minimizes the error between the predicted and target point clouds.

We note that sophisticated gradient-based procedures like L-BFGS [104], Conjugate Gradient

descent [136] etc., or gradient-free sample based methods such as the Cross Entropy Method

[129] can be used in place of the optimization procedure described above to improve the

convergence properties; in spite of this the algorithm presented above is hard to implement,

as we discuss next.
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Figure 3.3: The data association problem. Given a pair of frames, the data association

problem is to find corresponding points/pixels belonging to the same object in both scenes.

In this example, black lines indicate pixels that correspond to the same point on the Baxter

robot in both scenes. Correspondence estimation or data association across large motions is

an open problem in computer vision.

3.2.1 The Data Association Problem

A key assumption in the gradient-based approach presented in Alg. 1 is the availability of

a procedure to compute the error E between a pair of point clouds. A simple error metric

we can consider is to measure the norm of the difference between the point clouds – i.e. the

norm of the pixelwise difference between the 3-channel HxW representation of the point

clouds used by our network. We argue that this error metric is a poor measure of the true

distance between these point clouds as it has no knowledge of the underlying structure of the

scene – as the arm moves directly towards the target configuration this error need not go

down monotonically. The fundamental problem in this, or any error metric directly in the

observation space, is the lack of correspondences between these frames i.e. also known as

the correspondence estimation or data association problem. Fig. 3.3 illustrates this problem.

Given the correspondences (black lines in the figure) we can compute the error E by measuring

the norm of the difference in position between the corresponding points – this error should

monotonically reduce as we get closer to the target and should also result in proper controls
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when used as part of Alg. 1.

Unfortunately, finding correspondences between pairs of frames with arbitrary motion is

hard; data association is an open area of research in computer vision [131, 169]. Traditionally,

this problem has been solved through the use of sparse features [106, 16]. In the context of deep

visuomotor control, optical-flow based trackers have also been used [39]. which have small,

local basins of attraction. In contrast to these methods, learning-based methods have looked

at learning representations for visual servoing and data associations [27, 131, 160], usually

through the use of short-sequences of correspondence labels or unsupervised reconstruction

losses. In much the same way, we propose an extension to SE3-Nets that learns a latent,

globally-consistent pose representation for data association; by measuring error directly in

this learned pose embedding, we present an improvement to Alg. 1 that does not need an

explicit data association system unlike prior work.

3.3 Network Architecture

Our approach to data association free visuomotor control begins by proposing an extension

to the existing SE3-Nets architecture, which we call SE3-Pose-Nets. Our deep dynamics

model SE3-Pose-Nets decomposes the problem of modeling scene dynamics into three sub-

problems: a) modeling scene structure by identifying parts of the scene that move distinctly

and by encoding their latent state as a 6D pose, b) modeling the dynamics of individual parts

under the effect of the applied actions as a change in the latent pose space (parameterized

as an SE(3) transform), and finally c) combining these local pose changes to model the

dynamics of the entire scene. Each sub-problem is modeled by a separate component of the

SE3-Pose-Net:

• Modeling scene structure: An encoder (henc) that decomposes the input point

cloud (x) into a set of K rigid parts, predicting per part a 6D pose (pk, k = 1 . . . K)

and a dense segmentation mask (mk) that highlights points belonging to that part

• Modeling part dynamics: A pose transition network (htrans) that models dynamics
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in the pose space, taking in the current poses (pt) and action (ut) to predict the change

in poses (∆pt)

• Predicting scene dynamics: A transform layer (htfm) that generates the next

point cloud (x̂t+1) given the current point cloud (xt), predicted object masks (mt) and

the predicted pose deltas (∆pt) by explicitly applying 3D rigid body SE(3) transforms

on the input point cloud.

Fig. 3.4 shows the network architecture of the SE3-Pose-Net. Next, we present the details

of the three sub-components and outline a training procedure for training the SE3-Pose-Net

end-to-end with minimal supervision.

3.3.1 Modeling scene structure

Given a 3D point cloud x from an RGBD sensor (represented as a 3-channel H x W image),

the encoder (blue block in Fig. 3.4, top half) segments the scene into distinctly moving

parts (m) and predicts a 6D pose (p) per part:

(p,m) = henc(x) (3.1)

The encoder structure is similar to the SE3-Net architecture (Fig. 2.1); it takes in the

RGB/D image and generates a k-channel object segmentation mask of the scene (Sec. 2.2.2)

along with k 6D poses.

The encoder has three components, the first is a convolutional network that generates a

latent representation of the input point cloud (x). This network has five convolutional layers,

each followed by a max pooling layer. The latent representation is further used as input for

the mask and pose predictions.

Object masks: We use a fully-convolutional network with five de-convolutional layers

and a skip-add architecture (similar to SE3-Nets) to predict a dense pixel-wise segmentation

of the scene into its constituent parts (m). The masks predicted by this network are at full

resolution with K channels (K x H x W), where K is a pre-specified hyper-parameter that is
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Figure 3.4: Top: SE3-Pose-Net architecture consisting of three components: the encoder

(henc, shown in blue) models scene structure (explained in Sec. 3.3.1), the pose transition

net (htrans) models object/part dynamics (Sec. 3.3.2) and the transform layer (htfm) which

transforms point clouds based on the predicted object dynamics (Sec. 3.3.3). Bottom Left:

Schematic showing the training procedure for SE3-Pose-Net (Sec. 3.3.4). Bottom Right:

Procedure for closed loop control using the SE3-Pose-Net (Sec. 3.4). Gradients shown as

dotted lines; initial gradient flows from Pose Error (red block) to predicted poses p̂t+1.
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greater than or equal to the number of moving parts in the scene (including background).

The predicted segmentation mask learns to attend to parts of the scene that move together,

representing areas of the scene that can move independently as different parts. As described

in the previous chapter (Sec. 2.2.2), we formalize mask prediction as soft-classification where

the network outputs a k-length probability distribution which we sharpen to get a binary

segmentation mask.

Object poses: In addition to the predicted segmentation, the SE3-Pose-Netencoder

predicts the 6D poses of each segmented part. Given the encoded latent representation, we use

a three layer fully-connected network to predict the 6D pose pk of each of the K segmented

parts. We represent each pose by 6 numbers: a 3D position (y ∈ R3) and an orientation

(R ∈ SO(3)), represented as a 3-parameter axis-angle vector. As we show later, our pose

network learns to predict consistent poses which can be used to data-associate observations

over long sequences of motions.

At a high level, the encoder implicitly learns the structure of observed scenes by persis-

tently identifying parts, and by predicting consistent poses for parts across multiple scenes.

3.3.2 Modeling part dynamics

Next, we reason about the effect of applied actions on the identified parts. We model this

notion of "part dynamics" through a fully-connected pose transition network that takes

predicted poses from the encoder (p) and applied actions (u) as input to predict the change

in pose (∆p) for all K segmented parts:

∆p = htrans(p,u) (3.2)

where ∆p = [R,T] is represented as an SE(3) transform per part with a rotation Rk ∈ SO(3)

(parameterized as an axis-angle transform) and a translation vector Tk ∈ R3. The transition

network first applies two fully connected layers to both inputs, concatenates their outputs

followed by two final fully-connected layers to predict the pose-deltas. Fig. 3.4 (top half)

shows the architecture of the transition network. As we show later in Sec. 3.4 we rely on
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good predictions of pose-deltas through the pose-transition network for efficient control.

3.3.3 Predicting scene dynamics

Finally, given the predicted segmentation (mt) and change in poses (∆pt), we model the

dynamics of the input scene (xt) due to the applied action (ut). We do this through the

Transform layer (htfm) which applies the predicted rigid rotations (Rt) and translations

(Tt) to the input depth cloud, weighted by the predicted mask probabilities (mt). We predict

the transformed point cloud as:

x̂jt+1 =
K∑
k=1

mkj
t

(
Rk
t x

j
t + T kt

)
(3.3)

where x̂jt+1 is the 3D output corresponding to input point xjt . In effect, we apply the kth

rotation and translation (∆pk = [Rk, T k]) to all points xj that belong to the corresponding

object as indicated by the kth mask channel mk (assuming binary masks) to predict the

transformed points x̂j for that object. Repeating this for all objects gives us the transformed

output point cloud (x̂). Note that this part has no trainable parameters. For more details,

please refer to Sec. 2.2.3 in the previous chapter.

3.3.4 Training

We now outline a procedure to train the SE3-Pose-Net end-to-end, using supervision in

the form of point-wise data associations between a pair of point clouds (xt, xt+1), related by

an action (ut) i.e. for each input point (xit), we know its corresponding point (xit+1) if it is

visible. No other supervision is given for learning the masks, poses, and the change in poses.

Fig. 3.4 (bottom left) shows a schematic of this procedure.

Given two point clouds xt,xt+1, we use the encoder to predict the corresponding masks

and poses:

pt,mt = henc(xt) ; pt+1,mt+1 = henc(xt+1) (3.4)
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Next, the predicted pose (pt) and control (ut) are used as input to the pose transition net

to predict the change in pose from t to t+ 1:

∆pt = htrans(pt,ut) (3.5)

Finally, we predict the next point cloud using the transform layer (3.3):

x̂t+1 = htfm(xt,mt,∆pt) (3.6)

The predicted mask (mt+1) at time t+ 1 is discarded. We use two losses used to train the

entire pipeline end to end:

• A 3D loss (Lx) that penalizes the error between the predicted point cloud (x̂t+1) and

the data associated target point cloud (x̃t+1). We use a normalized version of the

mean-squared error (MSE) that scales based on the target magnitude:

Lx =
1

N

HW∑
i=1

(x̂it+1 − x̃it+1)
2

αf̃ i + β
(3.7)

where (f̃ i = x̃it+1− xit) denotes the ground truth motion for point i relative to the input

point cloud xt, N is the number of points that actually move between t and t+ 1 and

α & β are hyper-parameters (α = 0.5, β = 1e − 3 in all our experiments). This loss

is aimed to tackle two main issues with a standard MSE loss: a) By normalizing the

loss by a separate scalar per dimension (f̃ i) that depends on the target magnitude we

make the loss scale invariant, allowing us to treat equally parts that move less (such

as the end-effector when only the wrist rotates) as those that have large motion (e.g.

the elbow), and b) By dividing the total error by the number of points (N) that move

in the scene, we treat scenes where very few points move equally as those where large

parts move.

• An pose consistency loss (Lp) that encourages consistency between the poses predicted

by the encoder (pt,pt+1) and the change in pose predicted by the pose transition network

(∆pt):
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p̂t+1 = pt ⊕∆pt

Lp =
1

I

I∑
i=1

(p̂it+1 − pit+1)
2 (3.8)

where ⊕ refers to composition in SE(3) pose space, p̂t+1 is the expected pose at t+ 1

from composing the current pose (pt) and the predicted pose change from the transition

model (∆pt) and I is the cardinality of pt. In essence, this loss constrains the encoder

to predict poses that are consistent with the pose-deltas predicted by the transition

model. This loss encourages global consistency in the pose space by enforcing local

consistency over pairs of frames and is crucial for learning a pose space that is consistent

across long term motions.

From an optimization standpoint, this loss can be optimized in two ways: by modifying

the poses (pt,pt+1) to match the predicted change in pose (∆pt) or vice-versa. We note

that our 3D loss (Eq. 3.7) directly provides the right gradient signals for the deltas (∆pt).

Adding in the consistency loss will cause competition between the two loss gradients

which we want to avoid. To avoid this, we ensure that there is no gradient path between

the consistency loss and the predicted deltas during training: the consistency loss only

helps train the encoder poses.

The total loss for training L = Lx + γLp, where γ controls the relative strengths of the

two losses. We set γ = 10 in all our experiments.

A key point to note is that we do not provide any explicit supervision to learn the pose

space. While the consistency loss ensures that the poses are more or less globally consistent,

it does not anchor them to a specific reference frame such as the object’s center and its

principal axes. As such, the poses learned by the network need not correspond directly to

the canonical 6D pose of the parts making direct comparisons to pose estimation networks

hard. Providing more constraints to physically ground the pose space is an interesting area

for future work.
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Algorithm 2: DA-free visuomotor control using SE3-Pose-Nets

Given: Target point cloud (xT ), Pre-trained encoder (henc) & transition model (htrans)

Given: Control magnitude: umax

Compute target pose: pT = henc(xT )

while Pose Error (E) > ε do

Receive current observation (xt)

Predict current pose: pt = henc(xt)

Initialize control to all zeros: ut = 0

Predict change in pose: ∆pt = htrans(pt,ut)

Predict next pose: p̂t+1 = pt ⊕∆pt

Compute pose error: E = 1
I

∑I
i=1(p̂

i
t+1 − piT )2

Compute gradient of error w.r.t. control: g = dE
dUt

Compute control: ut = −umax × g
||g||

Execute control ut on the robot

end while

3.4 Closed-Loop Visuomotor Control using SE3-Pose-Nets

We now show how an SE3-Pose-Net can be used for closed-loop visuomotor control to

reach a target specified as a RGB/D image, essentially performing visual servoing [78]. As

we discussed in Sec. 3.2, a crucial component of every visual servoing system is to perform

data association (DA) between the current and target images, which can then be used to

generate controls that reduce the corresponding offsets. In contrast to Alg. 1 which needs an

explicit external data association system, SE3-Pose-Nets solve this problem by making use

of the learned, low-dimensional latent pose space. By enforcing frame-to-frame consistency in

the pose space through the consistency loss (Eqn. 3.8), the pose space becomes consistent,

that is, our encoder network learns to data-associate observations to unique poses which are

consistent under the effect of actions. Importantly, these data associations are generated at
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the mask, or object level, resulting in an ability akin to object detection in computer vision.

Unlike prior work [48, 23] which is restricted to operate in the observation space, we can now

directly minimize error between the poses p0 and pT , which are automatically extracted from

the initial and the target observations, to recover the sequence of actions that takes the robot

from p0 to pT . Additionally, unlike prior work [48], we do not need an external tracking

system to measure progress toward the goal as our learned encoder implicitly tracks in the

pose space.

3.4.1 Control

Algorithm 2 presents a simple algorithm for reactive control using SE3-Pose-Nets that

efficiently computes a closed-loop sequence of controls that takes the robot from any initial

state x0 to the specified target xT (Fig. 3.4, bottom right). Given a target point cloud,

xT , the algorithm uses the learned encoder to predict the poses of the constituent parts

pT = henc(xT ). This becomes the target to the controller.

At every time step, the algorithm computes the pose embedding pt of the current

observation xt. We would like to find controls that move these poses closer to the target

poses. To do this, the algorithm makes a prediction through the learned pose transition

model using the current poses (pt) and an initial guess for the controls (here we use ut = 0),

resulting in a predicted change in poses (∆pt) and the corresponding predicted next pose

(p̂t+1) 2. We measure the mean-squared error (E) between the predicted poses (p̂t+1) and

the target poses (p̂T ), compute its gradient with respect to the control inputs (g) and use it

to generate the next control. We propose two ways of computing this update:

• Backpropagation: A simple approach to compute the update is to backpropagate the

gradients of the pose error E through the transition model. Via chain rule, we have:

g =
dE

dut
=
dp̂t+1

dut

dE

dp̂t+1

= JT
dE

dp̂t+1

(3.9)

2Even when using a zero control initialization, this forward pass through the network is necessary to get
the correct gradients for the backward pass.
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where
dE

dp̂t+1

is the gradient of the pose error w.r.t the predicted poses and J is the

Jacobian of the transition model w.r.t the input controls (ut). Unlike backpropagation

during training, where we compute gradients w.r.t. the network weights, here we fix the

weights and compute gradients over the input controls. The resulting control scheme is

analogous to the Jacobian Transpose method from inverse kinematics [22].

• Gauss-Newton: A better approach is to compute the Gauss-Newton update:

g = (JTJ + λI)−1JT
dE

dp̂t+1

(3.10)

where J is the Jacobian of the transition model, and dE
dp̂t+1

is the gradient of the pose

error (E) w.r.t the predicted poses p̂t+1. This update conditions the pose error gradient

through the Jacobian’s pseudo-inverse (the jacobian can be computed efficiently by

finite differencing), where λ controls the strength of the conditioning (set to 1e-4 in all

our experiments). In practice, this leads to significantly faster convergence with little to

no additional overhead in computation compared to the backpropagation method as the

Jacobian can be computed efficiently through finite differencing. We do this by running

a single forward propagation with perturbed control inputs (perturbation set to 1e-3)

stacked along the batch dimension to take advantage of GPU parallelism. Eqn. 3.10 is

analogous to the Damped Least Squares technique from inverse kinematics [22] and

traditional visual servoing [78].

Finally, the algorithm computes the unit-vector in the direction of the computed update

and scales this by a pre-specified control magnitude umax (1 radian) to get the next control ut.

