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erally to deep machine learning methods and apparatus related to predicting
motion(s) (if any) that will occur to object(s) in an environment of a robot in
response to particular movement of the robot in the environment. Some im-
plementations are directed to training a deep neural network model to predict
at least one transformation (if any), of an image of a robot's environment, that
will occur as a result of implementing at least a portion of a particular move-
ment of the robot in the environment. The trained deep neural network model
may predict the transformation based on input that includes the image and a
group of robot movement parameters that define the portion of the particular
movement.
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MACHINE LEARNING METHODS AND APPARATUS RELATED TO PREDICTING MOTION(S) OF OBJECT(S)
IN A RoBOT’S ENVIRONMENT BASED ON IMAGE(S) CAPTURING THE OBJECT(S) AND BASED
ON PARAMETER(S) FOR FUTURE ROBOT MOVEMENT IN THE ENVIRONMENT
Background
[0001] Many robots are programmed to utilize one or more end effectors to manipulate one
or more objects. For example, a robot may utilize an end effector to apply force to an object and
cause movement of that object. Forinstance, a robot may utilize a grasping end effector or
other end effector to displace an object without necessarily grasping that object. Also, for
instance, a robot may utilize a grasping end effector such as an “impactive” gripper or
“ingressive” gripper (e.g., physically penetrating an object using pins, needles, etc.) to pick up an
object from a first location, move the object to a second location, and drop off the object at the
second location.
Summary

[0002] Some implementations of this specification are directed generally to deep machine
learning methods and apparatus related to predicting motion(s) (if any) that will occur to
object(s) in an environment of a robot in response to particular movement of the robot in the
environment. Some implementations are directed to training a deep neural network model to
predict at least one transformation (if any), of an image of a robot’s environment, that would
occur as a result of implementing at least a portion of a particular movement of the robot in the
environment. The trained deep neural network model may predict the transformation based on
input that includes: (1) the image, and (2) robot movement parameters that define the portion
of the particular movement. The predicted transformation may be utilized to transform the
image to generate a predicted image of the robot’s environment, where the predicted image
predicts the robot’s environment were the portion of the particular movement to occur. In
other words, the predicted image illustrates a prediction of the robot’s environment after the
portion of the particular movement occurs and may be utilized, for example, to predict
motion(s) of object(s) in the environment that would occur as a result of the particular
movement.
[0003] The predicted motions(s) may be utilized for various purposes such as, for example, to
determine whether to provide control commands to actuator(s) of the robot to effectuate the
particular movement. For example, the predicted motion(s) can be compared to desired

motion(s), and control commands implemented if the predicted motion(s) conform to the
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desired motion(s). In this manner, a result of a particular movement may be effectively
“visualized” prior to implementation of the particular movement, and the particular movement
implemented if the result is desirable. As described herein, in various implementations the deep
neural network model predicts an image at each of a plurality of future time steps based on
candidate movement parameters for those future time steps, thereby enabling effective
visualization many time steps into the future.

[0004] In some implementations, a method is provided that includes generating candidate
robot movement parameters that define at least a portion of a candidate movement
performable in an environment of a robot by one or more components of the robot. The
method further includes identifying a current image captured by a vision sensor associated with
the robot. The current image captures at least a portion of the environment of the robot. The
method further includes: applying the current image and the candidate robot movement
parameters as input to a trained neural network; and generating at least one predicted
transformation of the current image based on the application of the current image and the
candidate robot movement parameters to the trained neural network. The method further
includes transforming the current image based on the at least one predicted transformation to
generate at least one predicted image. The predicted image predicts the portion of the
environment of the robot if the at least the portion of candidate movement is performed in the
environment by the components of the robot.

[0005] These, and other implementations, may optionally include one or more of the
following features.

[0006] In some implementations, the method further includes: determining, based on the
predicted image, to perform the candidate movement; and providing one or more control
commands to one or more actuators of the robot to perform the candidate movement.

[0007] In some implementations, the method further includes: determining, based on the
predicted image, to perform an alternate movement in lieu of the candidate movement; and
providing one or more control commands to one or more actuators of the robot to perform the
alternate movement.

[0008] In some implementations, the method further includes generating at least one
compositing mask based on the application of the current image and the candidate robot

movement parameters to the trained neural network. Transforming the current image is further
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based on the at least one compositing mask. As one example, the at least one predicted
transformation can include a plurality of predicted transformations, the at least one compositing
mask can include a plurality of compositing masks, and transforming the current image based on
the at least one predicted transformation to generate the predicted image can include:
generating a plurality of predicted images based on the plurality of predicted transformations;
and compositing the predicted images based on the plurality of compositing masks to generate
the predicted image.

[0009] In some implementations, the method further includes: generating second candidate
robot movement parameters that define at least a portion of a second candidate movement
performable in the environment by one or more of the components in lieu of the candidate
movement. In those implementations, the method can further include: applying the current
image and the second candidate robot movement parameters as input to the trained neural
network; generating at least one second predicted transformation of the current image based
on the application of the current image and the second candidate robot movement parameters
to the trained neural network; and transforming one or more of the pixels of the current image
based on the second predicted transformation to generate at least one second predicted image.
The second predicted image predicts the portion of the environment of the robot if the at least
the portion of the second candidate movement is performed in the environment by the
components of the robot. In some versions of those implementations, the method further
includes: selecting, based on the predicted image and the second predicted image, either the
candidate movement or the second candidate movement; and providing one or more control
commands to one or more actuators of the robot to perform the selected one of the candidate
movement and the second candidate movement.

[0010] In some implementations, the method further includes: generating continuing
candidate robot movement parameters that define another portion of the candidate movement
that follows the portion of the candidate movement; applying the predicted image and the
continuing candidate robot movement parameters to the trained neural network; generating at
least one continuing predicted transformation of the predicted image based on the application
of the predicted image and the continuing candidate robot movement parameters to the trained
neural network; and transforming the predicted image based on the continuing predicted

transformation to generate a continuing predicted image. In some of those implementations,
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the method further includes: determining, based on the predicted image and the continuing
predicted image, to perform the candidate movement; and providing one or more control
commands to one or more actuators of the robot to perform the candidate movement.

[0011] In some implementations, the trained neural network includes a plurality of stacked
convolutional long short-term memory layers.

[0012] Insome implementations, the at least on predicted transformation of pixels of the
current image include parameters of one or more spatial transformers. In some of those
implementations, transforming the current image includes: applying the one or more spatial
transformers to the current image utilizing the parameters.

[0013] In some implementations, the at least one predicted transformation of pixels of the
current image includes one or more normalized distributions each corresponding to one or more
of the pixels. In some of those implementations, transforming the current image includes:
applying the normalized distribution to the current image using a convolution operation. In
some versions of those implementations, each of the normalized distributions corresponds to a
corresponding one of the pixels.

[0014] In some implementations, applying the current image and the candidate robot motion
parameters as input to the trained neural network includes: applying the current image as input
to an initial layer of the trained neural network; and applying the candidate robot motion
parameters to an additional layer of the trained neural network, the additional layer being
downstream of the initial layer.

[0015] In some implementations, the candidate robot parameters include an initial robot
state and an action that indicates a subsequent robot state. In some of those implementations,
the initial robot state is a current pose of an end effector and the action is a commanded pose of
the end effector.

[0016] In some implementations, a method is provided that includes identifying a current
image captured by a vision sensor associated with a robot. The method further includes
identifying a current state of the robot, and identifying a candidate action to transition the robot
from the current state to a candidate state. The method further includes applying the current
image, the current state, and the candidate action as input to a trained neural network. The
method further includes generating at least one predicted image based on the application of the

current image, the current state, and the candidate action to the trained neural network. The
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method further includes determining, based on the predicted image, to perform the candidate
action. The method further includes, in response to determining to perform the candidate
action, providing one or more control commands to one or more actuators of the robot to
perform the candidate action.
[0017] In some implementations, a method is provided that includes identifying a plurality of
training examples generated based on sensor output from sensors associated with one or more
robots during a plurality of object motion attempts by the robots. Each of the training examples
includes a group of sequential images from a corresponding attempt of the object motion
attempts. Each of the images captures one or more corresponding objects in an environment at
a corresponding instance of time, and for each of the sequential images: a state of the robot at
the corresponding instance of time, and an action to be applied to transition the state of the
robot at the corresponding instance of time to a new state corresponding to the next sequential
image of the sequential images. The method further includes training the neural network based
on the training examples.
[0018] Other implementations may include a non-transitory computer readable storage
medium storing instructions executable by a processor (e.g., a central processing unit (CPU) or
graphics processing unit (GPU)) to perform a method such as one or more of the methods
described above and/or elsewhere herein. Yet other implementations may include a system of
one or more computers and/or one or more robots that include one or more processors
operable to execute stored instructions to perform a method such as one or more of the
methods described above and/or elsewhere herein. Yet other implementations may include a
computer program comprising machine readable instructions that, when executed by a computing
apparatus, causes performance of one or more of the method described above and/or elsewhere herein.
[0019] It should be appreciated that all combinations of the foregoing concepts and
additional concepts described in greater detail herein are contemplated as being part of the
subject matter disclosed herein. For example, all combinations of claimed subject matter
appearing at the end of this disclosure are contemplated as being part of the subject matter
disclosed herein.