We execute this control on the robot and repeat in a closed-loop either until convergence,

measured by reaching a small error in the pose space (E < ε) or a maximum number of

iterations, whichever comes first. Fig. 3.4 (bottom right) illustrates a single iteration of our

visuomotor control algorithm using SE3-Pose-Nets – in contrast to the initial observation

space controller in Alg. 1 and the corresponding optimization procedure in Fig. 3.2, we now
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Figure 3.5: Masks generated by different networks on simulated (top) and real data (bottom,

with additional color input shown). Both SE3-Nets and SE3-Pose-Nets segment the

arm into multiple "physically consistent" parts without any explicit supervision, on both

simulated and real data. Note: Colors are for display only. Predicted mask colors do not

need to match the colors of ground truth masks.

operate in the learned latent pose space and the pose error can be evaluated directly without

the need for an external data association system.

3.5 Evaluation

We first evaluate SE3-Pose-Nets on predicting the dynamics of a scene where a Baxter

robot moves its right arm in front of the RGBD camera, both in simulation and in the real

world. We also present results on control performance where the task is to control the joints

of the Baxter’s right arm to reach a specified target observation.

3.5.1 Task and Data collection

We first provide details on the task setting in simulation. Our simulator uses OpenGL to

render depth images from a camera pointed towards the robot (see Fig. 3.5) and is kinematic

with little to no dynamics in the motion and no depth noise. We use this as a test bed to

parse the effectiveness of the proposed algorithm and compare it to various baselines. We

collected around 800K training images (from a single viewpoint) in the simulator where the

robot moves all joints on its right arm. Around half of the examples are whole arm motions
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where the robot plans a trajectory to reach a target end-effector position sampled randomly in

front of the robot. The remaining motions are perturbations to individual joints from various

initial configurations sampled to be within the viewpoint of the camera. These additional

motions help de-correlate kinematic dependencies, improving performance especially on joints

lower down the kinematic chain.

Additionally, we collected (RGBD) data from the real robot where the Baxter moves its

right arm in front of an ASUS Xtion Pro camera placed around 2.5 meters from the robot.

Data associations, ground truth masks, and ground truth flows are determined via the DART

tracker [132]. We collected around 7 hours of training data on the real robot with a 1:1 mix

of whole arm and single joint motions (specifically of the lower joints of the arm). This data

has some (unintended) variations in the background and minor changes in the camera pose

and lighting. Unlike the simulated data, the depth data in the real world is quite noisy and

there are significant physical and dynamic effects. For both the simulated and real world

settings, our controls are joint velocities (u).

3.5.2 Baselines

We compare against five different baselines:

• SE3-Pose-Nets + Joint Angles: Our proposed network with the robot’s joint

angles given as an extra input to the encoder. This is a strong baseline that uses

significant extra information to inform pose prediction. As we discuss later in Sec. 3.6,

we would ideally combine this state information with visual data when we look at

interacting with objects in the real world.

• SE3-Nets: Prior work from chapter 2 which directly predicts masks and change

in poses given input point clouds and control. As there is no explicit pose space, we

control in the point cloud space with this network (Alg. 1).

• SE3-Nets + Joint Angles: SE3-Nets that additionally take in joint angles as
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inputs.

• Flow Net: Baseline flow model from prior work ([23] and chapter 2). This network

directly regresses to a per-point 3D flow without any SE(3) transforms or masks. Similar

to SE3-Nets we control in point cloud space with this network (Alg. 1).

• Flow Net + Joint Angles: Baseline flow network that additionally takes in joint

angles as input.

All baseline networks are trained on the same data as the SE3-Pose-Nets using the 3D

normalized loss (Lx, Eqn. 3.7).

3.5.3 Training details

We implemented our networks in PyTorch using the RMSprop/ADAM optimizers for training

with a learning rate of 1e-4 (baselines work best with ADAM). All our networks use Batch

Normalization [80] and the PReLU non-linearity [70]. At the start of training, we initialize

the layers predicting the poses and the change in poses to close to identity for the SE3-Pose-

Nets and SE3-Nets and the layer predicting flows to identity for the baseline flow networks.

We set the maximum number of moving objects K = 8 for all our experiments (7 joints

+ background). Each network is trained for 100K iterations, and we use the one with the

least 3D loss (Lx) on a separate validation set for our results. Additionally for the real-world

experiments, we use RGB images as an extra input to the pose-mask encoder (concatenated

with the depth image) for training all networks including baselines.

3.5.4 Results on modeling scene dynamics

First, we present results on the prediction task used for training all networks. Table 3.1

shows the average per-point flow RMSE (cm) across all baselines on both simulated and real

data. SE3-Nets achieve the best results while the baseline flow network performs slightly

worse. Unsurprisingly, networks that have access to the joint angles do better than those
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Setting SE3-Pose-Nets
SE3-Pose-Nets +

SE3-Nets
SE3-Nets +

Flow
Flow +

Joint Angles Joint Angles Joint Angles

Simulated 0.027 0.017 0.022 0.012 0.037 0.021

Real 0.209 0.200 0.182 0.170 0.201 0.193

Table 3.1: Average per-point flow RMSE (cm) across tasks and networks, normalized by

the number of points M with ground truth motion > 1mm. Our network achieves results

comparable/better than baseline networks on simulated data and performs slightly worse on

real data. However, it is also solving additional tasks necessary for control.

which do not, as they have strictly more information that is highly correlated with the sensor

data. To our initial surprise, SE3-Pose-Nets had the largest prediction errors among all

baseline models (on real data). However, this makes sense given the following considerations:

a) SE3-Pose-Nets are trained to explicitly embed the observations in a pose space from

which they predict the scene dynamics, rather than using the input point cloud directly.

While this provides more structure and is necessary for the control task, it also restricts the

prediction to go through an information bottleneck which generally makes training hard. b)

SE3-Pose-Nets additionally have to optimize the consistency loss, which enforces constraints

that are different from those of the prediction problem evaluated in this experiment. As we

show later, while there is a slight drop in prediction performance, SE3-Pose-Nets are able

to learn a consistent pose representation which significantly improves control performance as

compared to the baseline models (3.5.6).

Fig. 3.5 visualizes the masks predicted by SE3-Pose-Nets and the baseline SE3-Neton

an example each from the simulated and real data along with the ground truth masks. Even

without any supervision, SE3-Pose-Nets and SE3-Nets learn a detailed segmentation of

the arm into multiple salient parts, most of which are consistent with ground truth segments

on both the simulated and real data.

Multi-step prediction: We also tested the performance of all networks on multi-step
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Figure 3.6: Multi-step prediction performance showing per-point flow RMSE (in cm) against

the number of rollout steps into the future for different network architectures (without joint

angles). Left: Simulated data, Right: Real data. Shaded regions indicate 95% confidence

bounds. All networks were trained for single-step prediction only.

prediction, where the task is to predict a sequence of future point clouds (x̂1, x̂2, ..., x̂M ) given

an initial point cloud (x0) and a sequence of controls (u0,u1, ...,uM−1). We do this in two

ways:

• Point cloud rollouts: Given the initial point cloud and control (x0,u0), we make a

prediction using the trained single-step model: x̂1 = f(x0,u0). We use this predicted

point cloud (without any re-projection) as the input for the next prediction step:

x̂2 = f(x̂1,u1) and repeat this for all future predictions. This is applicable to all our

networks: SE3-Pose-Nets, SE3-Nets and the baseline flow networks.

• Pose rollouts: As an alternative to rollouts in the observation space, we make use of

the learned low-dimensional pose space in SE3-Pose-Nets for multi-step predictions.

Given the initial point cloud (x0), we first predict the initial pose and mask using the

encoder: p0,m0 = henc(x0). Similar to computing rollouts in point cloud space, we use

the learned pose transition model (htrans) in a sequential manner to predict all future

poses (p̂1, p̂2, ...p̂M) given the predicted initial pose (p0) and the sequence of controls
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(u0,u1, ...,uM−1). Finally, to predict a point cloud at any future step t, we use the

transform layer (3.3): x̂t+1 = htfm(x0,m0, p̂t 	 p0) where p̂t 	 p0 denotes the total

change in pose from the initial pose p0 to the current pose p̂t.

Fig. 3.6 presents multi-step prediction results on both simulated and real data for all networks

(without joint angle inputs). Note that while we evaluate the networks on multi-step prediction

performance all the networks are trained for the single-step prediction task described above.

Overall, SE3-Pose-Nets perform significantly better than baseline models in multi-step

prediction. As expected, error increases as we predict further into the future in an open-loop

manner due to cascading noise and data-distribution mismatch. Flow networks (green)

show the largest increase, followed by SE3-Nets (black) and SE3-Pose-Nets with point

cloud rollouts (red). SE3-Pose-Nets with pose space rollouts (blue) achieve the best

performance with large reductions in error on simulated data and to a lesser extent on real

data. We hypothesize that this benefit comes primarily from our structured pose space where

noise propagates slowly as opposed to the high-dimensional observation space (similar to

results from [28]). This leads us to believe that using Model Predictive Control (MPC) style

approaches (such as iterative LQG [152]) with pose space rollouts should work well for solving

long horizon planning problems which we will investigate further in future work. These results

can be further improved by optimizing our models for multi-step prediction performance

(optionally, with memory), which is also scope for future work. A video showing multi-step

prediction results on simulated data can be found on our webpage.

3.5.5 Pose consistency

We evaluated the consistency of the latent pose embedding learned by SE3-Pose-Nets. We

consider sequences of observations x0,x1, . . . ,xT from our test set, and generate corresponding

pose embeddings p0,p1, . . . ,pT for each step using the pose-mask encoder from our trained

network. We compute the distance to the target pose pT for all poses (i.e. the pose error

in Alg. 2) and plot this against the normalized distance between the corresponding joint

https://rse-lab.cs.washington.edu/se3-structured-deep-ctrl/
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• Loosely equivariant to 
object motion

• Globally consistent: 
• Pose Error vs Joint angle 

Error reduces 
monotonically

• Can be used for data 
association & control

Figure 3.7: Plots evaluating the long-term consistency of the learned pose embedding. Top

row: Error in the learned pose space (y-axis) as a function of the normalized error in the

joint angles (x-axis), for motion along a single joint of the Baxter. Bottom row: Pose error

(y-axis) vs normalized joint angle error (x-axis), for simultaneous motion across all joints

of the Baxter. Errors averaged over 100 sequences and error bars show standard error. In

both rows, the left plot displays the raw, un-normalized MSE between the current and target

poses while the right plot displays errors normalized by the pose error at the start of motion.

The normalized error reduces monotonically as a function of the joint angle error for all joints

(except the end-effector whose motion is hard to distinguish from low-resolution images),

lending strength to its use as the metric for our DA-free visuomotor controller.
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angles and the joint angles of the target configuration qT . Fig. 3.7 presents these results;

the left column plots the raw, un-normalized pose errors while the right column plots the

pose errors normalized by the error at the initial timestep t = 0, which, ideally should be

the largest value in the sequence. Additionally, the plots are separated based on the type

of sequence considered: the top row plots errors from sequences where a single joint of the

robot is actuated and all other joints are fixed while the bottom row presents results from

sequences where all 7 joints of the robot are actuated.

We describe a few key points: 1) Errors in the latent pose space reduce monotonically as

a function of the error in the joint angles, both in the single and multi joint motion settings.

This can be seen on both the plots on the right column of Fig. 3.7; the normalized errors

in the pose space reduce monotonically w.r.t the joint angle error. This result highlights

the consistency of our learned pose space; even when learning only from single step data

associated point clouds the structure underlying SE3-Pose-Nets allows them to learn an

embedding that is globally consistent and can be used as a proxy for joint angle error. 2)

The magnitude of the pose error depends on the joint being actuated (see Fig. 3.7, top left);

as one would expect, joints higher up the kinematic chain (such as the base and elbow joints)

have a larger effect on the underlying pose space than those lower down. 3) The end-effector

usually occupies a tiny fraction of the observed image and small motions of the end-effector

(under its own actuation) are hard to distinguish directly from visual observations. As a

consequence, the learned pose space struggles to model the motion of the end-effector, as

observed by the small magnitude of the pose errors (Fig. 3.7, top left) and the non-monotonic

nature of the normalized pose error (Fig. 3.7, top right) under actuations of the end-effector

(joint-6). Although our pose space struggles to model the end-effector motion well, we believe

that the results so far present compelling evidence that our latent pose embedding is globally

consistent and can be used as a metric for visuomotor control. We test this further in the

next few experiments, where we attempt to control the Baxter robot (sans the end-effector)

solely from visual observations using the procedure outlined in Alg. 2.
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Figure 3.8: Convergence of mean absolute joint angle error (averaged across 11 different exam-

ples, 6 joint control) for simulated Baxter control tasks (left - w/o joint angle input & center

- with joint angle input) and real robot control (right). Dotted lines use backprop gradient

updates (BP), solid lines use Gauss-Newton updates (GN). SE3-Pose-Nets perform as well

or better than baseline methods even though baseline models have additional information in

the form of ground truth-associations. All plots share the y-axis.

3.5.6 Control performance

Next, we test the performance of the networks on controlling the first six joints of the Baxter’s

right arm to reach a target configuration, specified as a point cloud xT . We test both the

gradient update schemes from Sec. 3.4, comparing their performance on a set of 11 distinct

servoing tasks (each with an average initial error of ~25 degrees per joint).

Control with baseline models: As most of our baseline models operate directly in the

observation space (unlike the learned pose space in SE3-Pose-Nets), they require external

data associations to be able to do any control at all. For the simulation experiments, we

provide the baselines with ground-truth associations and use the procedure outlined in Alg. 1

using the MSE between the predicted point cloud x̂t+1 and the data-associated target xT as

the error to be minimized for generating controls. It is important to keep in mind that the

baseline models have an advantage over SE3-Pose-Nets for the control task as they get

strictly more information in the form of ground-truth data associations.

Metric and Task specification: We use the mean absolute error in the joint angles
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as the metric for measuring control performance. We run all models to convergence (based on

the pose error for SE3-Pose-Nets and 3D point/flow error for the baseline models) or for a

maximum of 200/500 iterations (sim/real). We integrate joint velocities forward to generate

position commands both in simulation and the real world.

Simulation results: Fig. 3.8 plots the error in joint angles as a function of the number

of control iterations. The first two plots (from the left) show results in simulation, both

for networks that do not use joint angles (leftmost) and otherwise (middle). In general,

SE3-Pose-Nets achieve excellent performance compared to the baseline models, converging

quickly to an almost zero error even in the absence any external data associations.

We highlight a few key results: 1) For all networks, Gauss-Newton based optimization (GN)

leads to faster convergence than backprop (BP). This is to be expected as Gauss-Newton

conditions the gradient based on pseudo-second order information. 2) Baseline SE3-Net

models perform worse given joint angles than without. This is due to an issue of credit

assignment during gradient computation - the networks learn erroneous causations (when

there are only correlations) between the input joint angles and the predicted flows which

diminishes the control’s contribution to the prediction problem and subsequently affects the

gradient. Additionally, SE3-Nets performance is affected by the lack of a good control

initialization (needed to ensure that they get a good segmentation) - given zero controls

the SE3-Net can choose not to segment the arm at all 3) All models struggle with the

motion of the final wrist joint due to increasing correlations along the kinematic chain that

result in a small contribution of the joint’s own motion to the full movement of the wrist.

SE3-Pose-Nets (and other baselines) do overcome this problem given input joint angles in

a separate experiment, achieving < 1 deg error across all 11 examples when controlling the

entire right arm. This provides encouraging proof that adding in the joint state supplements

information that is hard to parse directly from vision, establishing the case for including

them systematically, and finally 4) Good performance of SE3-Pose-Nets indicate that the

learned pose space is consistent across large motions and can be used for fast, robust, and

reactive control.
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Result Lighting Camera Occlusion Motion

Average Error 3.8 1.4 1.9 2.5

Failures 0/11 1/11 1/11 2/11

Table 3.2: Average final joint angle error (degrees) and number of failures (divergent examples)

out of 11 tasks across different perturbations. SE3-Pose-Nets can still robustly control the

arm in the presence of different types of observation noise. The reported errors are averaged

over non-divergent examples.

Real robot results: We further test the control performance of SE3-Pose-Nets in

the real world (RGBD input) on the same set of configurations. We do not compare to any

baselines as they need an explicit external data association system to be feasible. Fig. 3.8

(right) shows the results - SE3-Pose-Nets converge very quickly to nearly zero error on all

examples indicating that our network can control robustly even in the presence of sensor

noise and unmodeled dynamics. Once again, Gauss-Newton significantly outperforms the

backprop update which fails to converge in the absence of joint angles. Additionally, adding

joint angles does allow us to control the wrist, albeit not as robustly as in simulation. A

video showing real-robot control results can be found on our webpage.