Brief Description of the Drawings
[0020] FIG. 1 illustrates an example environment in which object motion attempts may be
performed by robots, data associated with the object motion attempts may be utilized to

generate training examples, and/or the training examples may be utilized to train a neural
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network.
[0021] FIG. 2 illustrates one of the robots of FIG. 1 and an example of movement of a
grasping end effector of the robot along a path.
[0022] FIG. 3 is a flowchart illustrating an example method of performing object motion
attempts and storing data associated with the object motion attempts.
[0023] FIG. 4 is a flowchart illustrating an example method of generating training examples
based on data associated with object motion attempts of robots.
[0024] FIG. 5is a flow chart illustrating an example method of training a neural network
based on training examples.
[0025] FIGS. 6A and 6B illustrate an architecture of an example neural network, illustrates
example inputs that may be provided to the neural network, illustrates example outputs of the
neural network, and illustrates how the example outputs may be utilized to generate a predicted
image.
[0026] FIG. 7 is a flowchart illustrating an example method of utilizing a trained neural
network to generate predicted image(s) that predict a robot’s environment after movement of
the robot occurs and/or performing one or more actions based on the predicted images.
[0027] FIG. 8 schematically depicts an example architecture of a robot.
[0028] FIG. 9 schematically depicts an example architecture of a computer system.

Detailed Description
[0029] One challenge for a robot or other agent learning to interact with the world is to
predict how its actions affect objects in its environment. Many methods for learning the
dynamics of physical interactions require manually labeled object information. However, to
scale real-world interaction learning to a variety of scenes and objects, acquiring manually
labeled object information becomes increasingly impractical. To learn about physical object
motion without necessitating labels of objects, implementations described herein employ an
action-conditioned motion prediction model that explicitly models pixel motion, by predicting a
distribution over pixel motion from previous frames. For example, implementations can advect
pixels from a previous image frame and composite them onto a new image, rather than
constructing the new image from scratch. Because the model explicitly predicts motion, it is at
least partially invariant to object appearance, enabling it to generalize to previously unseen

objects. To explore video prediction for real-world interactive agents, a dataset may be utilized
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of a large quantity (e.g., 50,000 +) of robot interactions involving pushing motions. Utilizing such
a dataset, a motion prediction model can be trained that enables accurate prediction of motion
of object(s) in an image, conditioned on the robot's future actions. This enables utilization of the
motion prediction model to “visually imagine” different futures based on different courses of
action.

[0030] Object detection, tracking, and motion prediction are fundamental problems in
computer vision, and predicting the effect of physical interactions is a challenge for agents acting
in the world, such as robots, autonomous cars, and drones. Some existing techniques for
learning to predict the effect of physical interactions rely on large manually labeled datasets.
However, if unlabeled raw video data (consisting of sequential image frames) from interactive
agents is used to learn about physical interaction, interactive agents can autonomously collect
virtually unlimited experience through their own exploration. Learning a representation which
can predict future video without labels has applications in action recognition and prediction and,
when conditioned on the action of an agent, amounts to learning a predictive model that can
then be used by the agent for planning and decision making.

[0031] However, learning to predict physical phenomena poses many challenges, since real-
world physical interactions tend to be complex and stochastic, and learning from raw video
requires handling the high dimensionality of image pixels and the partial observability of object
motion from videos. Prior video prediction methods have typically considered short-range
prediction, small image patches, or synthetic images. Such prior methods follow a paradigm of
reconstructing future frames from the internal state of a model. In some implementations
described herein, it is not required that the motion prediction model store the object and
background appearance. Such appearance information can instead be obtained from the
previous image frame (e.g., a previous image frame captured by a vision sensor of the robot, or a
previous reconstructed image frame), enabling the motion prediction model to focus on motion
prediction. Predictive models described herein may each merge appearance information from
previous frame(s) with motion predicted by the model. As a result, the models may each be
better able (relative to prior techniques) to predict future video sequences for multiple steps,
even involving objects not seen at training time.

[0032] To merge appearance and predicted motion, the motion of pixels relative to the

previous image can be generated as output over predictive models described herein. Applying
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this motion to the previous image frame forms the next image frame. Various motion prediction
models can be utilized, three of which are described in detail herein. The first, which is
sometimes referred to herein as a dynamic neural advection (DNA) model, outputs a distribution
over locations in the previous image frame for each pixel in the new frame. The predicted pixel
value is then computed as an expectation under this distribution. A variant on the DNA model,
which is sometimes referred to herein as a convolutional dynamic neural advection (CDNA)
model, outputs the parameters of multiple normalized convolution kernels to apply to the
previous image frame to compute new pixel values. The last approach, which is sometimes
referred to herein as a spatial transformer predictors (STP) model, outputs the parameters of
multiple affine transformations to apply to the previous image frame. In the case of the DNA
and STP models, each predicted transformation is meant to handle separate objects. To
combine the predictions into a single image, the model also predicts a compositing mask over
each of the transformations. DNA and CDNA may be simpler and/or easier to implement than
STP, and the object-centric CONA and STP models may also provide interpretable internal
representations.

[0033] Various implementations described herein present techniques for making long-range
predictions in real-world images by predicting pixel motion. When conditioned on the actions
taken by an agent (e.g., a robot), the model can learn to imagine different futures from different
actions (prior to those different actions being implemented). To learn about physical interaction
from videos, a large dataset with complex object interactions may be utilized. As one example, a
dataset of 50,000 robot pushing motions, consisting of 1.4 million image frames with the
corresponding action at each time step may be utilized.

[0034] In order to learn about object motion while remaining invariant to appearance, a class
of motion prediction models may be utilized that directly use appearance information from
previous frame(s) to construct pixel motion predictions. The model computes the next frame by
first predicting the motions of objects in pixel space, then merges these predictions via masking.
Some of the potential motion prediction models are described below, including how to
effectively merge predicted motion of multiple objects into a single next image prediction. The
motion prediction models described herein that predict motion(s) of object(s) without
attempting to reconstruct the appearance of the object(s) may be partially invariant to

appearance and may generalize effectively to previously unseen objects. Three examples of
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motion prediction models are now briefly described in turn.

Dynamic Neural Advection (DNA) Motion Prediction Model

[0035] In the DNA motion prediction model, a distribution over locations is predicted in a
previous frame for each pixel in a new frame. The predicted pixel value is computed as an
expectation under this distribution. The pixel movement is constrained to a local region, under
the regularizing assumption that pixels will not move large distances. This may keep the
dimensionality of the prediction low.
[0036] Formally, the predicted motion transformation M is applied, to the previous image
prediction it—l for every pixel (x,y) to form the next image prediction ft as follows:

haeyy= > D Hy Dl (—ky =D

ke(=k,k) Le(=k k)

where k is the spatial extent of the predicted distribution. This can be implemented as a
convolution with untied weights. The architecture of this model can match the example CDNA
model in FIG. 6A and 6B, except that the higher-dimensional transformation parameters M, are
outputted by the last convolutional layer (convolutional layer 662 of FIG. 6B) instead of being
outputted by the fifth long short-term memory layer (LSTM layer 675 of FIG. 6B) as in the CDNA
model of FIG. 6A and 6B.