Generalization/Robustness results: Finally, we tested the generalization perfor-

mance and robustness of real-robot control using SE3-Pose-Nets (GN, no joint angles)

to novel perturbations of the scene. We tested control performance across all 11 servoing

tasks for the following four variations: 1) Change in lighting: We considered a low-light

setup, significantly darker than the training set (Fig. 3.9, top left), 2) Varying camera pose:

We considered three variations to the camera pose: moving forward by 10 cm and rotating

by 10 degrees to the left & right (Fig. 3.9, bottom right), 3) Occlusion: We tested three

settings where we added multiple fixed occluders to the robot: cloth attached to the robot

torso only, additionally occluding the base joint and adding occluders to the torso, base

joint and end-effector (Fig. 3.9, bottom left) and finally, 4) Motion: We tested four different

https://rse-lab.cs.washington.edu/se3-structured-deep-ctrl/
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Figure 3.9: Examples of different generalization tests, unseen during training. Clockwise from

top left: 1) Low light setting, 2) Motion in the background (person on the chair moves), 3)

Fixed distractor(s) in the foreground (white towels on the robot) and 4) Change in camera

pose (rotated ∼10 degrees to the right). SE3-Pose-Nets are robust to these changes,

achieving good control performance on a majority of our tests with these perturbations.
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settings with moving distractors (people, books) in the foreground (in front of the robot) and

background Fig. 3.9, top right).

Table 3.2 summarizes the control results under perturbations. In general, SE3-Pose-Nets

can control robustly even in the presence of scene changes, achieving low joint angle error at

the end of the control optimization. There is a caveat though: we observed divergent behavior

for joints lower down in the kinematic chain (primarily joints 5,6) for 1-2 servoing examples

under some perturbations (Table 3.2, last row). While improvements in robustness and a

more thorough evaluation (also in simulation) are necessary, we believe that these results

serve as a good proof of concept of the strengths of SE3-Pose-Nets; the structure inherent

in our networks allow them to be robust to noise in the inputs. Also, these results highlight

some of the advantages of learning methods as opposed to more traditional model-based

tracking methods (such as DART [132]) which need significant additional work to handle

such variations. A video showing real-robot control (with and without scene variations) can

be found on our webpage.

Speed: SE3-Pose-Nets optimize errors directly in the low-dimensional pose space for

control. This leads to significant speedups: while both the flow and SE3-Nets can operate at

around 10Hz (excluding data association), SE3-Pose-Nets run in real-time (30Hz) including

pose detection.

3.6 Discussion and Future Directions

In this chapter we presented SE3-Pose-Nets, a framework for learning predictive models

that enable control of objects in a scene. In the context of control of a robot manipulator, we

showed how to solve this problem by learning a predictive model for the individual parts of

the manipulator, along the lines of previous work (Chapter 2). Additionally, SE3-Pose-Nets

learn a consistent pose space for these parts, essentially learning to detect the 6D poses of

manipulator parts in the raw depth images. This detection capability enables SE3-Pose-

Nets to solve the data association problem that is crucial for relating the current observation

of the manipulator to a desired target observation. The difference between these poses can be

https://rse-lab.cs.washington.edu/se3-structured-deep-ctrl/
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used to generate control signals to move the manipulator to its target pose, similar to visual

servoing applied to an image of the manipulator. We also showed how the learned network

can be used to determine the gradients needed for the control signals. Our experiments

show that SE3-Pose-Nets generate control superior to representations learned by previous

techniques, even when these are provided with external data associations. Furthermore,

in addition to providing data associations, SE3-Pose-Nets allow us to compute controls

directly in the low dimensional pose space, enabling far more efficient control than techniques

that operate in the raw perception space. Additionally, control using SE3-Pose-Nets is

robust to some perturbations to imaging conditions. Crucially, all these abilities are learned

in a single framework based on raw data traces solely annotated with frame-to-frame point

cloud correspondences.

Overall, the control performance shown by our SE3-Pose-Nets is extremely encouraging

and provides strong evidence that such networks can learn a consistent pose space that

provides long-range correspondences for fast reactive control. While this provides reason to

rejoice, there are multiple areas for improvement:

• As shown in the generalization results, SE3-Pose-Nets can exhibit non-convergent

behavior under some perturbations - this is primarily for joints lower down the kinematic

chain (joints 5–7) whose observed motions are significantly correlated to the motions

of the joints higher up in the kinematic chain. Additionally, all networks struggle to

control the end-effector without access to joint angle information (which also has poor

visibility on depth images). There are potentially multiple ways to tackle this problem,

including curriculum and active learning, and through the use of domain randomization

[149] techniques to facilitate sim-to-real transfer and generalization to novel scenarios.

Another way to handle the dynamics of kinematic chains could be to explicitly structure

our networks to learn the relationships between the joints, similar to ideas proposed in

recent work [172].

• The poses learned by SE3-Pose-Nets are globally consistent, but are not grounded to
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the physical objects in the world, i.e. their positions do not correspond to the object

centers and their orientations are not aligned with the principal axes. There are multiple

ways the network can be structured to allow for this grounding; for example, we can

constrain the predicted pose centers (or alternatively, the center of rotation) to be near

the median point of the segmented objects in a given observation. Leveraging such

priors to better model the dynamics of the physical world is a promising avenue for

future research.

• The dynamics predicted by SE3-Pose-Nets, especially in the multi-step open loop

prediction setting, need not be entirely physically consistent. For example, different

links of the arm can self-collide, extend beyond joint limits or even split into pieces as

there is no explicit constraint that restricts the occurrence of such behavior (except

the statistics of the training data), unlike in the real world. On the other hand, these

physical constraints can also be exploited to provide interesting self-supervision for

training data for our networks; figuring out which constraints are relevant (e.g., contact,

self-collision, joint limits) and ways to use them to streamline training is a promising

area for future work.

• SE3-Pose-Nets predict rotations close to identity, choosing to encode rotations in

terms of translations by stretching the latent pose embedding space. This is because

rotations are non-linear and locally resemble translations; SE3-Pose-Nets are trained

on single-step prediction tasks where the non-linearity of the rotation is not easily

reflected in the observed scene flows. One potential way to correct this is to train SE3-

Pose-Nets on multi-step sequences (with supervised data association labels) which

can help de-correlate the effects of translation and rotation. We did some preliminary

work along this direction; our architecture Dynamics-Nets which we briefly present at

the end of this chapter (Sec. 3.7), operates on sequences of observations from dynamic

tasks, predicting positions and rotations that are highly consistent with ground truth

data, without explicit supervision.
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• SE3-Pose-Nets are limited to modelling kinematic motion of systems of rigid bodies as

the pose-mask encoder takes in a single image observation to predict a pose; higher level

dynamics such as velocities, accelerations and other information obtained potentially

through integrating temporal information are currently omitted. A key area for future

work is to extend our architecture to handle truly dynamic settings; as mentioned

before, we have seen encouraging initial results with our Dynamics-Nets architecture

(see Sec. 3.7) which can model the dynamics of complex under actuated 2D systems

such as the cartpole and a 2-link manipulator. Dynamics-Nets take advantage of

multi-step data associations, a recurrent, highly structured dynamics model [160] and

finite-differenced velocity estimates [82] to learn a pose space that is highly correlated

with the true pose space of relevant objects. When combined with model predictive

controllers such as Model-Predictive Path Integral control (MPPI) [167], Dynamics-

Nets achieve good control performance, even on highly dynamic under actuated tasks.

For a brief discussion on the architecture of Dynamics-Nets please refer to the end

of the chapter (Sec. 3.7).

• As described above, SE3-Pose-Nets detect objects in the scene, predicting a globally

consistent pose for each relevant object; such detection systems struggle to model unseen

and novel objects as the network internally has no reference to compare the novel object

to, thereby making the detection and assignment problem hard. In concurrent work [99],

we looked at a reformulation of the detection problem to instead tracking relative

poses of objects between pairs of temporally close frames in a video sequence. This

reformulation allows us to focus the attention on differences between pairs of frames

which in turn generalizes well to unseen objects. Our proposed architecture, Motion-

Nets, has a separate network each for predicting segmentation, rotation and translation

between pairs of frames, which are cropped to center around the object of interest. By

considering pairs of frames and looking at relative predictions, the system can easily

generalize to unseen, novel objects; as we show in Leeb et al. [99] this architecture
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can also be used for long-range visuomotor control of arbitrary unknown objects in

simulated environments. We refer the reader to Leeb et al. [99] for a detailed discussion

of the approach and results.

• A potential limitation of the current visuomotor control approach is the specification of

the target/goal as an image. This is a chicken-and-egg problem as in order to get an

image of the goal we need to have reached the corresponding scene, which amounts to

already solving the task. An alternative approach is to specify the goal through the use

of natural language commands, which can then be translated to images or latent space

embeddings for visuomotor control. We encourage the reader to look at our work in

collaboration with Paxton et al. [123], where we propose a joint learning system that

tackles the task of stacking blocks in simulation from natural language commands.

• Finally, a key area for future work is in extending our system to interact with and

manipulate external objects, as opposed to visual servoing of a manipulator. Several

key challenges need to be tackled to achieve this: 1) Most object interaction tasks such

as grasping, lifting and stacking require multi-step planning; local control algorithms

such as the one described in Alg. 2 are susceptible to local optima and would most likely

fail on such long-horizon tasks. 2) SE3-Pose-Nets and even the earlier SE3-Nets

rely on the availability of a pre-collected training set of relevant data; while this is

relatively easier when controlling just the manipulator, it becomes much harder when

interacting with objects. For example, trackers like DART [132], used in our approach

for generating supervision, can struggle in the presence of interactions & occlusions and

setting up a manipulation system to generate useful data for tasks like stacking can

involve significant work. This makes it hard to extend such approaches to complicated

real world tasks. 3) Lastly, even when there is adequate data available, closed-loop

control with a pre-trained model may not succeed due to data distribution mismatch,

i.e. covariate shift [128]. This necessitates the need to generate on-policy samples which

can then be used to further improve the model, in a self-reinforcing loop.
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As an alternative to this supervised learning setup, we explore the use of reinforcement

learning for learning manipulation tasks. Recently, reinforcement learning (RL) has

been shown to be successful on many challenging control problems [37, 90], leading

to state of the art results even when learning directly from images [112, 103, 83, 126].

RL approaches can learn from scratch by collecting experience on-policy and can also

represent complex closed-loop policies through the use of neural networks. In the

next chapter (Chapter 4), we explore integrating deep visual predictive models (albeit

unstructured unlike SE3-Pose-Nets) with model-free RL approaches, showing robust

performance on learning long-horizon manipulation tasks like stacking, both from

scratch and in transfer settings.

Before concluding this chapter, we briefly discuss one extension to the SE3-Pose-Net

architecture, the Dynamics-Net, which extends the capability of our network to handle

dynamic tasks. This work was done in collaboration with an undergrad whom I advised –

Felix Leeb.

3.7 Dynamics-Nets

As discussed earlier, the SE3-Net and SE3-Pose-Net architectures are limited by their

single-step predictive nature; while SE3-Pose-Nets can handle multi-step rollouts via the

learned latent pose space, it is not sufficient for handling dynamic settings, where higher

order information such as velocity may be needed. To overcome this limitation, we propose

Dynamics-Nets, a recurrent, multi-step extension to the SE3-Pose-Net architecture for

handling dynamic tasks.

3.7.1 Architecture and Training

Figure. 3.10 shows the architecture of Dynamics-Nets. We state a few key points:

• Similar to SE3-Pose-Nets, the network has three components: 1) a pose-mask encoder

that predicts k-object masks m and their corresponding object poses p given the input
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Figure 3.10: Outline of the network architecture of Dynamics-Nets. Similar to SE3-Pose-

Nets, we use a pose-mask encoder which predicts the pose of all objects in the scene p

and their corresponding segmentation masks m. These poses along with the controls u are

fed into the pose transition network. We show two different transition networks: 1) The

feed-forward Linear model (top-right), takes in the state st which consists of the pose pt and

a finite-differenced delta pose vt along with the control to predict the next pose pt+1. 2) The

Recurrent transition model (bottom-right) takes in the pose pt and the control to predict

the next pose pt+1. This network has a recurrent layer (GRU) which allows it to integrate

temporal information across sequences of input observations. Similar to SE3-Pose-Nets,

these networks are trained via next scene prediction using supervised data-associations and

the consistency loss, albeit across sequences. The blue layers are convolutional, red are

deconvolutional, yellow are fully-connected, and the grey is recurrent.
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observation, 2) a transition model that operates in the latent pose space that takes in

a pose p and an action u to predict the next pose pt+1, or a pair of poses (pt,pt−1)

(which can be finite differenced to generate a velocity estimate vt = pt−pt−1

α
) and an

action u to predict the next pose and 3) an SE(3) transform layer (see Sec. 3.3.3 for

more details).

• Unlike SE3-Pose-Nets, we train Dynamics-Nets on sequences of observations, also

predicting a sequence of future observations. This training allows us to: 1) Handle

dynamic scenes such as those with interactions that cannot be predicted with information

from a single frame alone, 2) Train a significantly more consistent pose space that is

physically correlated with the real pose space, and can predict much better rotation

estimates (as can be seen in Sec. 3.7.2), and 3) Combine the resulting model with

long-range planner that can generate controls even for highly dynamic environments.

• We use the flow loss and the pose consistency loss from SE3-Pose-Nets (see Sec. 3.3.4)

to train Dynamics-Nets. Unlike SE3-Pose-Netsthough, we take in a sequence of

input observations and controls and make open-loop multi-step future predictions – we

compute the loss at each of these future predictions and backpropagate the gradients

through time to train our model parameters.

• We experiment with two different transition models:

Linear: This model (see Fig. 3.10, top-right) takes as input a pair of poses (pt,pt−1)

and computes a state estimate st := (pt,vt) where the velocity vt is estimated via

finite differencing. It uses this state estimate st and the input control ut to predict

an acceleration which is linear with respect to the control, and then integrates that,

together with some offsets to compute the next position and velocity. Instead of directly

predicting these though, the model estimates the parameters ŵt,~̂bt, ~̂ot which are used
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Figure 3.11: Left: Snapshot of the cartpole environment. Right: The learned mask output by

the pose encoder for the snapshot on the left, where each channel corresponds to one mask.

Even though the motion of the cart and pole are highly correlated, the encoder is able to

differentiate the objects, albeit with some slight overlap near the joint.

in the following way:

ŵt,~̂bt, ~̂ot = hlin(st)

ât+1 = ŵt ∗ ut + ~̂bt

v̂t+1 = vt + αât+1

p̂t+1 = pt + αv̂t+1 + ~̂ot (3.11)

Recurrent: A recurrent transition model (see Fig. 3.10, bottom-right) that takes

in a pose pt and control ut to directly generate the next pose. Unlike the transition

model in SE3-Pose-Nets, this network has a recurrent layer (GRU) which allows it to

integrate information temporally – using the sequence based training mentioned earlier

we can implicitly capture information such as velocity and acceleration that can help

us make better predictions for dynamic settings.
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Figure 3.12: Plot showing the dimensions in the pose space corresponding to the predicted

pole X and Y position as the ground truth pole angle is varied (left), and the predicted cart

X position while varying the ground truth cart X position. As can be seen, the learned pose

space is very consistent with the true positions of the cart and pole.

Model # of Rollouts Length Av. Loss Speed (Hz)

Linear 20000 8 0.37 36

Recurrent 20000 8 0.43 11

Ground Truth 50 20 -0.58 4

Table 3.3: Comparison of the control performance using MPPI [167] with both the transition

models. All hyper parameters in MPPI are the same for the linear and recurrent models.

Although neither of our transition models can match the ground truth model, there is a

significant speed up in control when using a neural network as opposed to the simulator,

especially for the linear model.
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3.7.2 Experimental Results

We apply Dynamics-Nets to model the well-known 2D cartpole task, which has very

dynamic interactions. We used the Mujoco [151] simulation environment to simulate the task,

with a timestep of 0.02 seconds. Our observations are RGBD images of 320 x 240 resolution.

We use a dataset of approximately 25000 samples where each sample is a short sequence

generated by sampling a random initial state and applying random actions to train our model

– we also added a few samples showing the cart being balanced. We set the number of objects

k = 3 and train across multi-step sequences as discussed earlier. We present a few key results:

• Similar to SE3-Pose-Nets, Dynamics-Nets can segment the objects in the scene

extremely well, even without direct supervision on the segmentation (see Fig. 3.11 for

an example).