Convolutional Dynamic Neural Advection (CDNA) Motion Prediction Model

[0037] Under the assumption that the same mechanisms can be used to predict the motions
of different objects in different regions of the image, the CDNA motion prediction model may
present a more object-centric approach to predicting motion. Instead of predicting a different
distribution for each pixel, this model predicts multiple discrete distributions that are each
applied to the entire image via a convolution (with tied weights), which computes the expected
value of the motion distribution for every pixel. Pixels on the same rigid object will move
together, and therefore can share the same transformation. More formally, one predicted
object transformation applied to the previous image [,_; produces image J, for each pixel (x,y)
as follows:

fey = ) ) Al Dla(x—ky-D
ke(=k,k) le(—k,k)
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where k is the spatial size of the normalized predicted convolution kernel 7. Multiple
transformations {r’r‘l(i)} are applied to the previous image it—l to form multiple images {ft(l)}.

These output images are combined into a single prediction [, as described below and as

illustrated in FIG. 6A and 6B.

Spatial Transformer Predictors {STP) Motion Prediction Model

[0038] The STP motion prediction model produces multiple sets of parameters for 2D affine
image transformations, and applies the transformations using a bilinear sampling kernel. More
formally, a set of affine parameters M produces a warping grid between pixels (x;_1, V¢—1) in
the previous image and pixels (x¢, y;) in the generated image.

Xt—1 _ (e
)= (1)

1

This grid can be applied with a bilinear kernel to form an imageft

w H
Je Gy = ) Tea (kD max(0,1 = Ly — kD) max(0,1 = lye—y — 1)
k1

where W and H are the image width and height. Multiple transformations {M(i)} are applied to

the previous image it—l to form multiple images {At(i)}, which are then composited based on the

masks. The architecture can match the CDNA architecture of FIG. 6A and 6B, but instead of
outputting CDNA kernels at the fifth LSTM layer (LSTM layer 775 of FIG. 6B), the model outputs
the transformation parameters at the fifth LSTM layer (LSTM layer 775 of FIG. 6B).

[0039] The DNA, CDNA, and STP motion prediction models can each be constructed and
trained to focus on learning physics rather than object appearance. As a result, such models
may be better able to generalize to unseen objects compared to models that reconstruct the
pixels directly or predict the difference from the previous frame.

[0040] CDNA and STP motion prediction models produce multiple object motion predictions
that can be used to generate multiple transformed images (a transformed image for each object
motion prediction). The multiple transformed images need to be combined into a single image.
To do so, the CDNA and STP models may also predict a set of masks to apply to the transformed

images. These masks indicate how much each transformed image influences each pixel. A

-10 -



WO 2017/201023 PCT/US2017/032865

softmax over the channels of the mask may ensure that it sums to one. More formally, the

composition of the predicted image ft(i)can be modulated by a mask E, which defines a weight
on each prediction, for each pixel. Thus, [, = ¥, At(c) o H., where c denotes the channel of the
mask and the element-wise multiplication is over pixels. In practice, the model may learn to
mask out objects that are moving in consistent directions. Benefits of this approach may
include, for example: predicted motion transformations are reused for multiple pixels in the
image; and/or the model naturally extracts a more object centric representation in an
unsupervised fashion, a potentially desirable property for an agent learning to interact with
objects.

[0041] For each motion prediction model, including DNA, a "background mask" may be
included where the models are allowed to copy pixels directly from the previous image (e.g., a
captured image frame in an initial iteration, or immediately preceding predicted image in
subsequent iterations). Additionally, to fill in previously occluded regions, which may not be well
represented by nearby pixels, the models are allowed to generate pixels from an image, and
include it in the final masking step. Besides improving performance, this also produces
interpretable background masks.

[0042] To generate the motion predictions discussed above, stacked convolutional LSTMs
may be employed in the motion prediction models. Recurrence through convolutions works for
multi-step video prediction because it takes advantage of the spatial invariance of image
representations, as the laws of physics are mostly consistent across space. As a result, models
with convolutional recurrence may require significantly fewer parameters and/or use those
parameters more efficiently.

[0043] Inan interactive setting, the agent's candidate actions and internal state (such as the
pose of the robot gripper) also influence the next image, and both can be integrated into the
model by tiling a vector of the concatenated internal state and candidate action(s) across the
spatial extent of the lowest-dimensional activation map. Note, though, that the agent's internal
state (e.g., the current robot gripper pose) is only input into the network at the initial time step,
and in some implementations must be predicted from the actions in future time steps. For
example, the robot gripper pose can be predicted at a future time step based on modification of

the current robot gripper pose in view of the candidate action(s). In other words, the robot

gripper pose at a future time step can be determined based on assuming that candidate
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action(s) of prior time step(s) have been implemented. The neural network may be trained using
an > reconstruction loss. Alternative losses could complement this method.

[0044] One application of action-conditioned video prediction is to use the learned model for
decision making in vision-based robotic control tasks. Unsupervised learning from video can
enable agents to learn about the world on their own, without human involvement, which can be
beneficial for scaling up interactive learning. To investigate action-conditioned video prediction
for robotic tasks, a dataset with real-world physical object interactions can be used. For
example, a dataset can be generated using 10 robotic arms pushing hundreds of objects in bins,
amounting to 50,000 interaction sequences with over 1 million video frames. In addition to
including an image (e.g., RGB image or RGBD image), each frame can also be annotated with:
the gripper pose at the time step of the frame, which may be referred to herein as the “internal
state” or “robot state”; and the action at the time step, which may correspond to gripper pose at
a subsequent (e.g., next) time step, or a motion vector or command to reach the gripper pose at
the subsequent time step.

[0045] In some implementations, at run time, initial image(s) may be provided as input to a
trained neural network model, as well as the initial robot state and candidate action(s). The
initial robot state can be, for example, a current gripper pose and the candidate action(s) can be
candidate actions that each cause the current gripper pose to move to a corresponding new
gripper pose. The model can then be sequentially rolled out, with each subsequent time step
passing in the predicted image from the prior time step, a candidate action for that time step,
and an updated robot state. As described above, the updated robot state of a given iteration
can be a state that assumes the candidate action(s) of the prior time step(s) have been applied
(i.e., the initial robot state as modified by the candidate action(s) of prior time step(s)). In some
implementations, the neural network may be trained for 8 future time steps for all recurrent
models, and used for up to 18 future time steps. Other quantities of future time steps can be
used for training and/or use.

[0046] Some implementations of techniques described herein may additionally or
alternatively be utilized to generate a model for predicting future video without consideration of
robot states and/or actions. For example, a dataset that consists of videos of human actors
performing various actions in a room can be used to train the model. The videos may optionally

be subsampled down (e.g., to 10 frames per second) such that there is noticeable motion in the

-12 -



WO 2017/201023 PCT/US2017/032865

videos within reasonable timeframes. Since the model is no longer conditioned on actions, X
(e.g., 10) video frames can be fed in and the network trained to produce the next X (e.g., 10
frames).

[0047] Predicting future object motion in the context of a physical interaction may be utilized
in an intelligent interactive system. The kind of action-conditioned prediction of future video
frames described herein can allow an interactive agent, such as a robot, to imagine different
futures based on the available candidate actions. Such a mechanism can be used to plan for
actions to accomplish a particular goal, anticipate possible future problems (e.g., in the context
of an autonomous vehicle, obstacle avoidance), and recognize interesting new phenomena in
the context of exploration. As one particular example, a goal state for an object can be defined.
For example, a human can utilize user interface input to define a goal state for an object. For
instance, the human can manipulate the object through an interface that displays an image
captured by the robot, where the image includes the object and the manipulation enables
adjustment of the pose of the object. Also, for example, internal systems of a robot can define a
goal state for an object in accomplishing a task directed toward the object (e.g., moving the
object to a new pose). Various candidate actions can then be considered utilizing the motion
prediction model to generate multiple predicted images. The predicted image can be
determined that depicts the object most closely to its goal state, and the applied candidate
actions to generate the predicted image can be selected and applied by the robot to move the
object to its goal state. In this manner, the motion prediction model can be utilized to predict
the effects of various candidate actions on the environment of the robot, and the candidate
actions selected that resulted in predicted image(s) that most closely conform to a desired
environmental effect. This enables initial consideration of the effects of various robot actions,
without actually implementing those actions, followed by a selection of one or more of those
robot actions to actually implement based on the considered effects.

[0048] Some implementations of the technology described herein are directed to training a
neural network, such as a neural network including stacked long short-term memory (LSTM)
layers, to enable utilization of the trained neural network to predict a transformation that will
occur to an image of a robot’s environment in response to particular movement of the robot in
the environment. In some implementations, the trained neural network accepts an image (/;)

generated by a vision sensor and accepts candidate robot movement parameters (p;), such as
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parameters that define a current robot state and/or one or more candidate actions to be
performed to cause the current robot state to transition to a different robot state. In some
implementations, the current robot state may be the pose of an end effector of the robot (e.g., a
pose of a gripping end effector) and each candidate action may each be (or indicate) a
subsequent pose of the end effector. Accordingly, in some of those implementations, the
candidate actions may each indicate a motion vector to move from a pose of the end effector to
a subsequent pose of the end effector. For example, a first candidate action may indicate a
motion vector to move from the current pose to a pose at a next time step, a second candidate
action may indicate a motion vector to move from that pose to a pose at the next time step, and
so forth. The application of the image (/;) and the candidate robot movement parameters (p;)
to the trained neural network may be used to generate, over the neural network, at least one
predicted transformation that will occur to the image (/) in response to implementation of the
candidate robot movement parameters (p;). In some of those implementations, the predicted
transformation is utilized to transform the image (/;) to a predicted image (PI;). The predicted
image (PI;), and/or one or more additional predicted images generated based on additional
predicted transformations of the neural network, may be utilized to determine whether to
implement the candidate robot movement parameters. For instance, the predicted image(s) can
be analyzed to determine predicted motion(s) of object(s) in the environment that will occur
based on the candidate robot movement parameters, and the candidate robot movement
parameters implemented if the predicted motion(s) are desirable. Additional description of
these and other implementations of the technology is provided below.

[0049]  With reference to FIGS. 1-7, various implementations of training and utilizing a motion
prediction neural network are described. FIG. 1 illustrates an example environment in which
object motion attempts may be performed by robots (e.g., robots 180A, 180B, and/or other
robots), data associated with the object motion attempts may be utilized to generate training
examples, and/or the training examples may be utilized to train a motion prediction neural
network.

[0050] Example robots 180A and 180B are illustrated in FIG. 1. Robots 180A and 180B are
“robot arms” having multiple degrees of freedom to enable, through movement of the robot, a
traversal of grasping end effectors 182A and 182B along any of a plurality of potential paths to

position the grasping end effectors 182A and 182B in desired poses. For example, with
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reference to FIG. 2, an example of robot 180A traversing its end effector along a path 201 is
illustrated. FIG. 2 includes a phantom and non-phantom image of the robot 180A showing two
different poses of a set of poses struck by the robot 180A and its end effector in traversing along
the path 201. Referring againto FIG. 1, robots 180A and 180B each further controls the two
opposed “claws” of their corresponding grasping end effector 182A, 182B to actuate the claws
between at least an open position and a closed position (and/or optionally a plurality of
“partially closed” positions).

[0051] Example vision sensors 184A and 184B are also illustrated in FIG. 1. In FIG. 1, vision
sensor 184A is mounted at a fixed pose relative to the base or other stationary reference point
of robot 180A. Vision sensor 184B is also mounted at a fixed pose relative to the base or other
stationary reference point of robot 180B. As illustrated in FIG. 1, the pose of the vision senor
184A relative to the robot 180A is different than the pose of the vision sensor 184B relative to
the robot 180B. In some implementations such differing poses may be beneficial to enable
generation of varied training examples that can be utilized to train a neural network that is
robust to and/or independent of camera calibration. Vision sensors 184A and 184B are sensors
that can generate images related to shape, color, depth, and/or other features of object(s) that
are in the line of sight of the sensors. The vision sensors 184A and 184B may be, for example,
monographic cameras, stereographic cameras, and/or 3D laser scanner. A 3D laser scanner
includes one or more lasers that emit light and one or more sensors that collect data related to
reflections of the emitted light. A 3D laser scanner may be, for example, a time-of-flight 3D laser
scanner or a triangulation based 3D laser scanner and may include a position sensitive detector
(PSD) or other optical position sensor.

[0052] The vision sensor 184A has a field of view of at least a portion of the workspace of the
robot 180A, such as the portion of the workspace that includes example objects 191A. Although
resting surface(s) for objects 191A are not illustrated in FIG. 1, those objects may rest on a table,
a bin, and/or other surface(s). Objects 191A include a spatula, a stapler, and a pencil. In other
implementations more objects, fewer objects, additional objects, and/or alternative objects may
be provided during all or portions of object motion attempts of robot 180A as described herein.
The vision sensor 184B has a field of view of at least a portion of the workspace of the robot
180B, such as the portion of the workspace that includes example objects 191B. Although

resting surface(s) for objects 191B are not illustrated in FIG. 1, they may rest on a table, a bin,
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and/or other surface(s). Objects 191B include a pencil, a stapler, and glasses. In other
implementations more objects, fewer objects, additional objects, and/or alternative objects may
be provided during all or portions of object motion attempts of robot 180B as described herein.
[0053] Although particular robots 180A and 180B are illustrated in FIG. 1, additional and/or
alternative robots may be utilized, including additional robot arms that are similar to robots
180A and 180B, robots having other robot arm forms, robots having a humanoid form, robots
having an animal form, robots that move via one or more wheels (e.g., self-balancing robots),
submersible vehicle robots, an unmanned aerial vehicle (“UAV”), and so forth. Also, although
particular grasping end effectors are illustrated in FIG. 1, additional and/or alternative end
effectors may be utilized. For example, end effectors that are incapable of grasping may be
utilized. Additionally, although particular mountings of vision sensors 184A and 184B are
illustrated in FIG. 1, additional and/or alternative mountings may be utilized. For example, in
some implementations, vision sensors may be mounted directly to robots, such as on non-
actuable components of the robots or on actuable components of the robots (e.g., on the end
effector or on a component close to the end effector). Also, for example, in some
implementations, a vision sensor may be mounted on a non-stationary structure that is separate
from its associated robot and/or may be mounted in a non-stationary manner on a structure
that is separate from its associated robot.

[0054] Robots 180A, 180B, and/or other robots may be utilized to perform a large quantity of
object motion attempts and data associated with the object motion attempts may be utilized by
the training example generation system 110 to generate training examples. In some
implementations, object motion attempts include random and/or pseudo-random movement of
the end effectors of the robots in an attempt to move one or more objects in an environment of
the robot. For example, an attempt by robot 180A to move one or more of the objects 191A.
[0055] In some implementations, all or aspects of training example generation system 110
may be implemented on robot 180A and/or robot 180B (e.g., via one or more processors of
robots 180A and 180B). For example, robots 180A and 180B may each include an instance of the
training example generation system 110. In some implementations, all or aspects of training
example generation system 110 may be implemented on one or more computer systems that
are separate from, but in network communication with, robots 180A and 1808B.

[0056] Each object motion attempt by robot 180A, 1808, and/or other robots consists of T
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separate time steps or instances. At each time step, a current image (I ) captured by the vision
sensor of the robot performing the object motion attempt is stored, current robot parameters
(pr ) are also stored, and the robot chooses a movement for the next time step. In some
implementations, the current robot parameters for a time step may include, for example, the
robot’s current state (e.g., current end effector pose at the time step), and an action (e.g., the
action to be implemented to implement the movement of the next time step). In some
implementations, the action for a time step can be determined based on the robot’s state at a
subsequent time step, as compared to the robot’s current state. For example, the action can be
a motion vector to move from the robot’s current state to the robot’s final state at the end of
the object motion attempt (e.g., a vector from the current state to the final state). In some
implementations, robots may be commanded via impedance control of their end effectors
during one or more object motion attempts. In some implementations, one or more (e.g., all)
object motion attempts may last from approximately 3-5 seconds. In some implementations,
the robot 180A, 180B, and/or other robots may be programmed to move out of the field of view
of the vision sensor in between object motion attempts, and an image may be captured by the
vision sensor when the robot is out of view and that image associated with the immediately
following object motion attempt.

[0057] In some implementations, object motion attempts may include random push attempts
and/or “sweep to the middle” attempts. Random push attempts may be random (e.g., truly
random and/or pseudo-random) movements of the end effector, optionally within a constrained
area, such as an area near the objects 191A/191B, an area that is based on a bin that contains
the objects 191A/191B, etc. Sweep to the middle attempts may start from a random position
near or on the outside border of a constrained area within which the object motion attempts are
restricted, and may meander the end effector toward the middle of the constrained area. For
example, the constrained area may generally conform to a bin, and the random sweep attempts
may start from a random position near the periphery of the bin and meandered randomly
toward the middle of the bin. The random sweep attempts may be beneficial to prevent objects
from piling up on the edges of the bin.