• Interestingly, the pose space predicted by Dynamics-Nets is highly correlated with

the true pose space, as can be evidenced by the results from Fig. 3.12 which plots parts

of the learned pose space as a function of the cart’s motion. Dynamics-Nets can

learn good rotation estimates (Fig. 3.12, left) even when not given explicit supervision –

this is mainly possible due to the multi-step training of these networks. Similarly, the

learned positions are also well correlated with the true observed motions (Fig. 3.12,

right).

• We also tested the performance of Dynamics-Nets when combined with a sample-based

forward planning algorithm – Model-Predictive Path Integral Control (MPPI) [167].

Similar to SE3-Pose-Nets we used latent space losses for the optimization – the task

is to balance the pole vertically. Unlike SE3-Pose-Nets we used multi-step trajectory

optimization with multiple rollouts, all executed in parallel, for the optimization.

Table. 3.3 presents these results where “Ground Truth" indicates using the Mujoco

simulator as the model. In general, both our models succeed in lifting the pole with

varying degrees of success when balancing – this is especially sensitive when the cart
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hits the ends of the rail where prediction error can be high. While our approach is not

as robust compared to MPPI with the true simulator, it is significantly faster – MPPI

with the linear model is 9x faster with little loss in performance.

Overall, we have seen very encouraging initial results with Dynamics-Nets: they can be used

for controlling complex dynamical systems such as the cartpole directly from raw observations.

There are a few interesting questions and areas for future work: 1) Extending the paradigm

to 3D manipulation tasks such as the ones explored earlier in the chapter, 2) Reducing data

needs and removing dependence on data-association supervision for training, 3) Exploring

the use of other model-based optimizers such as iLQG [152], and 4) Investigating additional

priors and structure to robustify learning.
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Part II

MODELS IN REINFORCEMENT LEARNING
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Chapter 4

IMAGINED VALUE GRADIENTS1

The last decade has seen significant progress in reinforcement learning techniques. The field

has matured from primarily solving problems with short temporal horizons or low-dimensional

policy representations to a state where RL can now solve challenging simulated motor control

problems [72, 120] or games [139, 156], in many cases directly from high-dimensional inputs

such as images [112, 83, 41]. In particular, significant advancements have been made in

off-policy model-free algorithms suitable for high-dimensional continuous action spaces and

motor control tasks [103, 73, 3]. These have improved in robustness and data-efficiency to

an extent that it is now becoming possible to solve non-trivial contact-rich tasks directly on

robotics hardware [2, 64, 181, 84].

Model-free techniques directly learn a policy mapping states to actions (and value func-

tion mapping states to expected rewards) from environment interactions. Their simplicity,

generality and versatility has been a major factor behind their recent successes. At the same

time, these techniques do not entirely satisfy the basic intuition that a learning agent should

be able to acquire approximate knowledge of the dynamics of its environment, i.e. a model,

in a task-independent manner. Such a model would then be transferable to new tasks in the

same domain in a more effectively way than task-specific objects such as policies. It is this

intuition and, more practically speaking, the desire to further improve on the sample-efficiency

and transferability of model-free solutions that has driven much of the recent research in

model-based RL.

A growing body of literature is concerned with learning dynamics models for physical

control problems [36, 40], including approaches that learn latent models from images [160, 65,

1WORK DONE DURING AN INTERNSHIP AT GOOGLE DEEPMIND.
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178]. Although it has has been possible to achieve data efficient control in some cases [36, 101],

more generally, model-based methods have not yet been able to achieve the same robustness

and versatility as model-free techniques, especially in the presence of model inaccuracies and

long planning horizons. There has also been work combining learned dynamic models with

policy learning [144, 63, 163, 44, 162], however, in such cases the advantages over purely

model-free techniques can be less clear.

As we discussed in chapter 1, this dichotomy between the flexibility of model-free methods

and the structure and potential transferability of model-based approaches is similar to the

bias-variance tradeoff in machine learning. In this work, we explore combining these two

paradigms by explicitly learning the dynamics of the environment, i.e. a model, in addition to

stable learning of a stochastic parametric policy and value function as is common in modern

model-free reinforcement learning. We build on the idea of Stochastic Value Gradients (SVG)

[73] which provide a way of computing low-variance policy gradients by directly differentiating

a model-based value function. We extend this work in two ways: Firstly, since the true

low-dimensional system state is not directly observed, we develop a latent state space model

that allows us to reliably predict expected future reward and value as a function of the

current policy and is suitable for domains with high-dimensional observation spaces such as

images. Secondly, rather than using the model only for credit assignment along observed

trajectories we use the model directly to produce “imagined” rollouts and show that stable

policy optimization can still be achieved in this setting.

Unlike the previous chapter where we considered controlling the manipulator, we apply

our algorithm to several challenging long-horizon vision-based object manipulation tasks

(e.g. lifting and stacking) in simulation and demonstrate the following: (a) Our combined

approach is as robust and achieves the same asymptotic performance as competitive model-free

baselines; (b) in several cases it also significantly improves data-efficiency. (c) Our approach

can effectively transfer the learned model to novel tasks with different reward distributions

or visual distractors, leading to a dramatic gain in data-efficiency in such settings. (d) Our

approach is particularly effective in a multi-task setup where the models learned on multiple
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tasks learn faster and generalize better to new tasks, successfully solving problems that cannot

be learned in isolation. We believe that our work presents a structured way to combine

model-based reasoning with learning complex interaction policies from raw data, potentially

paving the way for a general hybrid approach to solving robot manipulation.

4.1 Related Work

Model-free RL: Model-free Reinforcement learning (RL) has recently seen tremendous

success on challenging problems [37, 90], achieving human level performance in Atari and

Starcraft games [112, 156], beating the world champion at Go [139], and generating state

of the art results in non-linear control and manipulation tasks in contact-rich environments

[103, 133, 3, 126]. With recent advances in deep learning [94], these methods can now scale to

high-dimensional state and observation spaces [112, 126, 3], often representing policies, value,

Q-value and reward functions as large neural networks with potentially millions of parameters.

In spite of these advancements, several key challenges exist that limit their applicability to

general real world robotics tasks. First, model-free RL requires large amounts of data to

learn, leading to poor data efficiency. Second, model-free methods transfer poorly; the learned

policies, value and reward functions are task-specific and cannot be used to quickly transfer,

even across related tasks.

Model-based RL: On the other end of the spectrum, model-based methods learn a

model of the environment and use a planner to generate actions. One of the recent successes

in this area is work by Deisenroth et al. [36] which learned uncertainty aware policies using

Gaussian-Process models and showed impressive data efficiency on multiple low-dimensional

tasks. Using deep neural networks, model based RL has been extended to vision-based

problems such as Atari games [83] and complex manipulation tasks with rich contact dynamics

[101, 40]. Further work has also looked at learning vision-based latent representations for

RL [160, 157, 178, 161, 65]; finding that learned low-dimensional representations can provide

good, task-specific, feature spaces in which learning and planning can proceed significantly

faster compared to learning directly from images. A major drawback of these methods,



86

though, is their reliance on the model to generate accurate predictions of the future; in the

presence of model approximations and inaccuracies these methods tend to perform poorly.

Additionally, many of these methods rely on a forward planning algorithm (e.g. iLQR [152],

CEM [129]) to generate policies; planning can be difficult for long-horizon tasks and in sparse

reward settings.

Model-free + Model-based: Several papers have focused on combining the strengths of

model-free and model-based RL. The work on Dyna [144] was among the first. It integrates an

action model and model-based imagined rollouts with policy learning, interleaving planning,

learning and execution in a tight loop, albeit applied only to toy RL problems. Recent

work has further explored combining these paradigms through the use of imagined rollouts

generated with learned models for accelerating learning of model-free policies [63, 163] – or

indirectly speeding up learning via model-based value estimates [44, 21]. These approaches

propose different means to handle model approximation errors, such as using short rollouts

to avoid cascading model errors [44], uncertainty estimation through model ensembles [21]

and using the rollouts as policy conditioning variables only [163]. Contrasting these methods,

Stochastic Value Gradients (SVG) [73] re-evaluates rollouts with a learned model from off-

policy data, accelerating learning through value gradients back-propagated through time via

a learned model. In this work, we extend SVG to use imagined rollouts in latent spaces,

accounting for model approximation errors via gradient averaging.

There has also been work on combining latent space models and model-free RL. DeepMDP

[58], MERLIN [162], CRAR [55] and VPN [119] combine representation learning with policy

optimization via auxiliary losses such as observation reconstruction [162], predicting the next

latent state [58] or future values [119]. Along these lines, we learn a latent representation

that can be used for predicting (expected) future latent states, observations, rewards and

values conditioned on the observed actions.

Transfer: A major argument in support of model-based RL is the potential of the learned

model to transfer across tasks in the same environment. Sutton et al. [144] discuss early

examples of this type of transfer on simple problems. Recently, Francois et al. [55] showed
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encouraging results with a vision-based RL agent on 2D labyrinth tasks. Nagabandi et al.

[114, 115] meta-learn predictive dynamics models to enable a model-based agent to rapidly

adapt to changes in its environment. Other work on transfer in RL has focused on learning

reusable skills e.g. in the form of embedding spaces [68, 53, 148], successor representations

[13], transferable priors [57] or meta-policies [45, 32]. As they learn “behaviors” rather than

dynamics models, they are in a sense orthogonal and complementary to the ideas presented

in this work.

The rest of this chapter is organized as follows. We first present some background in

Sec. 4.2 followed by our approach, which is split into two parts: we discuss learning the model,

value and reward functions in Sec. 4.3 followed by the policy learning in Sec. 4.4. We then

present our experimental results in Sec. 4.6 and conclude with a discussion in Sec. 4.7.

4.2 Background

We are interested in solving motor control problems such as robotic manipulation tasks

from vision. This setup can be formalized as a partially observed Markov decision process

(a POMDP) with observation ot ∈ RNO , states st ∈ RNS , actions at ∈ RNA transition

probabilities p(st+1|st, at), and reward function rt = r(st, at). Let τ≤t = (o1:t, a1:t−1) be the

sequence of observations and actions in a trajectory up to decision point t. The optimal

policy and the value function at time step t in this setting are a function of the posterior of

the system state p(st|τ≤t) given the interaction history. However, this posterior is usually

intractable and many reinforcement learning approaches resort, instead, to directly optimizing

a parametric policy that is a function of the history τ≤t, i.e. they consider policies of the form

π(at|τ≤t). Thus, they aim to maximize the sum of discounted rewards:

J(θ) = Epπ(st:T ,at:T ,ot+1:T |τ≤t)

[
T∑
t=0

γtrt

]
(4.1)
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with discount factor γ ∈ [0, 1), where the trajectory distribution is assumed to decompose

into transition and action probabilities as

pπ(st:T , at:T ,ot+1:T |τ≤t) = p(st|τ≤t)
T−1∏
t′≥t

π(at
′ |τ≤t′)p(st

′+1|st′ , at′)p(ot′+1|st′+1). (4.2)

From this, we can also also define the value function of an observed trajectory as

V π(τ≤t) = Epπ(st:T ,at:T ,ot+1:T |τ≤t)

[
T∑
k=t

γk−trt

]
, (4.3)

where, below, we consider the common infinite horizon case; limT→∞.

4.3 A Predictive Model of Observations and Rewards

Naively, a model-based evaluation of 4.3 would require an accurate predictive model of future

observations and rewards given a a partial trajectory τ≤t. Especially in high-dimensional

observation spaces such a model can be difficult to learn. Instead we consider an approximate

model suitable for partially observed domains with limited stochasticity. We develop a latent

state-space model whose latent state at time step t is optimized to represent a sufficient

statistic of the interaction history τ≤t. The model is trained to predict expectations of future

observations and reward by approximately modeling the evolution of the summary statistic

via a deterministic transition model.

We express the policy as a function of the latent state and the model allows us to construct

a surrogate model Ṽ that expresses the value V π(τ≤t) as a recursive function of the policy, the

deterministic transition function, and a learned approximation to the reward. This surrogate

model can be used to compute approximate policy gradients.

More specifically, we let

ht = fenc(o
1:t;φ)

be a deterministic mapping (with parameters φ) extracting a summary statistic from a history
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of observations2; and we let

ht+1 , ftrans(h
t, at;φ)

denote a latent transition function. The assumption that the latent dynamics are well

described by a deterministic transition function is our primary simplification. We further

define the approximate reward function based on latent states as r̂(ht, at;φ). Finally, we

denote with πθ(a|h) a stochastic policy, parameterized by θ.

Using these definitions we construct an approximation of the expectation in Eqn. 4.3 as

V π(τ≤t) ≈ Ṽ π(ht) = Eπθ

[
∞∑
k=t

γk−tr̂k|ht = h

]
(4.4)

or, written recursively:

V π(τ≤t) ≈ Ṽ π(ht) =

∫ [
r̂(ht, a;φ) + γṼ π(ht+1)

∣∣ht+1 = ftrans(h
t, a;φ)

]
πθ(a|ht)da, (4.5)

where the initial latent state is given as ht = fenc(o
1:t;φ) and we have used the fact that the

transition dynamics is assumed to be deterministic, i.e.: h′ , ht+1 = ftrans(h
t, a).

In the following we will describe our approach in two steps: We first describe how to learn

the predictive model for fenc, ftrans, r̂, and thus Ṽ in Sec. 4.3.1. We then explain in Sec. 4.4

how the model can be used to optimize the policy.

4.3.1 Model Learning

We need to estimate all quantities comprising Equation 4.5; i.e., we need to estimate the

following parametric functions (for brevity we use a single set of parameters φ for all model

parameters):

Encode fenc(o1:t;φ) = ht ≈ Ep(s|o1:t)[s
t] Transition ftrans(h

t, a;φ) = ht+1

Decode fdec(ht;φ) ≈ Ep(o|st,τ≤t)[ot] Value V̂ π(ht;φ) ≈ V π(τ≤t)

Reward r̂(ht, at) = r̂(ht, at;φ) ≈ Ep(st|τ≤t,at)[r(st, at)]

2We drop the dependency on actions here and in the following, assuming that the state s is retrievable
from a history of observations only.
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We briefly describe each of these models below, but defer to Sec. 4.5 for a detailed discussion

on their architecture and implementation details:

• The Encoder maps a history of observations o1:t to a summary statistic or an abstract,

unstructured latent state representation ht, via a recurrent neural network. Recurrence

allows us to handle partially observable settings (eg: occlusion). Note that while this

model is not structured similar to prior work (SE3-Nets, SE3-Pose-Nets), much

of that work is complementary and can be integrated with this approach for further

improvements in performance and generalization. We discuss this further in Sec. 4.7.

• The Transition function predicts the next latent state ht+1 given the current state ht

and action a, evolving dynamics in the low-dimensional latent space.

• The Decoder maps the latent ht back to an expected observation ot and is primarily

used as self-supervision for training the encoder [162].

• The Value function, predicts the sum of expected rewards (the value) as a function of

a latent ht.

• Lastly, the Reward function predicts the immediate, expected reward for a given latent

state-action pair.

For the model-based value function Ṽ in Eqn. 4.5 to form a good approximation of the

true value V π (and its gradient) we train the model components on trajectories collected

while interacting with the environment. The main approximation of our approach is the

assumption that the evolution of the latent state is well modeled by a deterministic transition

function. In partially observed and stochastic environments this is not guaranteed. For the

relevant quantities to be well approximated despite this simplification we employ a number

of losses that satisfy the following desiderata:
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i) We want to ensure that ht is a sufficient statistic of the history of observations o1:t and

the system is thus Markov in the latent state h.

ii) We want to minimize the discrepancy between the predicted and observed evolution of

the latent state h, i.e., our open-loop predictions through the transition model should

match the expected latent states generated by our encoder (which has access to the

entire history of observations).

iii) Given a latent state ht we want to accurately predict the expected reward and value

(of policy π) at time step t+ k after executing some action sequence at:t+k.

Let B denote a set of trajectory data collected while executing some behavior policy

µ(a|h). Let us define the full model loss after an initial “burn-in” of H steps (to ensure that

the encoder has sufficient information) as

LN = Epπ ,µ[
H+N−1∑
t=H+1

Le(ht, at, rt,o1:t+1)|ftrans, fenc] (4.6)

where we approximate the expectation w.r.t. pπ(rt:T , at:T ,ot+1:T |τ≤t) with samples from the

buffer B,

LN ≈ Eτ∼B

[
H+N−1∑
t=H+1

Le(ht, at, rt,o1:t+1)
∣∣∣ht+1 = ftrans(h

t, at;φ),hH = fenc(o
1:H ;φ)

]
, (4.7)

with τ := (o1:H+N , a1:H+N , r1:H+N) and where the per example loss is defined as

Le = Lf (ht,o1:t) + αLr(ht, at, rt) + βLV (ht, at, rt,o1:t+1) (4.8)

where α and β are coefficients that determine the relative contribution of the loss components.