[0058] Each object motion attempt results in at least one training example with T frames,
represented by (I ,py ). Thatis, each frame of a training example includes at least the image

observed at the corresponding time step (I; ), robot movement parameters (p; ) that indicate
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the robot state at the corresponding time step and the action to be implemented at the
corresponding time step. The training examples for the plurality of object motion attempts of a
plurality of robots are stored by the training example generation system 110 in training
examples database 117.

[0059] The data generated by sensor(s) associated with a robot and/or the data derived from
the generated data may be stored in one or more non-transitory computer readable media local
to the robot and/or remote from the robot. In some implementations, images captured by
vision sensors may include multiple channels, such as a red channel, a blue channel, a green
channel, and/or a depth channel. Each channel of an image defines a value for each of a
plurality of pixels of the image such as a value from 0 to 255 for each of the pixels of the image.
In some implementations, the image observed at an initial time step (I ) for each of the training
examples may be concatenated with an additional image in the training examples. The
additional image may be an additional image that preceded the corresponding object motion
attempt, where the additional image does not include the grasping end effector and/or other
components of the robot — or includes the end effector and/or other robot components in a
different pose (e.g., one that does not overlap with the pose of the current image). For instance,
the additional image may be captured after any preceding object motion attempt, but before
end effector movement for the object motion attempt begins and when the grasping end
effector is moved out of the field of view of the vision sensor.

[0060] The training engine 120 trains a neural network 125 based on the training examples of
training examples database 117. In some implementations, training the CNN 125 includes
iteratively updating the neural network 125 based on application of the training examples to the
neural network 125. The trained CNN 125 is trained to predict transformation(s) that will occur
to an image of a robot’s environment in response to particular movement(s) of the robot in the
environment.

[0061] FIG. 3 is a flowchart illustrating an example method 300 of performing object motion
attempts and storing data associated with the object motion attempts. For convenience, the
operations of the flow chart are described with reference to a system that performs the
operations. This system may include one or more components of a robot, such as a processor
and/or robot control system of robot 180A, 180B, 840, and/or other robot. Moreover, while

operations of method 300 are shown in a particular order, this is not meant to be limiting. One
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or more operations may be reordered, omitted or added.

[0062] At block 352, the system starts an object motion attempt. At block 354, the system
stores an image of an environment without an end effector present in the image. For example,
the system may move the grasping end effector out of the field of view of the vision sensor (i.e.,
not occluding the view of the environment) and capture an image at an instance when the
grasping end effector is out of the field of view. The image may then be stored and associated
with the object motion attempt. In some implementations, block 354 may be omitted.

[0063] At block 356, the system determines and implements a movement. For example, the
system may generate one or more motion commands to cause one or more of the actuators that
control the pose of an end effector to actuate, thereby changing the pose of the end effector.
[0064] Insome implementations and/or iterations of block 356, the motion command(s) may
be random within a given space, such as the work-space reachable by the end effector, a
constrained space within which the end effector is confined for the object motion attempts,
and/or a space defined by position and/or torque limits of actuator(s) that control the pose of
the end effector. For example, the motion command(s) generated by the system at block 356 to
implement movement may be random within a given space. Random, as used herein, may
include truly random or pseudo-random.

[0065] In some implementations, in the first iteration of block 356 for each object motion
attempt, the end effector may be “out of position” based on it being moved out of the field of
view at block 354. In some of those implementations, prior to the first iteration of block 356 the
end effector may be randomly or otherwise moved “back into position”. For example, the end
effector may be moved back to a set “starting position” and/or moved to a randomly selected
position within a given space.

[0066] At block 358, the system stores: (1) an image that captures the environment of the
robot at the current instance (time step) of the object motion attempt and (2) the robot
parameters at the current instance. For example, the system may store a current image
generated by a vision sensor associated with the robot and associate the image with the current
instance (e.g., with a timestamp). Also, for example the system may determine the robot
parameters based on data from one or more joint position sensors of joints of the robot and/or
torque sensors of the robot, and the system may store those parameters. The system may

determine and store the robot parameters in task-space, joint-space, and/or another space.
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[0067] At block 360, the system determines whether the current instance is the final instance
for the object motion attempt. In some implementations, the system may increment an
instance counter at block 352, 354, 356, or 358 and/or increment a temporal counter as time
passes — and determine if the current instance is the final instance based on comparing a value
of the counter to a threshold. For example, the counter may be a temporal counter and the
threshold may be 3 seconds, 4 seconds, 5 seconds, and/or other value. In some
implementations, the threshold may vary between one or more iterations of the method 300.
[0068] If the system determines at block 360 that the current instance is not the final
instance for the object motion attempt, the system returns to blocks 356, where it determines
and implements an additional movement, then proceeds to block 358 where it stores an image
and the robot parameters at the current instance (of the additional movement). In many
implementations, blocks 356, 358, 360, and/or other blocks may be performed at a relatively
high frequency, thereby storing a relatively large quantity of data for each object motion
attempt.

[0069] If the system determines at block 360 that the current instance is the final instance for
the object motion attempt, the system proceeds to block 366, where the system resets the
counter (e.g., the instance counter and/or the temporal counter), and proceeds back to block
352 to start another object motion attempt.

[0070] In some implementations, the method 300 of FIG. 3 may be implemented on each of a
plurality of robots, optionally operating in parallel during one or more (e.g., all) of their
respective iterations of method 300. This may enable more object motion attempts to be
achieved in a given time period than if only one robot was operating the method 300.
Moreover, in implementations where one or more of the plurality of robots includes an
associated vision sensor with a pose relative to the robot that is unique from the pose of one or
more vision sensors associated with other of the robots, training examples generated based on
object motion attempts from the plurality of robots may provide robustness to vision sensor
pose in a neural network trained based on those training examples. Moreover, in
implementations where end effectors and/or other hardware components of the plurality of
robots vary and/or wear differently, and/or in which different robots interact with different
objects (e.g., objects of different sizes, different weights, different shapes, different

translucencies, different materials) and/or in different environments (e.g., different surfaces,
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different lighting, different environmental obstacles), training examples generated based on
object motion attempts from the plurality of robots may provide robustness to various robotic
and/or environmental configurations.

[0071] In some implementations, the objects that are reachable by a given robot and on
which object motion attempts may be made may be different during different iterations of the
method 300. For example, a human operator and/or another robot may add and/or remove
objects to the workspace of a robot between one or more object motion attempts of the robot.
This may increase the diversity of the training data. In some implementations, environmental
factors such as lighting, surface(s), obstacles, etc. may additionally and/or alternatively be
different during different iterations of the method 300, which may also increase the diversity of
the training data.

[0072] FIG. 4 is a flowchart illustrating an example method 400 of generating training
examples based on data associated with object motion attempts of robots. For convenience, the
operations of the flow chart are described with reference to a system that performs the
operations. This system may include one or more components of a robot and/or another
computer system, such as a processor and/or robot control system of robot 180A, 1808, 840,
and/or a processor of training example generation system 110 and/or other system that may
optionally be implemented separate from a robot. Moreover, while operations of method 400
are shown in a particular order, this is not meant to be limiting. One or more operations may be
reordered, omitted or added.

[0073] At block 452, the system starts training example generation. At block 454, the system
selects an object motion attempt. For example, the system may access a database that includes
data associated with a plurality of stored object motion attempts, and select one of the stored
object motion attempts. The selected object motion attempt may be, for example, an object
motion attempt generated based on the method 300 of FIG. 3.

[0074] At block 456, the system selects a group of sequential frames of the object motion
attempt. For example, the system may select the initial frame of the object motion attempt as
the first instance of the group, may select an immediately next in time frame as the second
instance of the group, select the immediately next in time frame as the third instance of the
group, etc. As another example, the system may select the fifth frame of the object motion

attempt as the first instance of the group, select the sixth frame of the object as the second
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instance of the group, etc.

[0075] At block 458, the system assigns the sequential frames as a training example. As
described, the sequential frames can each include an image at a corresponding time step, a
robot state at the corresponding time step, and an action for the corresponding time step. In
some implementations, at block 456 or block 458 the system may optionally process the
image(s) of the frames. For example, the system may optionally resize the image to fit a defined
size of an input layer of the neural network, remove one or more channels from the image,
and/or normalize the values for depth channel(s) (in implementations where the images include
a depth channel).

[0076] At block 460, the system determines whether additional training examples are to be
generated. If so, the system proceeds back to block 454 and selects an object motion attempt
(e.g., a different object motion attempt). If not, training example generation ends at block 468.
[0077] In some implementations, determining whether additional training examples are to be
generated may include determining whether there are any remaining unprocessed object
motion attempts. In some implementations, determining whether additional training examples
are to be generated may additionally and/or alternatively include determining whether a
threshold number of training examples has already been generated and/or other criteria has
been satisfied.

[0078] Anotheriteration of method 400 may be performed again. For example, the method
400 may be performed again in response to at least a threshold number of additional object
motion attempts being performed.

[0079] Although method 300 and method 400 are illustrated in separate figures herein for
the sake of clarity, it is understood that one or more blocks of method 400 may be performed by
the same component(s) that perform one or more blocks of the method 300. For example, one
or more (e.g., all) of the blocks of method 300 and the method 400 may be performed by
processor(s) of a robot. Also, it is understood that one or more blocks of method 400 may be
performed in combination with, or preceding or following, one or more blocks of method 300.
[0080] FIG. 5is a flowchart illustrating an example method 500 of training a neural network
based on training examples. For convenience, the operations of the flow chart are described
with reference to a system that performs the operations. This system may include one or more

components of a computer system, such as a processor (e.g., a GPU) of training engine 120
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and/or other computer system operating over the neural network (e.g., over neural network
125). Moreover, while operations of method 500 are shown in a particular order, this is not
meant to be limiting. One or more operations may be reordered, omitted or added.

[0081] At block 552, the system starts training. At block 554, the system selects a training
example. For example, the system may select a training example generated based on the
method 400 of FIG. 4.

[0082] At block 556, the system applies an image of a first frame of the selected training
example to an initial layer of a neural network. For example, the system may apply the image of
the first frame to an initial convolutional layer of the neural network. As described herein, in
some implementations the training example may optionally include an additional image that at
least partially omits the end effector and/or other robot components. In some of those
implementations, the system concatenates the image of the first frame and the additional image
and applies the concatenated image to the initial layer. In some other of those
implementations, the image of the first frame is already concatenated with the additional image
in the training example.

[0083] At block 558, the system applies the robot movement parameters of the first frame to
an additional layer of the neural network. For example, the system may apply the robot
movement parameters of the first frame to an additional layer (e.g., a convolutional LSTM layer)
of the neural network that is downstream of the initial layer to which the image is applied at
block 556. As described herein, the robot movement parameters of the first frame can include
the robot state at a time step of the initial frame, and an action to be performed at the time step
of the initial frame.

[0084] At block 560, the system generates a predicted image over the neural network based
on the applied image and the applied robot movement parameters. Generating the predicted
image will be dependent on the structure of the neural network and can include one or more of
the techniques described herein with respect to the DNA, CDNA, and STP variations of the neural
network.

[0085] At block 562, the system performs backpropagation and/or other training techniques
on the neural network based on comparison of the predicted image to the image of the second
frame of the training example. In some implementations, the system determines an /»

reconstruction loss based on the comparison, and updates the neural network based on the /»
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reconstruction loss.

[0086] At block 564, the system applies the most recently predicted image as input to the
initial layer of the neural network. In an initial iteration of block 564, this is the predicted image
of block 560. In some implementations, at block 564 the system may instead apply, as input to
the additional layer of the neural network, the image of the frame of the training example that
corresponds to the most recently predicted image. In an initial iteration of block 564, this would
be the image of the second frame of the training example.

[0087] At block 566, the system applies the robot movement parameters of the next frame to
an additional layer of the neural network. In an initial iteration of block 564, this would be the
robot movement parameters of the second frame.

[0088] At block 568, the system generates a predicted image based on the application of the
image and the applied robot movement parameters to the neural network. Generating the
predicted image will be dependent on the structure of the neural network and can include one
or more of the techniques described herein with respect to the DNA, CDNA, and STP variations
of the neural network.

[0089] At block 570, the system performs backpropagation and/or other training techniques
on the neural network based on comparison of the predicted image to the image of the next
frame of the training example. In an initial iteration of block 570, the image of the next frame
would be the image of the third frame. In some implementations, the system determines an /»
reconstruction loss based on the comparison, and updates the neural network based on the /»
reconstruction loss.

[0090] At block 572, the system determines whether there is an additional frame to consider
in the training example. For example, if the training is for eight iterations, the system can
determine there is an additional frames to consider if eight frames have yet to be considered. If
the system determines at block 572 that there is an additional frame to consider, the system
proceeds back to block 564 and performs another iteration of blocks 564, 566, 568, 570, and
572.

[0091] If the system determines at block 572 that there is not an additional frame to
consider, the system proceeds to block 574. At block 574, the system determines if there are
additional training examples. If the system determines there are additional training examples,

the system returns to block 554 and selects another training example. In some
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implementations, determining whether there are additional training examples may include
determining whether there are any remaining training examples that have not been utilized to
train the neural network. In some implementations, determining whether there are additional
training examples may additionally and/or alternatively include determining whether a threshold
number of training examples have been utilized and/or other criteria has been satisfied.

[0092] If the system determines there are not additional training examples and/or that some
other criteria has been met, the system proceeds to block 576.

[0093] At block 576, the training of the neural network may end. The trained neural network
may then be provided for use by one or more robots in determining one or more movements to
perform in an environment. For example, a robot may utilize the trained neural network in
performing the method 700 of FIG. 7.

[0094] FIG. 6A and 6B illustrates an architecture of an example neural network 600,
illustrates example inputs that may be provided to the neural network, illustrates example
outputs of the neural network 600, and illustrates how the example outputs may be utilized to
generate a predicted image. The neural network 600 of FIG. 6A and 6B is an example of a neural
network that may be trained based on the method 500 of FIG. 5. The neural network 600 of FIG.
6A and 6B is further an example of a neural network that, once trained, may be utilized in
implementations of the method 700 of FIG. 7.

[0095] The example neural network 600 of FIGS. 6A and 6B is an example of the CDNA
motion prediction model. The example neural network 600 can be the neural network 125 of
FIG. 1, and is one of the three proposed motion prediction models described herein. In the
neural network 600 of FIG. 6A and 6B, convolutional layer 661, convolutional LSTM layers 672-
677, and convolutional layer 662 are utilized to process an image 601 (e.g., a camera captured
image in an initial iteration, and a most recently predicted image in subsequent iterations). An
output of ten normalized CDNA transformation kernels 682 are generated as output over the
smallest dimension layer (convolutional LSTM layer 675) of the network, and an output of
compositing masks 684 (e.g., an 11 channel mask) are generated as output over the last layer
(convolutional layer 62). As described herein, the compositing masks 684 can include one
channel for static background, and ten additional channels (each corresponding to a
transformed image to be generated based on a corresponding one of the ten CDNA

transformation kernels 682). The CDNA kernels 682 are applied to transform 693 the image 601
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(e.g., a camera captured image in an initial iteration, and a most recently predicted image in
subsequent iterations) into ten different transformed images 683. The ten different
transformed images are composited, at masked compositing 694, according to the compositing
masks 684 to generate a predicted image 685. The transform 693 of the image 601 into ten
different transformed images 683 may include convolving the image 601 based on the CDNA
kernels 682 (e.g., convolving the image 601 based on a first of the CDNA kernels 682 to generate
a first of the transformed images 683, convolving the image 601 based on a second of the CDNA
kernels to generate a second of the transformed images 683, etc.). The compositing masks 684
sum to one at each pixel due to an applied channel-wise softmax.

[0096] Various skip connections are illustrated in FIGS. 6A and 6B. In particular, a skip
connection from the output of convolutional LSTM layer 673 to the input of convolutional LSTM
layer 677, and a skip connection from the output of convolutional LSTM layer 671 to the input of
convolutional layer 662. Example dimensions of the various layers and outputs are also
illustrated. For example, image 601 can be 64 pixels by 64 pixels, and include 3 channels (as
indicated by “64x64x4”). Also, for example, convolutional LSTM layer 675 can be of an 8 by 8
dimension (as indicated by “8x8”), and apply 5 by 5 convolutions (as indicated by “5x5”).