The per example transition model loss is given as

Lf (ht,o1:t) = ‖fdec(h
t;φ)− ot‖22 + ζ‖fenc(o

1:t;φ)− ht‖22, (4.9)

where the first term measures the error between the observations o and reconstructions

from the open-loop latent state predictions (ht>H) and the second term enforces consistency
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Figure 4.1: Schematic showing the rollout from on a trajectory sampled from the replay buffer

(o1:H+N ,a1:H+N , r1:H+N ) ∼ B through the model (blue rectangles), predicting latent states (red

& orange circles for encoder and transition predictions respectively) and their corresponding re-

constructed observations, value and reward predictions (green circles). First, the encoder fenc

encodes the observations o1:H+N to latents h1:H+N . The open-loop rollout begins after a history

of H observations have been encoded to generate the latent hH . From this latent, the rollout is

computed through the transition model ftrans using the true actions aH:H+N−1, generating the latents

hH+1:H+N (orange circles; note that these are different from the latents generated by the encoder).

The transition model latents are passed through the decoder fdec, value V̂ π and reward r̂ estimators

to generate (expected) reconstructed observations ôH+1:H+N , (expected) values V̂ H+1:H+N
π and

(expected) rewards r̂H+1:H+N which are used to compute losses for training the model (losses are

highlighted with the rectangular color patches with the labels L(.)). Of special mention is the loss

for training the value estimator; this uses V-trace and Temporal Difference (TD) style value targets

based on a “target” network. The targets are generated by the “target” value estimator V̂ π(. ;ψ)

which takes in latents encoded by the “target” encoder fenc(. ;ψ) along with the observed rewards rt.
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between the latent state representation from the encoder fenc and the predictions from the

transition model ftrans; this encourages the latent state to stay close to encodings of observed

trajectories thus addressing points i) and ii) above. ζ is a coefficient that weights the two

loss terms. The per example reward loss is

Lr(ht, at, rt) = ‖r̂(ht, at;φ)− rt‖22, (4.10)

and the value-loss is given by the, importance weighted, squared Bellman error

LV (ht, at, rt,o1:t+1) =
π(at|ht)
µ(at|ht)

(
rt + γV̂ π(fenc(o

1:t+1;ψ);ψ)− V̂ π(ht;φ)
)2
, (4.11)

where the next state value V̂ π(fenc(o
1:t+1;ψ);ψ) is calculated via a “target network”, whose

parameters ψ are periodically copied from φ, to stabilize training (see e.g. [112] for a

discussion). In practice we use v-trace [41] to calculate a better target value. That is we set

V̂ π(fenc(o
1:t+1;ψ);ψ)=̂V̂ π

trace(fenc(o
1:t+1;ψ);ψ) (4.12)

where the v-trace target is given as:

V̂ π
trace(h

t;ψ) = V̂ π(ht;ψ) +
t+N−1∑
i=t

γi−t
(

Πi−1
j=tρi

)
δVi (4.13)

with

δVi = ρi(ri + γV̂ π(hi+1;ψ)− V̂ π(ht;ψ)) (4.14)

being the temporal difference error multiplied by importance weight ρi = min
(
ρclip,

π(ai|si)
µ(ai|si)

)
with µ(a|s) denoting the behaviour policy and we set ρclip = 1. We refer to Espeholt et al.

[41] for additional details regarding v-trace. Note that both loss terms are evaluated for

predicted latent states with gradients flowing backwards through the transition model and

eventually the encoder, which addresses point iii).

A schematic showing the model-based rollout process can be seen in Fig. 4.1; given a

sampled trajectory from the buffer τ ∼ B, we encode the observations through the encoder

to generate the states, run an open loop rollout through the transition model and decode the
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Latent from transition

Sampled actions
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Latent from encoder

Model predictions

Model components

Figure 4.2: Imagined policy gradient computation. Given a history H of observations from

the buffer B, we encode a latent state hH through the recurrent encoder fenc, followed by an

“imagined” rollout of length N – using a sequence of actions at>H sampled from the policy

πθ(.|h) and rolled out through the transition model ftrans. This leads to imagined states

ht>H with corresponding value and reward estimates (from the trained value V̂π and reward

r̂ models). We average cumulative rewards over N horizons – computing the estimate from

Eqn. 4.24 and update the policy via the gradient of this estimate. These policy gradients

are back propagated through the transition model back to the policy parameters, thereby

conditioning the update through the dynamics of the latent state.

observations, values and rewards from these imagined states. We then compute the model

loss from Eqn. 4.7 and use its gradient to update the model parameters φ (see Alg. 3 for more

details). We also present implementation specific details about the network architectures,

loss functions used for training the model and training hyper-parameters in Sec. 4.5. Next,

we discuss the policy optimization procedure.
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4.4 Imagined Value Gradients in Latent Spaces

Given a model, we optimize a parametric policy πθ(a|h) by maximizing the N-step surrogate

value function which is a recursive composition of the policy, the transition, reward and value

function:

ṼN(ht) = Eak∼π

[
t+N−1∑
k=t

γk−tr̂(hk, ak) + γN V̂ π(ht+N ;φ)
∣∣∣hk+1 = ftrans(h

k, ak)

]
, (4.15)

This N-step value can be computed by performing an “imagined” rollout of length N in the

latent state-space using our model, using the discounted sum of rewards from the first N − 1

states followed by a final bootstrapping step using the learned parametric value function

(see Fig. 4.2 for a schematic of this rollout). We can further write this N-step value estimate3

recursively in the following manner:

ṼN(ht) = E(at,ak)∼π

[
r̂(ht, at) +

t+N−1∑
k=t+1

γk−tr̂(hk, ak) + γN V̂ π(ht+N ;φ)

]

= E(at,ak)∼π

[
r̂(ht, at) + γ

(
t+N−1∑
k=t+1

γk−(t+1)r̂(hk, ak) + γN−1V̂ π(ht+N ;φ)

)]
= Eat∼π

[
r̂(ht, at) + γṼN−1(h

t+1;φ)
∣∣∣ ht+1 = ftrans(h

t, at)
]

(4.16)

where we have dropped the dependency on the transition dynamics hk+1 = ftrans(h
k, ak) in

the first two equations.

We can train our policy by maximizing this value estimate by gradient ascent, exploiting

the so called “value gradient” ∇θṼN (ht) [73]; which can often be computed recursively, taking

advantage of the reparameterization trick [89, 125] for sampling from πθ and calculating

analytic gradients via backpropagation backwards through time. We start by expressing the

policy as a deterministic function πθ(ht, ε) that transforms a sample ε from a canonical noise

distribution p(ε) into a sample from πθ(a|h). In the following we will consider Gaussian policy

3To clarify further, we denote by V̂ π the learned parametric value function and by ṼN the value estimate
from an N-step rollout through our learned model.
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distributions, i.e. πθ(a|h) = N (µθ(h), σ2
θ(h)), for which the reparameterization is given as

πθ(h, ε) = µθ(h) + εσθ(h) (4.17)

with p(ε) = N (0, I), where I denotes the identity matrix. Using this reparameterization, we

can further rewrite the recursive expression for the value estimate from Eqn. 4.16 as:

ṼN(ht) = Ep(ε)
[
r̂
(
ht, πθ(h

t, ε)
)

+ γṼN−1(h
t+1;φ)

∣∣∣ ht+1 = ftrans
(
ht, πθ(h

t, ε)
)]

(4.18)

where at = πθ(h
t, ε) and we used the reparameterization trick to replace the expectation w.r.t

action samples from the policy at ∼ π with the expectation over the noise distribution p(ε).

We can now define the N-step value gradient ∇θṼN(ht) for any state ht as

∇θṼN(ht) = Ep(ε)
[
∇θr̂

(
ht, πθ(h

t, ε)
)
+

γ∇ht+1ṼN−1(h
t+1)∇θftrans

(
ht, πθ(h

t, ε)
)
+

γ∇θṼN−1(h
t+1)
]

(4.19)

where ht+1 = ftrans(h
t, πθ(h

t, ε)) and we dropped the dependencies of all functions on φ for

brevity. The partial value gradient ∇ht+1ṼN−1(h
t+1) w.r.t a state ht+1 in the above expression

can be defined recursively as:

∇hk ṼN(hk) = Ep(ε)
[
∇hk r̂

(
hk, ak

)
+∇ak r̂

(
hk, ak

)
∇hkπθ

(
hk, ε

)
+

γ∇hk+1ṼN−1
(
hk+1

)
∇hkftrans

(
hk, ak

) ∣∣∣ ak = πθ
(
hk, ε

)]
(4.20)

through a standard application of the chain rule.

The case ∇θṼ1(h
t+N−1) is established by assuming the policy is fixed for all steps after

N ; i.e. bootstrapping with ∇hk Ṽ0(h
k) = ∇hk V̂

π(hk;φ). We note that, to calculate these

gradients, only an initial state ht (encoded from a history of observations o1:t ∼ B) is required

in addition to the learned model (see Fig. 4.2 for a schematic). Eqn. 4.19 computes N policy

gradient contributions; using both the encoded state ht and the imagined states ht+1 . . .ht+N .

This ensures that the policy can be evaluated on either kind of latent state. Our derivation
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here is thus analogous to the N-step stochastic value gradient definition from SVG [73];

but replacing observed states with imagined latent states – and assuming a deterministic

transition model.

4.4.1 Stable Regularized Policy Optimization

Given the definition of the value gradient in the previous section (Eqn. 4.19) we can make a

few interesting observations relevant to its use in practice.

First, we can realize that, in principle, the single-step gradient estimate ∇θṼ1(h) (and

hence a model trained by minimizing L1) is sufficient for performing policy optimization.

However, in this case we would obtain a biased value gradient after one gradient step in the

direction of ∇θṼ1(h) – since at that point V̂ π(h) 6= Ṽ πθ(h) – which only becomes unbiased

again once the dynamic programming updates from Eqn. 4.11 have converged.

To counteract this bias we could consider using the N-step gradient ∇θṼN(h) for large

N . Such an estimate is not affected by the above described bias for the first N − 1 steps

(since the equivalence of π and πθ is only assumed for steps after time N). As a result, it

facilitates faster learning (as also demonstrated in our experiments). A downside of this

approach is that it can be more heavily affected by modelling errors; i.e. a latent state-space

model predicting rewards N -steps into the future is harder to learn than a 1-step model.

As a compromise, trading-off bias with modelling errors, we found that using a simple

average gradient estimate – over N horizons – worked well in practice

∇θV̄N(h) =
1

N

N∑
k=1

∇θṼk(h). (4.21)

This averaging linearly down weights the contributions from states further along the trajectory

– the first state appears N times in the sum, N-1 times for the second state and so on; as

opposed to a discount based weighting that decays slowly this can drastically reduce the

effect of model errors later in the sequence. We note that, in principle, we could also use

weighting terms based on the variance of different horizon estimates, but opted for an average

for simplicity here.
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Second, even with the averaged model-gradient from above, gradient based optimization

is prone to exploiting modelling errors (in both the transition dynamics and reward/value

estimates), yielding overly optimistic policies. This is a well known problem in model based

RL; see e.g. [65] for a recent discussion. To counteract such effects it is hence desirable to

further regularize the policy optimization step. Similar to many existing policy optimization

methods [133, 3, 64] we adopt a relative-entropy (KL) regularization scheme. We augment

the estimated reward with a sample based likelihood ratio term (a sample based estimate of

the KL)

r̂KL(h, a, πθ) = r̂(h, a) + λ log
πθ(a|h)

p(a|h)
, (4.22)

where p(a|h) is a the prior action probability (we use p(a|h) = N (0, I) throughout) and λ is

a multiplier trading-off reward and regularization. Replacing r̂ in Equation 4.19 with r̂KL –

noting that r̂KL is differentiable w.r.t. the policy parameters θ – results in the regularized

value gradient:

∇θṼ
KL
N (h) = Ep(ε)

[
∇θr̂KL

(
h, πθ(h, ε), πθ

)
+

γ∇h′Ṽ
KL
N−1(h

′)∇θftrans
(
h, πθ(h, ε)

)
+

γ∇θṼ
KL
N−1(h

′)
]
,

(4.23)

where h′ = ftrans(h, πθ(h, ε)) and ∇h′V̄
KL
N−1(h

′) is, analogously, given by inserting r̂KL into

Equation 4.20. To ensure that the bootstrap value for Ṽ KL
0 (h) is compatible with this

regularized reward we additionally change the loss for the value function (the Bellman error);

by, again, replacing r̂ with r̂KL in Equation 4.11. The total derivative estimate we use in

practice is then given as

∇θEpπ
[
V̄ KL
N (ht)

]
≈ Eo1:t∼B

[ 1

N

N∑
k=1

∇θṼ
KL
k (fenc(o

1:t))
]
, (4.24)

where we use batches of samples from the replay buffer B to optimize the policy on all visited

states. That is we perform stochastic gradient ascent combining the gradient from Equation

4.24 with any optimization method (we use Adam [88]).
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Algorithm 3: Imagined Value Gradients in Latent Spaces

Given: Empty experience dataset B, burn-in H, rollout length N , episode length T

Each actor do:

while True do

Fetch policy / model parameters (θ, φ) from learner

Initialize empty trajectory τ := ∅

for t = 0 to T do

Encode history and Apply control πθ(fenc(ot−H:t;φ), ε), ε ∼ N (0, I)

Observe reward r and next observation o′

Insert (o, a, r,o′) into τ

end for

Save τ in the dataset B

end while

Learner do:

while True do

Sample sub-trajectory of length H +N from buffer: (o1:H+N , a1:H+N , r1:H+N) ∼ B

Compute ∇φLN , the gradient of the model loss (Eqn. 4.7) w.r.t model, reward and

value parameters φ

Compute the policy gradient ∇θEpπ
[
V̄ KL
N (h)

]
(Eqn. 4.24) w.r.t policy parameters θ

Gradient ascent to update the policy: θ ← Stepadam(θ,∇θEpπ
[
V̄ KL
N (h)

]
)

Gradient descent to update the model: φ← Stepadam(φ,−∇φLN)

end while

The full learning procedure involves executing the most recent policy to populate the

replay buffer B in parallel with model and policy optimization using the model loss from

Eqn. 4.7 and the averaged policy gradient from Eqn. 4.24. Please see Algorithm 3 for more

details on this procedure.
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4.5 Experimental Setup and Implementation Details

4.5.1 Environment Setup

We evaluate our approach on several challenging, simulated long-horizon manipulation tasks

using the Mujoco environment [151]. The environment consists of a Sawyer robot, equipped

with a two-finger Robotiq gripper, interacting with objects on a tabletop; in all our experiments

the robot interacts with 2-3 wooden blocks and balls of different colors (see Fig. 4.3 for an

example).

Simulation details: We ran the simulation with a numerical time step of 10 milliseconds,

integrating 5 steps, to get a control interval of 50 milliseconds for the agent. In this way we

can resolve all important properties of the robot arm and the object interactions in simulation.

All the objects used were based on wooden toy blocks and balls. For the majority of our

experiments we used two cubic blocks with side lengths of 5 cm, colored red and blue. For a

few additional experiments where we added visual distractors, we used a yellow cubic block

of size 6 cm and a yellow ball of diameter 4 cm as the distractor.

We used a table with sides of 60 cm x 30 cm in length as the workspace of the robot in

all our experiments. Objects were spawned randomly on the table surface. The robot hand

is initialized randomly above the table-top with a height offset of up to 20 cm above the

table (minimum 10 cm) and the fingers in an open configuration. All experiments are run

on episodes with 200 steps length (which gives a total simulated real time of 10 seconds per

episode).

Control: The sawyer robot is controlled via a 5D position controller based on an inverse

kinematics model. That is, that agent outputs are 5D velocity commands – 3 for the robot

end effector position, one for the gripper and one for rotating the gripper to change its

orientation. We integrate this to generate positions which are fed into the inverse kinematics

model that computes joint angles for control. The action space for all our tasks, therefore, is

5 dimensional.

Observations: We use visual observations (RGB images) and robot proprioception as
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Entry Dimensions Unit

arm joint pos 7 rad

arm joint vel 7 rad / s

finger joint pos 1 rad

finger joint vel 1 rad / s

finger grasp 1 Binary

Entry Dimensions Unit

camera 1 (front-left) 3 x 64 x 64 RGB

camera 2 (front-right) 3 x 64 x 64 RGB

Table 4.1: Left : Proprioceptive observations used in all simulation experiments. Right : Image

observations used in all simulation experiments (except the state based ones).