[0097] Additional description of the example neural network 600 is now provided. The
neural network 600 includes a core trunk made up of one stride-2 5 x 5 convolutional layer 661,
followed by convolutional LSTM layers 671-677. Each of the convolutional LSTM layers 671-677
has weights arranged into 5x5 convolutions, and the output of the preceding LSTM is fed directly
into the next one. Convolutional LSTM layers 673 and 675 are preceded by stride 2
downsampling to reduce resolution, and convolutional LSTM layers 675, 676, and 677 are
preceded by upsampling. The end of the LSTM stack is followed by an upsampling stage and a
final convolutional layer 662, which then outputs full-resolution compositing masks 684 for
compositing the various transformed images 683 and compositing against the static background.
The masked compositing 694 can use the compositing masks 684 and the transformed images
683 to generate the predicted image 685. It is noted that in the case of an STP motion
prediction model, masks will also be generated for compositing various transformed images
(generated based on the transformation matrices), and in the case of both the STP and the DNA,
a compositing mask will be generated for compositing against the static background.

[0098] To preserve high-resolution information, a skip connection from the output of
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convolutional LSTM layer 671 to the input of convolutional layer 662, and a skip connection from
the output of convolutional LSTM layer 673 to the input of convolutional LSTM layer 677 are
provided. The skip connections concatenate the skip layer activations and those of the
preceding layer before sending them to the following layer. For example, the input to
convolutional LSTM layer 677 consists of the concatenation of the output from convolutional
LSTM layer 673 and the output from convolutional LSTM layer 676. The model also includes, as
input, robot movement parameters of the robot state 602 (e.g., gripper pose) and robot action
603 (e.g., gripper motion command). For example, the robot state 602 can be five dimensions,
with values for vector (x, y, z) and angles (pitch, yaw). The robot action can also be five
dimensions, and can be the values for vector and angles for a subsequent (e.g., next) time step if
the action is applied and/or a motion vector if the action is applied. For example, the robot
action can be the vector (x, y, z,) and angles (pitch, yaw) for a commanded gripper pose. The
commanded gripper pose can be the commanded gripper pose of the next time step, or a
further time step (e.g., the target pose for the gripper at the final time step). The robot state
602 and robot action 603 vectors are first tiled into an 8 x 8 response map 681 with 10 channels,
and then concatenated, channel-wise at 693, to the input of convolutional LSTM layer 675
(concatenated with the output from the convolutional LSTM layer 674. The robot state 602 at a
current iteration can be a current robot state, and the robot state 602 at subsequent iterations
can be predicted linearly from the preceding current robot state and preceding robot action,
though additional or alternative robot state prediction models could be used.

[0099] In the case of the action-conditioned robot manipulation task, all three models (DNA,
CDNA, and STP) include as input the current state (e.g., gripper pose) and action (e.g., gripper
motion command) of the robot. The three models differ in the form of the transformation that
is applied to the previous image. The object-centric CONA and STP models output the
transformation parameters after convolutional LSTM layer 675. In both cases, the output of
convolutional LSTM layer 675 is flattened and linearly transformed, either directly into filter
parameters in the case of the CDNA, or through one 100-unit hidden layer in the case of the STP.
There can be 10 CDNA filters in the case of CDNA, which can be 5 x 5 in size and normalized to
sum to 1 via a spatial softmax, so that each filter represents a distribution over positions in the
previous image from which a new pixel value can be obtained. The STP parameters can

correspond to 10 3 x 2 affine transformation matrices. The transformations are applied to the
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preceding image to create 10 separate transformed images. The CDNA transformation
corresponds to a convolution (though with the kernel being an output of the network), while the
STP transformation is an affine transformation. The DNA model differs from the other two in
that the transformation parameters are output at the last convolutional layer 662, in the same
place as the mask. This is because the DNA model outputs a transformation map as large as the
entire image. For each image pixel, the DNA model outputs a 5 x 5 convolutional kernel that can
be applied to the previous image to obtain a new pixel value, similarly to the CDNA model.
However, because the kernel is spatially-varying, this model is not equivalent to the CDNA. This
transformation only produces one transformed image. After transformation, the transformed
image(s) and the previous image are composited together based on the mask. The previous
image is included as a static “background” image and, as described herein, the mask on the
background image tends to pick out static parts of the scene. The final image is formed by
multiplying each transformed image and the background image by their mask values, and adding
all of the masked images together.

[00100] Although a particular convolutional neural network is illustrated in FIG. 6A and 6B,
variations are possible. For example, more or fewer LSTM layers may be provided, one or more
layers may be different sizes than those provided as examples, etc. Also, for example,
alternative predicted transformation and/or compositing masks may be generated over the
model.

[00101] Once the neural network of FIG. 6A and 6B or other neural network is trained
according to techniques described herein, it may be utilized for various purposes. With
reference to FIG. 7, a flowchart is illustrated of an example method 700 of utilizing a trained
neural network to generate predicted image(s) that predict a robot’s environment after
movement of the robot occurs and/or performing one or more actions based on the predicted
images. For convenience, the operations of the flow chart are described with reference to a
system that performs the operations. This system may include one or more components of a
robot, such as a processor (e.g., CPU and/or GPU) and/or robot control system of robot 180A,
1808, 840, and/or other robot. In implementing one or more blocks of method 700, the system
may operate over a trained neural network which may, for example, be stored locally at a robot
and/or may be stored remote from the robot. Moreover, while operations of method 700 are

shown in a particular order, this is not meant to be limiting. One or more operations may be
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reordered, omitted or added.

[00102] At block 752, the system generates candidate robot movement parameters for at least
a portion of a candidate movement of a robot. The candidate robot movement parameters can
include, for example, a current robot state (e.g., the current robot state or an initial robot state
of the candidate robot movement parameters), and one or more actions to be performed (e.g., a
commanded robot state). The candidate robot movement parameters define at least a portion
of a candidate movement performable (but not yet performed) by one or more components of
the robot in an environment of the robot. For example, the movement may include movement
of an end effector of the robot from a first pose to a second pose and the candidate robot
movement parameters may define various parameters associated with the movement from the
first pose to the second pose, or parameters associated with the movement from the first pose
to intermediate pose(s) between the first pose and the second pose. For instance, the candidate
robot movement parameters may define only a portion of (e.g., only a percentage of the first
part of or only the first X time steps of) a candidate movement.

[00103] The movement parameters may include, for example, joint-space motion vectors (e.g.,
joint angle movements) to accomplish the portion of the candidate movement, the
transformation of the pose of the end effector over the portion of the candidate movement,
joint-space torque vectors to accomplish the portion of the candidate movement, and/or other
parameters. It is noted that the particular movement parameters and/or the form of the
movement parameters will be dependent on the input parameters of the trained neural network
utilized in further blocks.

[00104] In some implementations, the candidate movement is generated by another system
and candidate robot movement parameters for the candidate movement are applied to the
neural network in method 700 to determine how the candidate movement will affect object(s) in
the environment if implemented. In some of those implementations, the candidate movement
may be implemented based on how it will affect object(s), may be refined based on how it will
affect object(s), or may not be implemented based on how it will affect object(s). In some
implementations, the system generates a plurality of distinct candidate movements and applies
candidate robot movement parameters for each of them to the neural network in multiple
iterations of method 700 to determine how each will affect object(s) in the environment. In

some of those implementations, one of the movements may be selected for implementation
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based on how they will affect object(s).

[00105] At block 754, the system identifies an image that captures one or more environmental
objects in an environment of the robot. In some implementations, such as a first iteration of
method 700 for a portion of a candidate movement, the image is a current image. In some
implementations, the system also identifies an additional image that at least partially omits the
end effector and/or other robot components, such as an additional image of the environmental
objects that was captured by a vision sensor when the end effector was at least partially out of
view of the vision sensor. In some implementations, the system concatenates the image and the
additional image to generate a concatenated image. In some implementations, the system
optionally performs processing of the image(s) and/or concatenated image (e.g., to size to an
input of the neural network).

[00106] At block 756, the system applies the image and the candidate robot movement
parameters (e.g., a candidate robot state and candidate action(s)) to a trained neural network.
For example, the system may apply the image to an initial layer of the trained neural network.
The system may also apply the current robot state and the candidate robot movement
parameters to an additional layer of the trained neural network that is downstream of the initial
layer.

[00107] At block 758, the system generates, over the trained neural network, a predicted
transformation of the image of block 754. The predicted transformation is generated based on
the applying of the image and the candidate robot movement parameters (along with the
current robot state) to the trained neural network at block 756 and determining the predicted
transformation based on the learned weights of the trained neural network.