Entry Dimensions Unit

object i pose 7 m, au

object i velocity 6 m/s, dq/dt

object i relative pos 3 m

Table 4.2: Object feature observations, used in the state based MPO experiment. Note that

these are not used for any vision based experiment. The pose of the objects is represented

as world coordinate position and quaternions. In the table m denotes meters, q refers to a

quaternion which is in arbitrary units (au). i denotes the id of the object; features from all

objects are used as input.

the observations for all our experiments. Table 4.1 (left) shows the list of proprioception

observations we use for all our experiments. These observations are concatenated to produce

a 17 dimensional vector which is used as input to our models. In addition to proprioception,

we use RGB images from two cameras located to the left and right of the table (in the front of

the table, pointing towards the robot) as visual observations (see table 4.1, right and Fig. 4.18
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in the results section). These two images (3x64x64 dimensions each) are concatenated along

the channel dimensions to generate a 6x64x64 input visual observation to our model. It is

worth noting that the availability of two camera views helps disambiguate most occlusions.

We will explore switching to a single central view in future experiments; this significantly

increases occlusions and makes the tasks strongly partially observable.

Additionally, for some state-based baseline experiments we used features of the objects

(see table 4.2) in addition to the proprioceptive features as inputs to the policy.

4.5.2 Tasks & Rewards

We evaluate our approach on several challenging simulated long-horizon manipulation tasks

where the robot interacts with multiple objects on a tabletop; in all our experiments the robot

interacts with 2-3 wooden blocks and balls of different colors (see Fig. 4.3 for an example).

Each task is accompanied by a reward function that specifies the task; in this work we

used shaped rewards for specifying all our tasks as we wanted to measure transfer efficiency

rather than the capability to handle sparse reward settings. In principle, our approach can be

extended to the sparse reward setting easily, in a manner similar to the Scheduled Auxiliary

Control framework [126].

Below, we present details on the tasks considered in the paper. For more details on their

rewards, please refer to Sec. A.1 in the appendix. We consider the following tasks:

Lift: In the lift task, the agent has to pick-up an object on the table and lift it above

a certain height. We consider two variants of the task: the Lift-R task requires the robot

to lift the red block (see Fig. 4.3, left) while the Lift-B task involves lifting the blue block.

The reward specification for this task includes auxiliary rewards that encourage reaching the

target object, grasping it and lifting it once grasped; these auxiliary rewards provide shaping

to the task which makes the exploration problem significantly easier (see Sec. A.1 in the

appendix for details on the reward).

Stack: In addition to the lift task, we consider a block stacking task where the robot

has to place a block on top of another. Similar to the lift task there are two variants of the
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Lift-R Stack-B Lift-R (distractor) Stack-R (distractor)

Figure 4.3: Left : Lift-R: Example scene from the lift task where the robot lifts the red

block. Center-Left : Example scene from the Stack-B task. Center-Right and Right : Tasks

with unseen distractors (yellow sphere and yellow cube) added to the scene for the Lift-R

and Stack-R tasks. Note: The camera view shown is not the one used for generating the

observations. We use two cameras located to the left and right of this current view to generate

our observations (see Fig. 4.18 for an example).

Push (initial) Push (target) 

Figure 4.4: Example scenes from the match positions task. On the left is an initial image

showing the blocks and the arm initialized to random starting positions. On the right, we

show an image where the blocks are in their respective target positions (the blocks are always

required to go to this target configuration in the task).
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stack task: 1) Stack-R, where the agent has to stack the red block on the blue block and 2)

Stack-B, where the agent does the opposite (see Fig. 4.3, center-left). We again introduce

shaping in the reward by first encouraging the agent to lift the object – the lift reward is

a part of the reward for the stack task. Additionally, once the object has been lifted we

encourage the agent to move towards the target, align it with the target block and release

the grasped object (see appendix Sec. A.1 for more details)

Match Positions: Unlike the lift and stack tasks where the robot primarily interacts

with a single object, we consider a task where the robot has to move both blocks to a fixed

target position. Fig. 4.4) shows an example scenario for this task; the left image shows a

random starting configuration of the blocks and the right image shows the target configuration

of the blocks in all our experiments. As this task involves moving both objects it is a nice

setting for testing the generalization of our learned models as we show later in our results.

Additionally, the reward is not shaped to encourage motion towards an object; there is no

change in the reward unless one of the objects is moved. This means that the agent has a

significantly harder exploration and credit assignment task to solve compared to the shaped

lift and stack tasks, making it a substantially difficult task to learn from scratch.

Visual Distractors: We additionally consider introducing visual distractors into the

environment to test the generalization of our approach to novel environments. We consider

variants of the Lift and Stack tasks where we add in a third object (yellow block or ball).

Fig. 4.3 (center-right and right) show examples of this task. Note that the rewards for this

task are the same as the original lift and stack tasks.

Partially Observable Tasks: We also considered two tasks where we introduced

randomness in the environment to model partial observability. In the first instance we added

a delay to the proprioceptive features (2 timestep lag) in the Stack-R task. This results in

an environment where our model now has to integrate observations temporally to estimate

the robot’s arm position (and velocities). In the second experiment we created a variant of

the Stack-R task in which the red block (that needs to be lifted and placed on top of the

blue block) changes color (switching from blue to red at random every 2 frames). We present
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results on these tasks in Fig. 4.12 of the results section. Note that the rewards for these tasks

are the same as their unperturbed counterparts.

Multi-task setup: Finally, we also consider a multi-task framework where our approach

learns simultaneously on several tasks at once, inspired by the Scheduled Auxiliary Control

framework [126]. In this setup, we have a main “extrinsic” task which is the central task to be

solved. In order to facilitate learning this task, we introduce several auxiliary, “intrinsic” tasks

which can be solved in addition to the main task. Conceptually, learning an auxiliary task can

help make progress towards learning the main task. In this work, we consider this multi-task

framework as a way towards learning models that generalize well across multiple tasks and

can be transferred quickly and robustly to novel, but potentially related, manipulation tasks.

To test this, we setup a multi-task agent with the Stack-B task as the extrinsic task

with the intrinsic tasks encouraging the robot to reach, lift and move the blue block and an

additional intrinsic task that encourages the robot to reach the red block (this is unlike the

other single tasks where the robot either lifts or stacks the blue or red block, but doesn’t

interact with both). For more details on the rewards and the different task details for the

multi-task setup, please refer to Sec. A.1 in the appendix.

To train in a multi-task setup we use a task-conditioned policy, value- and reward-function.

On the other hand, the learned model (i.e. fenc, ftrans, fdec) is not conditioned on the task – it

hence has to learn consistent dynamics across tasks. We note that even though the multi-task

largely consists of the same rewards as for individual experiments the data distribution is

very different as the model is trained on episodes from all tasks. We additionally present

more details on training the model and policy in the multi-task setup in Sec. 4.5.5; results

from this setup are presented in Sec. 4.6.

4.5.3 Model & Policy

Next, we present some details on the architecture of the model and policy networks. As

mentioned earlier, our latent space is unstructured unlike most of our prior work (SE3-Nets

and SE3-Pose-Nets); much of that work can be integrated into this framework, leading to
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additional benefits in performance and generalization.

Encoder: The encoder fenc uses a recurrent, deterministic, convolutional neural network

(CNN) to encode the observations ot to a low-dimensional latent state representation ht (see

Fig. 4.5). Our observation is a pair of RGB images (3x64x64 each), concatenated along the

first dimension, and a proprioception vector. The images are passed through a CNN with an

initial convolutional layer followed by three residual blocks with strided convolutions [177]

and average pooling to generate a vector of outputs. In parallel, the proprioception input is

passed through a 2-layer multilayer perceptron (MLP) to generate a feature vector. These

are concatenated and passed through a 3-layer MLP and an LSTM which outputs the latent

state ht. As an initial pre-processing step, we normalized all our images to be between 0-1

and proprioception to -1 to 1.

Transition: The transition model ftrans is deterministic, taking a latent state ht and action

32x64x646x64x64 32x32x32

3x3

128x8x8

3x3
Avg.

Pool

256

LSTM

3x3

64x16x16

3x3

128

Proprio

64

128

128

128

128

Residual Block
(Strided Convolution)

Figure 4.5: Network architecture of the encoder. The encoder takes in a pair of 64x64 RGB

images concatenated along the channels axis and the proprioception observation and returns

a 128-dimensional latent state vector (h) as output. It is implemented as a recurrent residual

CNN with a final LSTM layer that integrates information across time.

at to predict the next latent state ht+1 (see Fig. 4.6). Both the inputs are first passed through

2-layer MLPs. The outputs of these MLPs are concatenated and passed through another

2-layer MLP which predicts the change in latent state δh. To ensure that the transition model

outputs are well conditioned for long rollouts, we pass this delta change through a tanh layer

to normalize the result to -1 to 1. This is further scaled by a linear transform and added to the

input state ht to generate the prediction ht+1. In practice, we saw a significant improvement



107

in performance when predicting the change in state as opposed to directly predicting the

next state. Decoder: The decoder fdec predicts the (expected) input observation ot from

128

128

128

128

256

128

128

Figure 4.6: Network architecture of the transition model. The transition model takes a state

(h) and action (a) as input and returns a prediction of the next state (h′). It is implemented

as an MLP that predicts a delta change to the state (δs) which is added to the input state to

predict the output.

the latent state ht (see Fig. 4.7). We have two parts to the decoder: 1) To reconstruct the

proprioception input, we pass the latent state through a 2-layer MLP. 2) For reconstructing

the images, we first use a linear layer to transform the latent state to a 2048 dimensional

vector which is reshaped into a 64x8x8 feature tensor. This feature tensor is passed through

three upsampling layers, each using a bilinear additive upsampling layer [170] followed by a

convolution; the output is at the same resolution as the input images. Finally, the output

features are passed through a 1x1 convolution layer to get the correct number of channels

and a sigmoid layer to ensure that the outputs are normalized. We also experimented with

using a de-convolutional architecture for the image upsampling but found that it reduced the

reconstruction quality.

Value & Reward: The value V̂ π and reward r̂ modules predict the (expected) value

V̂ t
π := V̂ π(ht;φ) and reward r̂t from a given state ht (see Fig. 4.8). Both these modules are

implemented as 3-layer MLPs, with a layer norm [8] after the output of first layer.

Policy: Lastly, the policy πθ(a|h) network (Fig. 4.9) predicts a distribution over actions

at from the corresponding latent state ht. As mentioned earlier, we consider Gaussian
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Figure 4.7: Network architecture of the decoder. The decoder takes a state (h) as input and

returns a reconstruction of the corresponding RGB images and proprioception. We use an

MLP to predict the proprioception output and a mix of bilinear upsampling and convolutional

layers to generate the RGB reconstructions (which are normalized to 0-1 via a sigmoid).
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Figure 4.8: Left : Network architecture of the value model V̂ π. The network takes the

latent state ht as input and uses a three fully-connected layers to predict the expected value

V̂ t
π := V̂ π(ht;φ) (scalar). Right : The reward model uses the same architecture as the value

model but predicts the immediate reward r̂t from the state ht.

policy distributions i.e. πθ(a|h) = N (µθ(h), σ2
θ(h)), from which we can sample through the

reparameterization trick as πθ(ht, ε) = µθ(h
t) + εσθ(h

t), with p(ε) = N (0, I), where I denotes

the identity matrix. We implement the policy network as a 3-layer MLP similar to the

value and reward modules. Unlike those, the policy outputs the mean µθ and log-standard

deviation log(σθ) from which we can sample an action using the reparameterization trick.

4.5.4 Training details

We implemented all our models in Python using the Tensorflow neural network package [1].

Below, we present some details on the loss functions used for training and the hyper-parameter

settings.

Model Loss: We defined the per example model loss as Le = Lf (ht,o1:t)+αLr(ht, at, rt)+
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Figure 4.9: Network architecture of the policy πθ(a|h). The policy takes as input the state ht

and predicts the mean µ and log-variance log(σ) of a Gaussian distribution over actions. We

use the reparameterization trick to sample from this distribution by sampling ε ∼ N (0, I).

The output is a sampled action at.

βLV (ht, at, rt,o1:t+1) (see Eqn. 4.7). α and β are coefficients that determine the relative

contribution of the loss components. As explained earlier, we use a squared error term for

the reward loss Lr and a squared error to a V-trace target for the value loss LV . The per

example transition model loss is given as

Lf (ht,o1:t) = ‖fdec(h
t;φ)− ot‖22 + ζ‖fenc(o

1:t;φ)− ht‖22, (4.25)

where the first term measures the error between the observations o and reconstructions

from the open-loop latent state predictions (ht>H), the second term enforces consistency

between the latent states predicted by the encoder fenc and the transition model ftrans

and ζ is a coefficient that determines the relative contribution of the two loss terms. The

reconstruction loss is split into two parts (weighted equally), an image reconstruction loss

and a proprioception reconstruction loss. We use a squared error term for the proprioception

loss and a binary cross entropy loss term for image reconstruction; in practice we found this

to result in better image reconstructions than a squared error term.

Hyper-parameters: We used ADAM [88] with default settings and a fixed learning

rate of 5e-5 for all our experiments. We used the ELU [33] non-linearity as the activation

function in all our networks. We initialized the final layers of our policy to predict values

close to zero at the start of training; we found that this improved stability, especially in the
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early stages of learning. We used a latent state dimension of NS = 128 for all our experiments

(|h| = 128). We found this to be low-dimensional enough to be used for fast RL while still

allowing room for expressivity.

We found that setting α = β = ζ = 1.0 gave the good results and kept this setting

throughout all experiments. For the policy optimization, we set the weight of the KL

regularizer to λ = 0.01 based on a hyper-parameter sweep.

We used a batch size of 32 (two learners each with a batch size of 16) to train our model

and policy in all our experiments; we initially experimented with larger batch sizes of 128

but found that lowering the batch size made learning more stable. We fixed the history

length H = 3 and experimented with different rollout lengths N = 1, 5, 20; as shown in our

experiments N = 5 performed best, we use that as the default. We ran experiments for a

fixed number of episodes (per actor).

Actor data generation: We used 8 asynchronous actors for data generation in all our

experiments (Alg. 3, actor loop). At the start of each episode, the actor retrieves the most

recent model and policy parameters. It then executes this policy a fixed time horizon of

T = 10 seconds (episode lasts 10 seconds). The resulting trajectory is split up into smaller

sub-trajectories of length H + N , the length needed for learning, and added to a central

replay buffer which collects experience from all actors. We used a buffer containing up to

100, 000 sequences (randomly deleting old sequences when full) for all our experiments. Both

our learners sample from this replay buffer, compute the gradients for the model components

and policy and perform synchronized updates to the parameters.

4.5.5 Learning in the Multi-task setup

We discuss a few key differences when learning in the multi-task setup; we learn a task-specific

policy, value and reward function while the model is task agnostic. Additionally, throughout

learning we collect experience from all tasks in the multi-task setup giving us a diverse dataset

to train a generalizable representation and model.

Model architecture: We introduce a few additional changes to the network architecture



111

of a few model components and the policy in the multi-task learning setup. In this setting,

each task has a unique task ID id associated with it – this is represented as a 1-hot vector

of length M (M is the number of tasks). This task ID is fed as an additional input to both

the policy (πθ(a|h, id)) and value modules (V̂ π,id), thereby conditioning their predictions

based on the task that is currently being considered. On the other hand, the reward

predictor now predicts the rewards r̂t for all these tasks; its output is now M -dimensional as

opposed to a scalar from before. This further encourages the latent state to capture features

relevant to all the learned tasks, leading to better generalization performance as witnessed in

our experiments. Lastly, the architectures of the encoder fenc, decoder fdec and transition

model ftrans are unchanged; these components are task agnostic and can integrate & transfer

knowledge across tasks.

Actor data generation: For the multi-task experiments, at the start of each episode,

the actor chooses a task to execute at random out of the M available tasks. This task is

executed for the full length of the episode (T = 10 seconds). Random sampling of tasks can

help generate diverse trajectories for training, facilitating learning of an expressive latent

representation.

4.5.6 Baselines

We consider the following baselines for our experiments:

1. SVG(0): this refers to the model-free version of SVG [73], i.e. it does not estimate a

model of the environment. As our approach (termed Imagined Value Gradients – IVG

from here on out) builds on SVG we expect to improve on SVG(0).

2. MPO: Maximum a Posteriori Policy Optimisation [3], a state-of-the-art model-free

approach. Both MPO and SVG(0) operate on the same set of observations as IVG, but

do not learn an explicit model.

3. MPO-State: To obtain an upper bound on the performance and learning speed, we
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also consider a version of MPO with access to the full system state (incl. objects); this

uses the proprioception information (Table. 4.1) and object features (Table. 4.2) as

inputs to the policy.

Hyper-Parameters: For the baseline experiments that used pixel observations we

constructed policy and value networks that are equivalent in architecture to applying πθ after

fenc, similar to the networks in our IVG approach (to ensure a fair comparison).

For the state-based baselines we concatenated the true object positions, velocities and

orientations (see table 4.2) to the proprioceptive robot features (see table 4.1, left). This is

fed as input to 3-layer MLP policy networks (ELU activations, 200 hidden units each, layer

normalization [8] after the first layer) and 3-layer MLP Q-value networks (ELU activations,

300 units each, layer normalization [8] after the first layer) which additionally take the actions

(concatenated to other features) as input. To train SVG(0) we used the same relative entropy

regularization technique as in for our method (using λ = 1e − 3). For MPO we used the

hyper-parameters from [3], which performed well across all our tests. We tuned the learning

rate for both MPO and SVG(0) for performance; a rate of 1e-4 worked best.

To ensure a fair comparison between algorithms in an asynchronous setting, we ensured

all algorithms ran at the same frequency of learning steps per second (which we set to 10).

4.5.7 Transferring learned models:

A key advantage of our approach compared to the baseline model-free methods is that we

estimate a model of the environment; unlike task-specific constructs like the policy or value

functions, models should be able to transfer to related tasks. We explore this idea in this

work by learning models on source task(s), either in the single-task or multi-task learning

setup, and transfer these models to novel, related tasks.

IVG model transfer: We use the following three-step procedure for transferring our

models to new tasks:

1. We first train our approach, IVG, from scratch on a source task (or) a set of source
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tasks in the multi-task setting. From the trained modules, we choose the following

model components: the encoder fenc, transition model ftrans, and decoder fdec. Only

these components are transferred to the target task as they are task-agnostic.

2. We initialize the parameters of the encoder fenc, transition model ftrans and decoder

fdec using the pre-trained networks from the source task. The parameters of the policy,

value and reward functions are initialized to their default values; we train these from

scratch on the target task.

3. We train IVG in the usual fashion on the target task. An important point to note is

that the encoder, transition and decoder networks are fine-tuned on the target task;

they just have a significantly better initialization (that is generalizable to the target

task). As we show next in our experiments (Sec. 4.6), this transfer leads to a significant

increase in learning speed, particularly when using a model that has been trained on

multiple source tasks.

Baseline transfer: To test how well the model-free MPO baseline can transfer knowledge

across tasks, we considered transferring the learned weights of the policy & value function,

trained on a single source task, to related target tasks. As in IVG, the baseline MPO is also

trained on a single source task. From the trained networks, we copy all the weights of the

policy & value function (except the last layer), which we use to initialize training on the target

task. As before, MPO is trained on the target task, albeit with a better initialization of parts

of the policy & value function. We present comparisons to this baseline in our experiments.

4.6 Evaluation

We present results evaluating the performance of IVG on several long-horizon simulated

manipulation tasks (see Sec. 4.5.2), learning tasks from scratch and also in the transfer setting.

As mentioned earlier in Sec. 4.5.1, tasks involve the agent controlling a Sawyer manipulator

equipped with a Robotiq gripper (action dim NA = 5). Observations are 64x64px RGB
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Figure 4.10: IVG(5), with N = 5, performs similarly to the model-free pixel-based baselines

MPO and SVG(0) on the Lift-R task. Black dotted line represents the state-based MPO

baseline scoring higher than a reward threshold for 50 consecutive episodes.

images from two cameras located in front of the robot and proprioceptive features. The latent

representation is 128-dimensional (NH=128) and unless otherwise noted we use a history of

H = 3 observations and a rollout horizon of N = 5. Video results for our approach can be

found at https://sites.google.com/view/ivg-corl19.

4.6.1 Learning from scratch

We first compare IVG and the baselines when learning the Lift-R and Stack-R manipulation

tasks from scratch: The model-based IVG(5)4 learns the simpler lift task stably and performs

on par with the pixel-based MPO and SVG(0) baselines (see Fig. 4.10), empirically validating

that stable learning can be achieved via imagined rollouts through a learned, approximate

model. All these approaches learn significantly slower than the much informed MPO (State)

baseline which operates directly from object features and proprioception.

4IVG(5) refers to IVG with a rollout length of N = 5. More generally, IVG(N) refers to IVG with a rollout
length of N .

https://sites.google.com/view/ivg-corl19
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Figure 4.11: IVG(5) outperforms the baseline model-free pixel-based baselines MPO and

SVG(0) on the Stack-R task. Compared to SVG(0), IVG(5) reaches a higher performance

while it learns much faster compared to the model-free MPO. IVG(5) is worse than the

baseline state-based MPO but the difference is much smaller than on the Lift-R task.

On the harder stack task (Fig. 4.11), IVG(5) learns significantly (∼ 2x) faster than both

MPO and SVG(0), and also outperforms SVG(0) in terms of final performance. Interestingly,

the difference between the state-based MPO baseline and IVG(5) is much reduced for this

task, highlighting the potential benefits in data-efficiency that can be gained from estimating

a model. Even when learning directly from pixels, the structure inherent in IVG via the

model and the corresponding latent space rollouts allows it to learn complex tasks faster than

strong model-free baselines.

We also tested the ability of IVG to handle slightly more stochastic and partially observed

environments (see 4.5.2 for details). Fig. 4.12 presents these results on learning the Stack-R

task in environments with: 1) delayed proprioception (2 timestep lag) and 2) noisy observations

where one of the blocks switches colors randomly every 3 frames. Even in these settings,

IVG(5) successfully learns to stack in both cases (albeit more slowly), achieving a final

performance close to the agent operating on the unperturbed environment. This further
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Figure 4.12: IVG(5) learns well even in environments with noisy observations such as with

delays in proprioception and switches in block colors, highlighting the strength of our model

in integrating temporal information. While it learns slower than IVG(5) on the unperturbed

environment, it still is able to achieve on-par performance.

highlights the strength of our approach; the recurrent nature of our encoder architecture

allows it to effectively integrate information across temporal sequences of observations, thereby

gracefully handling noisy and partially observable settings.

4.6.2 Transferring learned models to related tasks

Unlike model-free methods, IVG learns a model of the environment which we may be able

to transfer and thus accelerate the learning of related tasks. In the following, we evaluate

this possibility. We follow the three-step process outlined in Sec. 4.5.7 to transfer our models

trained on source task(s) to a related, but novel, target task; we transfer only the parameters

of the encoder fenc, transition model ftrans and decoder fdec trained on the source task to the

target task learner. We further include the transfer version of the model-free MPO algorithm

(see Sec. 4.5.7) as a baseline for these experiments.

A model trained on multiple tasks should transfer better due to the diversity in transitions
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Figure 4.13: Transfer performance of IVG(5) on the Lift-R target task. Task names inside

square brackets indicate the source task. Transferring an IVG model learned on the source

Stack-R task has the largest improvement in performance, followed by transferring from

the source Stack-B task. Both of these learn significantly faster compared to learning from

scratch, the baseline pixel-based MPO and even the transfer version of MPO (named MPO

[Stack-B]). IVG when transferring from Stack-R learns almost as fast as MPO (State).

observed. We test this hypothesis by comparing the multi-task variant of IVG (Sec. 4.5.5),

trained on the multi-task setup described in Sec. 4.5.2 in our transfer experiments.

Transfer results: We present results on transferring IVG models to the following target

tasks:

1) Lift-R: Fig. 4.13 shows the transfer performance of IVG(5) on the Lift-R target task,

when transferring models trained on different source tasks. With a model pre-learned on

Stack-B, IVG(5) learns ∼2x faster than from scratch and ∼4x faster than MPO, irrespective

of whether MPO is learning from scratch or has been pre-learned on the Stack-B task.

Interestingly, a model pre-trained on Stack-R accelerates the learning speed of IVG(5) further

since the model has already observed many relevant transitions, achieving speed comparable

to the MPO (state) baseline. These results highlight the significant benefits of a model when
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Figure 4.14: Transfer performance of IVG(5) on the Stack-R target task. Task names inside

square brackets indicate the source task. All transfer versions of IVG(5) perform better

than IVG(5) from scratch and the pixel-based MPO baselines (with or without transfer).

Transferring the model learned on the multi-task setup outperforms all other comparisons,

learning faster than even state-based MPO.

transferring to related tasks, even in cases where the model has only observed a subset of

relevant transitions; the representations and dynamics learned by the model are generalizable

to related tasks leading to significant gains in learning speed.

2) Stack-R: We further tested the performance of IVG when transferring models trained

on different source tasks to the target Stack-R task. Results with transferred models for

Stack-R are similar to those for Lift-R (see Fig. 4.14); transferring models helps speed up

learning. In addition to transferring models trained on a single source task, we also compared

the performance when transferring a model trained on multiple source tasks, i.e. using the

Multi-task setup. This multi-task variant further accelerates learning speed; it is ∼1.5x

faster than transferring from a single-task and about ∼ 3x faster than learning from scratch.

Surprisingly, transferring a multi-task model leads to learning speeds that are comparable, or

even faster, than the state-based MPO baseline, owing in part to the strong representation
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Figure 4.15: Transfer performance of IVG(5) on the Match Positions target task. Task

names inside square brackets indicate the source task. Transferring the IVG model learned on

the multi-task setup succeeds on learning this task while all other baselines including IVG(5)

[Stack-B],where we transfer the model trained on the Stack-B task, fails to learn this task.

This is due to the mixed sparse-dense nature of the task for which significant exploration is

needed; having access to a model of the environment can reduce the effort needed for this.

and dynamics learning capabilities of our approach. This trend is reflected in later tasks

as well; as we will see from subsequent results, models trained on multiple tasks greatly

accelerate transfer.

3) Match Positions: Next, we tested the generalization of our learned models on

the match positions task, which differs significantly from all the other tasks considered so

far due to the lack of shaping in its reward (see Sec. 4.5.2 for a description of this task).

Fig. 4.15 presents the results when transferring models trained on other source tasks to the

match positions target task. All agents except multi-task IVG fail on this task; this includes

transferring IVG from a single task (Stack-B) and the pixel-based MPO. This is likely due to

the sparse structure of the reward; significant exploration is needed to figure out the reward

substructure. This further demonstrates the benefits of multi-task training; representations
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Figure 4.16: Transfer performance when a novel visual distractor is introduced into the scene.

Left : Results on the Lift-R target task when a third object – a yellow block is added to the

scene and Right : Results on the Stack-R target task with a yellow ball added as a visual

distractor. As before, transferring IVG models learned on the multi-task setup significantly

outperforms all other baselines and learning from scratch, learning up to 3-4x faster. Our

models can transfer even in the presence of visual changes, highlighting the robustness of the

learned IVG models and representations.

learned on multiple tasks need to be predictive of diverse rewards and values, this enables

robust and expressive latent space learning that transfers extremely well to new tasks while

potentially helping speed up exploration.

4) Visual distractors: Lastly, we analyzed the generalization of IVG when visual

distractors in the form of a yellow cube or ball are added to the scene (Fig. 4.16, left & center

respectively). Even in this setting, transfer from one or multiple source tasks remains effective.

Similar to earlier results, transferring a multi-task model significantly outperforms all other

methods, learning ∼3x faster than from scratch and ∼4x faster than MPO. Thus, even though

CNNs are known to be sensitive to changes in visual inputs [117, 142], jointly training a

predictive model with the policy allows it to locate task relevant features, optimizing for

task performance in addition to prediction and reconstruction. This can lead to models and

representations that are robust even to visual changes and can be transferred quickly across

different tasks.
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Figure 4.17: Ablation tests with IVG, using horizon lengths of N = 0, 1, 5, 20 & using a single

N-step horizon for computing the policy gradient (Eqn. (4.23) instead of Eqn. (4.24)). IVG(0)

uses the model loss (with horizon 5) only as an auxiliary signal (and otherwise corresponds to

SVG(0)). Averaging across different horizons leads to robust policy optimization even with

longer imagined rollouts (N=20), albeit with slower learning. Learning fails for long horizons

without averaging (N=20 only) and is slow even for short horizons (N=5 only).

4.6.3 Ablation experiments

We performed two sets of ablation experiments to validate the design choices in our algorithm

and models:

Rollout horizon: To evaluate the effect of the rollout horizon N on the policy gradient

(Eqn. 4.24) we tested IVG across multiple settings of the rollout horizon N=0,1,5,20.

Fig. 4.17 presents these results when learning the Stack-R task from scratch. Note that

IVG(0) uses the model loss (with a rollout length of 5), only as an auxiliary signal to learn

the representation – it learns a Q-function for policy optimization akin to SVG(0). IVG is

robust to the choice of the rollout horizon and learns stably for all settings of N ; even in the

presence of cascading model errors for large N , IVG learns robustly. However, the choice
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of N has a marked effect on the speed of learning. Increasing N speeds up learning up to

a point after which no additional speedup is obtained (compare N = 0, 1, 5). Importantly,

these results suggest that the benefit of the model in IVG is not just one of representation

learning in partially observed domains and fast transfer but that using the model for policy

optimziation is beneficial.

Averaging value gradients: To quantify the effect of averaging value gradients across

multiple rollout horizons (c.f. Eq (4.24)), we ran experiments using a single imagined rollout

of length N instead. Fig. 4.17 presents these results when learning the Stack-R task from

scratch. For short horizons e.g. N=5, using a single rollout horizon leads to lower learning

speed but learning still succeeds. On the other hand, learning completely fails for longer

horizons N=20 (unlike with averaging) potentially due to cascading model errors on imagined

rollouts, validating our averaging approach. Interestingly, averaging over multiple rollouts has

little to no computational overhead compared to using a single rollout (as the computations

for all intermediate rollouts of length 1−N need to be performed to generate a single rollout

of length N), further strengthening the case for rollout averaging to be a standard approach

in computing model-based value estimates.

4.6.4 Reconstructions

Finally, we present a sequence of open-loop predictions and their corresponding image and

proprioception reconstructions using a multi-task IVG(5) model, trained from scratch. We

generate these as follows: First, the model encodes a history of H observations via the encoder

fenc to generate the latent state hH . Second, we apply the sequence of actions aH+1:H+N to

generate the latent states hH+1:H+N through an open loop rollout using the transition model

ftrans. Finally, the decoder fdec reconstructs the observations from these states.

Fig. 4.18 shows a 45-step open loop rollout from an IVG(5) model, trained on the Multi-

task setting, from scratch. Even when tested on significantly longer sequences than it was

trained on (in training N=5, testing N = 45. H=3 in both cases), the model predictions

remain consistent, capturing salient details even after an open-loop prediction horizon of 30
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Figure 4.18: Example from the Lift-R task, showing open-loop reconstructions predicted by a

multi-task IVG(5) model, trained from scratch. Left : Images from the left camera, reconstructions

and error. Right : Images from the right camera, reconstructions and error. H=3 and N=45 for the

sequence above. Even when tested on much longer sequences than in training (where N=5), the

predictions remain consistent; the arm and objects are predicted well, albeit blurry, till around 30

frames. After 30 frames, the red block is reconstructed poorly but the rest are still well predicted.
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Figure 4.19: Example showing open-loop proprioception predictions from an IVG(5) model

trained on the multi-task setting. Similar to the image reconstruction setting, we use a

sequence of H = 3 observations and an open loop sequence of N = 45 actions (aH+1:H+N)

to generate the proprioception predictions (blue line). The targets are plotted in red. The

predictions from the IVG model are largely consistent, even for dimensions that are highly

noisy; the learned latent state is able to encode the proprioceptive features and the transition

model can recover their dynamics well.
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frames. This also highlights an important point; even though the decoder predictions are

not of high quality, the learned latent space can be used for robust control as it captures

high-level task relevant details fairly well. Additionally, while model approximation errors

can cascade, especially over longer horizons, rollout averaging enables us to be robust to these

approximations as shown in the results from Sec. 4.6.3.

Lastly, Fig. 4.19 shows the result of a 45-step open loop prediction of proprioceptive

features; the predictions are largely consistent with the observed results showing the strength

of the learned model.

4.7 Discussion and Future Directions

We presented an approach for model-based RL where a predictive latent space model is trained

jointly with policy, value and reward functions that operate on the learned latent space. To

achieve efficient policy optimization, we introduced Imagined Value Gradients (IVG), an

extension of the SVG algorithm [73] using imagined rollouts and N-step horizon averaging for

stable learning. We demonstrated that IVG can learn complex, long-horizon manipulation

tasks like lifting and stacking, directly from high dimensional visual and proprioceptive

observations. We further demonstrated in several transfer experiments on related tasks that

transferring a model learned via IVG can significantly improve data efficiency compared to

off-policy baselines. Crucially, transferring with models trained on multiple tasks further

accelerates learning, even succeeding on tasks where single-task transfer fails.

We feel that our approach is a promising first step towards designing RL methods that

combine learning of closed loop policies with the generalization capabilities that learned

approximate models can provide, thereby integrating the best of the model-based and model-

free RL paradigms. While our initial results are promising there are multiple areas for future

work:

• Structured Model: Our approach, IVG, used an encoder-transition-decoder style

model that learns an unstructured, abstract latent representation which is trained via
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observation reconstruction, consistency and task-specific value and reward prediction

losses. By adding structure to this model in a manner similar to our prior work SE3-

Nets and SE3-Pose-Nets and other structured predictive models [160, 40, 95] we can

get the added benefits of interpretability, generalization and potentially faster learning

through the use of a structured representation.

• Exploration: We have shown that models learned on single and multiple source tasks

can be used to transfer quickly to related tasks. In addition to assisting transfer, models

can be used to assist exploration. Recent work on curiosity guided exploration [121]

has shown that better exploration can be achieved by finding actions that maximize

model prediction error i.e., we find actions that take us to places unseen by the model.

Similar heuristics can be used in our algorithm to also improve exploration; we believe

that exploration is a big open problem in RL and coming up with more principled ways

to approach this problem through the use of models is a big area for future work.

• Exploitation: In much the same way as exploration, we can also consider exploiting

the knowledge in the model to get more targeted data that allows us to learn tasks faster.

Several model-based approaches in the literature have looked at using planning and

search algorithms in tandem with the learned models to generate simulated experience

in addition to real-world data [83, 65, 139]. This can assist in reducing the data needs

of the RL agent while also simultaneously improving learning speed. Trading off model-

based exploitation with the current policy based rollouts in a principled manner is an

open area for future work.

• Data Efficiency: While IVG has led to significant improvements in learning speed

in the transfer setting, it still requires a prohibitive amount of samples to learn well.

This is especially limiting in the real-world where it can be hard to generate millions of

samples. An initial direction to explore for improving data efficiency could be to use

existing samples efficiently by reusing them multiple times for gradient updates; we
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currently use a single sample from the replay buffer ∼3-4 times (in comparison, the

state based learner uses a sample ∼500 times). More general approaches to improving

sample complexity is a key focus area for future work.

• Real-World Experiments: In this work, we presented results testing IVG on

simulated manipulation experiments. We would like to test our approach on real-world

tasks as a better validation of IVG; learning stably in the real-world involves many

challenges including sample complexity, model complexity and being robust to visual

perturbations such as lighting changes.

• Observation changes: Finally, in this chapter, we presented results on training IVG

with two camera views. As mentioned earlier, this significantly reduces the amount of

partial observability in the tasks, making them easier. We would like to explore learning

from a single central camera view in future work. Additionally, we would like to explore

learning from egocentric camera views; this brings additional control challenges as the

viewpoint is dependent on the actions being taken.
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Chapter 5

DISCUSSION

With the advent of machine learning, especially deep learning, there have been great

advances in many areas such as robotics, computer vision and reinforcement learning. This

has led to huge progress towards the goal of autonomous manipulation in unstructured

environments. Learning has many advantages, such as the flexibility to model complex

causal relationships and the potential to learn directly from raw, unstructured sensory

information. This contrasts with many of our traditional approaches which usually make

limiting assumptions on the problem structure and the availability of state estimates to

make solutions tractable. On the other hand, many of our traditional models are broadly

applicable across domains, initial conditions and environments; this is not the case for most

deep learning methods which lack interpretability and struggle to generalize well. There is

much to be gained by combining the strengths of these paradigms; the flexiblity of learning

with the structure of traditional model-based reasoning.

In this thesis, we have explored ways to combine these paradigms, specifically in the

context of learning to estimate the dynamics of the robot’s environment, i.e. a model, directly

from visual observations. We presented two major directions of work, applied to manipulation

settings:

1. In Chapters 2 & 3, we presented a structured approach to designing deep visual dynamics

models and their consequent application to the problem of visuomotor control. First,

we proposed SE3-Nets (chapter 2), which are deep networks that model the dynamics

of scenes under applied actions by learning to identify salient objects and predicting

rigid body motion per object. By reasoning about objects in the scene, as opposed to

pixels, SE3-Nets learn an interpretable deep model that can model complex object
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interactions directly from raw depth observations, outperforming baseline deep networks

on a variety of simulated and real world settings. Next, we discussed an improvement on

the SE3-Net architecture, the SE3-Pose-Net, a network that additionally predicts a

globally-consistent pose representation for each detected object (chapter 3). We further

showed that our model can be used for closed-loop visuomotor control directly in the

learned low-dimensional pose space, where the actions are computed by minimizing

error in the pose space using gradient-based methods, similar to traditional model-based

control; this is unlike many related methods which need an external system for providing

data associations for measuring progress. We presented results on real-time, reactive

control of a Baxter robot from raw RGBD data in simulation and in the real world;

the structure inherent in SE3-Pose-Nets enables them to achieve robust control even

in the presence of large amounts of noise in the visual observations. We also briefly

presented Dynamics-Nets, a recurrent version of SE3-Pose-Nets that can be applied

to model and control robots in dynamic tasks; we showed good prediction and control

performance on the 2D cartpole task. The results and papers from this part of the

thesis can be seen on our webpage.

2. While in the earlier chapters we presented initial results on controlling just the robot,

in the second half of the thesis we considered long-horizon manipulation tasks with

object interactions (e.g. lifting, stacking). Reinforcement learning has recently seen

large success in many continuous control tasks and is a general approach towards

learning manipulation tasks from scratch. In Chapter 4 we explored combining the

strengths of model-free reinforcement learning approaches, which learn a policy directly

mapping states to actions, with model-based RL approaches which estimate a dynamics

model of the environment and plan to generate behaviors. We proposed Imagined

Value Gradients (IVG), an algorithm that learns a predictive model of expected future

observations, rewards and values from which a policy can be derived by following the

gradient of the estimated value along imagined trajectories. We show how robust policy

https://rse-lab.cs.washington.edu/se3-structured-deep-ctrl/
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optimization can be achieved even with approximate models on robot manipulation

tasks, learned directly from vision and proprioception. We evaluate the efficacy of

our approach in a transfer learning scenario, re-using previously learned models on

tasks with different reward structures and visual distractors, and show a significant

improvement in learning speed compared to strong off-policy baselines. Videos with

results from our method can be found at this webpage.

Overall, we have seen many advantages to combining model-based reasoning with more

recent deep network architectures such as: 1) an improvement in performance and inter-

pretability (SE3-Nets, chapter 2), 2) robustness and the capability to solve tasks without

test-time supervision (SE3-Pose-Nets, chapter 3) and, 3) transferrability of learned con-

cepts to related tasks (IVG, chapter 4). There are many more benefits to be gained from a

principled combination of these paradigms; this is a very promising area for future work.

5.1 Future Directions

There are many interesting directions for extending the work in this thesis, and in the general

area of learning based models for manipulation. We list a few below:

Model architecture: We presented SE3-Nets and SE3-Pose-Nets which use a latent

object-centric pose embedding and segmentation masks as their internal representation. There

are a few key challenges towards using them for more general manipulation tasks: First, the

latent representation in SE3-Pose-Nets captures the kinematics of the objects in the scene;

for many manipulation tasks we want representations that model the dynamics, physical

properties like mass, inertia etc., and visual properties like color, shape and texture. While

Dynamics-Nets presented some initial ideas in this direction, extending these architectures,

and other visual predictive models towards a more general representation that can be learned

in a task specific manner is a key next step; there is some initial work along these lines which

might be provide a good starting point [173, 179]. Second, SE3-Nets and SE3-Pose-Nets

need to know the maximum number of moving objects in the scene apriori and cannot

https://sites.google.com/view/ivg-corl19
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gracefully handle varying number of objects (new work on handling arbitrary number of

objects with similar models might help us alleviate this problem [135]). Third, while we used

rigid body motion as the prior for SE3-Nets and SE3-Pose-Nets, many additional priors

and constraints such as contact, self-collision and inter-penetration can be used to generate

self-supervised signals for training more physically consistent predictive models. Lastly, we

used an unstructured model in our IVG approach; integrating a more structured latent

representation from a better model can significantly improve performance and generalization

of IVG.

Model hierarchy: In this thesis, we presented multiple approaches towards learning

visual dynamics models – all the models considered in this work make predictions based on

low-level motor commands (such as joint velocities). In much the same way, we can imagine

a model operating at a higher level, predicting the effect of meta-actions, options or even

low-level policies (e.g., a grasp action, pick action, place action etc.). In fact, one could

imagine the hierarchy extending to multiple levels; the actions at the highest level might

be abstract and have effects across longer timescales. There are several challenges towards

learning and using this model hierarchy for solving complex manipulation problems: 1) How

do we automatically learn decompositions of a task into a meaningful hierarchy, potentially

in an unsupervised manner? There is some initial work on task decompositions for learning

from demonstration that could be a good starting point [137, 124]. 2) Given a decomposition,

what are the right abstractions and model architectures? In some related work, we explored

learning predictive models at a task level [123]; in practice these models tend to look very

different than their low-level counterparts. How do we come up with a principled way to

discover and learn such hierarchies? and lastly, 3) How do we effectively combine long-horizon

search, planning algorithms with low-level reactive control policies for tasks with such a

model hierarchy? Again, initial work in this area has shown some promising results with

pre-specified models [139]; extending this to general learned models (and hierarchies) is an

open area of research.

Generalizable models: We showed how structured model-based reasoning can help
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our controller to be robust to visual perturbations (SE3-Pose-Nets Sec. 3.5.6) and transfer

quickly to novel tasks with visual changes (IVG, Sec. 4.6). While these are interesting starting

points, much work is to be done towards learning models that distill and generalize knowledge

across a broader range of tasks. For example, can we have a single model that can predict

well across different tasks in the Arcade Learning Environment [17]? Human models are able

to do this quite easily as they can learn higher level concepts that translate well to even

novel looking games [154]. There are several promising areas in the literature we can gain

inspiration from for tackling these problems, such as meta-learning based methods which

learn models and behaviors that translate quickly to new settings [46, 114] and visual tracking

approaches that generalize to unseen and unknown objects [61].

Learning with less supervision: SE3-Nets and SE3-Pose-Nets use single-step

data-association labels for training while IVG uses a hand-coded reward function to specify

the task being learned; providing data-association labels and a shaped reward in real-world

settings is hard. Reducing the amount of supervision needed for training our models is a must

if we want them to scale to complex real-world tasks in unstructured environments. There

are several interesting ways to tackle this problem: 1) We can replace our dense rewards with

sparse reward specifications; while RL can succeed in these settings [126], it often requires

millions of samples to learn properly. 2) An alternative could be to use demonstrations to

bootstrap learning. Several promising approaches have looked at learning policies direclty

from targeted demonstrations [75, 50]; this often leads to learning from fewer samples. 3) This

idea could be further extended to unsupervised representation learning [95] and learning from

video streams such as YouTube; such data is cheap to get and can be very informative if used

correctly, and 4) Recent work has also looked at learning goal specifications for reinforcement

learning directly from images, with minimal labeling [134, 52]. Extending these ideas to more

general settings is an interesting area for future work.

Uncertainty estimates: A key requirement for many model-based robotic systems is a

representation of uncertainty, especially for estimates of the state of the system. Uncertainty

estimates can inform the optimization of robust policies via downstream planning and control
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algorithms [31], even leading to large improvements in data efficiency during learning [36].

Unfortunately, most learning based systems, especially methods which involve deep learning,

lack these estimates; this is true for the work presented in this thesis and much of the model

learning work in the literature. Recent work in the Computer Vision literature has looked at

approximating model uncertainty through techniques such as Dropout [56] and via model

ensembles [97]. Extending these ideas to predictive models and enabling downstream planning,

control and reinforcement learning algorithms to exploit these estimates is a promising area

for future research.

Models in RL: In this thesis, we presented IVG, an approach that jointly learns a

predictive model alongside a policy, value function and a reward estimator, using imagined

rollouts through the learned model to achieve robust policy optimization. We demonstrated

the benefits of IVG in a transfer learning scenario where reusing previously learned models

leads to large improvements in learning speed. We discuss two other ways in which models

can be integrated with RL: 1) A key open area in RL is exploration – recent work has shown

the advantages of a model in enabling targeted exploration [121]. 2) Similarly, models can

be exploited for faster learning of related tasks; we can generate goal-directed experience by

combining a model with a search algorithm such as MCTS [139] or a sample-based planner like

CEM [129]. In general, tightly integrating model-based reasoning with a general reinforcement

agent can help us improve the sample complexity of learning on general manipulation tasks;

this is one of the major bottlenecks preventing the application of RL to real-world tasks.

Over the course of this thesis, we have seen several advantages of the integration between

traditional model-based and recent learning-based approaches to robotics. While these

are promising, more evaluation is needed to quantify the benefits of this hybrid approach.

Furthermore, a central open problem is the question of identifying the right mix between

learning and structure – answering this question might lead us to a principled approach for

tackling much of robotic manipulation!
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Appendix A

APPENDIX FOR IMAGINED VALUE GRADIENTS

A.1 Tasks and Rewards

We used shaped rewards for specifying all our tasks as we wanted to measure transfer efficiency

rather than the capability to handle sparse reward settings. In principle, the multi-task

version of IVG can be extended to the sparse reward setting easily, in a manner similar to

SAC [126]. Below, we discuss the reward setup for the four major task setups considered

in the paper, the Lift, Stack and Match Positions tasks and the Multi-task setup. The

addition of a visual distractor does not change the reward setup for a given task.

Lift: In the lift task, the agent has to pick-up one of either the red (Lift-R) or blue

(Lift-B) objects on the table and lift it above a certain height. We introduce additional

shaping to the task through auxiliary rewards that encourage reaching the target object,

grasping it and lifting it once grasped. These are specified in turn as:

• REACH(O): tol(d(TCP,O), 0.02, 0.15):

Minimize the distance of the TCP to the target cube.

• GRASP :

Activate grasp sensor of gripper ("inward grasp signal" of Robotiq gripper)

• HEIGHT(O, x): lin(O, x, 0.10)

Increase z coordinate of an object more than x = 0.03m relative to the table.

Where the d(x, y) is the Euclidean distance between a pair of 3D points, and the tolerance
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and linear reward functions terms are defined as:

tol(v, ε, r) =

1 iff |v| < ε

1− tanh2(atanh(
√
0.95)

r
|v|) else,

(A.1)

lin(v, εmin, εmax) =


0 iff v < εmin

1 iff v > εmax

v−εmin
εmax−εmin else.

(A.2)

The final reward is a weighted sum of all these sub-rewards:

LIFT (O) = REACH(O) + 0.5 ∗ (GRASP +HEIGHT (O, 0.03)),

which, overall cannot exceed a value of two.

Stack: Similar to the lift task, there are two variants of the stack task: 1) Stack-R,

where the agent has to stack the red block on the blue block and 2) Stack-B, where the agent

does the opposite. We again introduce shaping by first encouraging the agent to lift the

object – the lift reward is a part of the reward for the stack task. Additionally, once the

object has been lifted we encourage the agent to move towards the target, align it with the

target block and release the grasped object. The total reward is:

STACK(O1, O2) =

LIFT (O1) iff HEIGHT (O1, 0.03) ≤ 0.8

STACKED(O1, O2) else.
(A.3)

where:

STACKED(O1, O2) = ABOV E(O1, O2) ∗NOTGRASP,

where NOTGRASP is detemined by the grasp sensor and:

ABOV E(O1, O2) = tol(d(O1, O2), 0.02, 0.15) ∗HEIGHT (O1, 0.03)

Match Positions: In this task, the agent has to move both the red and blue blocks

to a fixed target position (see Fig. 4.4 in the main text). As this task involves moving both
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objects it is a nice setting for testing the generalization of our learned models. Additionally,

the reward is not shaped to encourage motion towards an object; there is no change in the

reward unless one of the objects is moved. We specify the reward as:

MP (O1, O2) = tol(d(O1, t1), 0.02, 0.15) + tol(d(O2, t2), 0.02, 0.15) (A.4)

where t1, t2 denote the target 3D positions of the red and blue block respectively.

Multi-task setup: In the multi-task setup we introduce several auxiliary tasks that

are solved in addition to a main extrinsic task. We consider the following tasks and rewards

in all our multi-task experiments:

• REACH(ORed)

• REACH(OBlue)

• LIFT (OBlue)

• STACK(OBlue)

• MOV E(OBlue)

where the move reward is given byMOV E(O) = tol(d(velO, v), 3, 0) where velO is the object’s

velocity. We note that even though the multi-task largely consists of the same rewards as

for individual experiments the data distribution is very different as the model is trained on

episodes from all tasks. As can be seen in the experiments (Sec. 4.6), this results in significant

improvements in the transfer learning experiments.
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