[00108] At block 760, the system transforms the image, based on the predicted transformation
of block 758, to generate a predicted image. For example, where the predicted transformation
of block 758 includes parameters of one or more spatial transformers, the system may apply the
one or more spatial transformers to the current image utilizing the parameters. Also, for
example, where the predicted transformation of block 758 includes one or more normalized
distributions each corresponding to one or more of the pixels, transforming the current image
may include applying the normalized distribution to the current image using a convolution
operation. In some of those implementations, each of the normalized distributions corresponds

to a corresponding one of the pixels. Compositing mask(s) may also be utilized as described
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herein, wherein the parameters of the compositing mask(s) are generated based on the applying
of the image (and optionally the additional image) and the candidate robot movement
parameters to the trained neural network at block 756. For example, compositing mask can be
utilized to generate a single predicted image from multiple transformed images generated using
a CDNA and/or STP model as described herein. Moreover, the compositing mask(s) can include
a background mask that can be applied to the current image to copy pixels from the current
image in generating the predicted image.

[00109] The predicted image predicts the portion of the environment captured by the image if
the at least a portion of the candidate movement indicated by the parameters of block 752 is
performed in the environment by the components of the robot. In other words, where the at
least the portion of the candidate movement would cause motion of one or more object(s) in
the environment, the predicted image may represent the object(s) after the motion.

[00110] In some implementations, the system determines if there are additional candidate
robot movement parameters to consider for the candidate movement. For example, the system
may determine if there is another portion of the candidate movement to consider and, if so, the
system proceeds back to block 752 and generates candidate robot movement parameters for
that portion, then proceeds to block 754 and identifies an image, then proceeds to blocks 756-
758 and generates another predicted image based on the additional candidate robot movement
parameters. In some implementations, the image identified at an additional iteration of block
754 is the predicted image generated in an immediately preceding iteration of block 760. This
process may repeat, each time utilizing the predicted image from an immediately preceding
iteration as the image identified at that iteration of block 754 and applied at that iteration of
block 756, thereby enabling predicted images to be generated for each of multiple time steps in
the future. In this manner, the predicted images may be utilized to determine motion of
object(s) over multiple time steps, conditioned on a current image and based on candidate robot
movement parameters.

[00111] At block 762, the system performs one or more actions based on the predicted images
and optionally based on the “current image”. For example, the system may determine, based on
comparing the predicted image to the current image, that the motion caused by the candidate
movement is desirable. Based on determining the motion is desirable, the system may perform

the candidate movement by, for example, providing one or more control commands to one or
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more actuators of the robot to effectuate the candidate movement. Also, for example, where
multiple predicted images are determined for a candidate movement the system may
determine, based on the predicted images and/or the current image, that the motion caused by
the candidate movement is desirable. Based on determining the motion is desirable, the system
may perform the candidate movement by, for example, providing one or more control
commands to one or more actuators of the robot to effectuate the candidate movement.
[00112] In some implementations, one or more iterations of blocks 752-760 are performed for
one or more additional candidate movements and at block 764 the system may select one of the
candidate movements based on the predicted images for those iterations. For example, one or
more iterations of blocks 752-760 may be performed for a first candidate movement and
separately performed for a second candidate movement. The system may select one of the first
candidate movement and the second candidate movement based on predicted image(s) for the
first candidate movement and predicted image(s) for the second candidate movement. The
system may perform the selected candidate movement by providing one or more corresponding
control commands to one or more actuators of the robot.

[00113] FIG. 8 schematically depicts an example architecture of a robot 840. The robot 840
includes a robot control system 860, one or more operational components 840a-840n, and one
or more sensors 842a-842m. The sensors 842a-842m may include, for example, vision sensors,
light sensors, pressure sensors, pressure wave sensors (e.g., microphones), proximity sensors,
accelerometers, gyroscopes, thermometers, barometers, and so forth. While sensors 842a-m
are depicted as being integral with robot 820, this is not meant to be limiting. In some
implementations, sensors 842a-m may be located external to robot 820, e.g., as standalone
units.

[00114] Operational components 840a-840n may include, for example, one or more end
effectors and/or one or more servo motors or other actuators to effectuate movement of one or
more components of the robot. For example, the robot 820 may have multiple degrees of
freedom and each of the actuators may control actuation of the robot 820 within one or more of
the degrees of freedom responsive to the control commands. As used herein, the term actuator
encompasses a mechanical or electrical device that creates motion (e.g., a motor), in addition to
any driver(s) that may be associated with the actuator and that translate received control

commands into one or more signals for driving the actuator. Accordingly, providing a control
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command to an actuator may comprise providing the control command to a driver that
translates the control command into appropriate signals for driving an electrical or mechanical
device to create desired motion.

[00115] The robot control system 860 may be implemented in one or more processors, such as
a CPU, GPU, and/or other controller(s) of the robot 820. In some implementations, the robot
820 may comprise a “brain box” that may include all or aspects of the control system 860. For
example, the brain box may provide real time bursts of data to the operational components
840a-n, with each of the real time bursts comprising a set of one or more control commands
that dictate, inter alia, the parameters of motion (if any) for each of one or more of the
operational components 840a-n. In some implementations, the robot control system 860 may
perform one or more aspects of methods 300, 400, 500, and/or 700 described herein.

[00116] As described herein, in some implementations all or aspects of the control commands
generated by control system 860 in moving one or more components of a robot may be based
on predicted image(s) generated utilizing predicted transformation(s) determined via a trained
neural network. For example, a vision sensor of the sensors 842a-m may capture a current
image, and the robot control system 860 may generate candidate robot movement parameters.
The robot control system 860 may provide the current image and candidate robot movement
parameters to a trained neural network, generate a predicted transformation based on the
applying, may generate a predicted image based on the predicted transformation, and utilize the
predicted image to generate one or more end effector control commands for controlling the
movement of the robot. Although control system 860 is illustrated in FIG. 8 as an integral part of
the robot 820, in some implementations, all or aspects of the control system 860 may be
implemented in a component that is separate from, but in communication with, robot 820. For
example, all or aspects of control system 860 may be implemented on one or more computing
devices that are in wired and/or wireless communication with the robot 820, such as computing
device 910.

[00117] FIG. 9is a block diagram of an example computing device 910 that may optionally be
utilized to perform one or more aspects of techniques described herein. Computing device 910
typically includes at least one processor 914 which communicates with a number of peripheral
devices via bus subsystem 912. These peripheral devices may include a storage subsystem 924,

including, for example, a memory subsystem 925 and a file storage subsystem 926, user
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interface output devices 920, user interface input devices 922, and a network interface
subsystem 916. The input and output devices allow user interaction with computing device 910.
Network interface subsystem 916 provides an interface to outside networks and is coupled to
corresponding interface devices in other computing devices.

[00118] User interface input devices 922 may include a keyboard, pointing devices such as a
mouse, trackball, touchpad, or graphics tablet, a scanner, a touchscreen incorporated into the
display, audio input devices such as voice recognition systems, microphones, and/or other types
of input devices. In general, use of the term "input device" is intended to include all possible
types of devices and ways to input information into computing device 910 or onto a
communication network.

[00119] User interface output devices 920 may include a display subsystem, a printer, a fax
machine, or non-visual displays such as audio output devices. The display subsystem may
include a cathode ray tube (CRT), a flat-panel device such as a liquid crystal display (LCD), a
projection device, or some other mechanism for creating a visible image. The display subsystem
may also provide non-visual display such as via audio output devices. In general, use of the term
"output device" is intended to include all possible types of devices and ways to output
information from computing device 910 to the user or to another machine or computing device.
[00120] Storage subsystem 924 stores programming and data constructs that provide the
functionality of some or all of the modules described herein. For example, the storage
subsystem 924 may include the logic to perform selected aspects of the method of FIGS. 3, 4, 5,
and/or 7.

[00121] These software modules are generally executed by processor 914 alone or in
combination with other processors. Memory 925 used in the storage subsystem 924 can include
a number of memories including a main random access memory (RAM) 930 for storage of
instructions and data during program execution and a read only memory (ROM) 932 in which
fixed instructions are stored. A file storage subsystem 926 can provide persistent storage for
program and data files, and may include a hard disk drive, a floppy disk drive along with
associated removable media, a CD-ROM drive, an optical drive, or removable media cartridges.
The modules implementing the functionality of certain implementations may be stored by file
storage subsystem 926 in the storage subsystem 924, or in other machines accessible by the

processor(s) 914.
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[00122] Bus subsystem 912 provides a mechanism for letting the various components and
subsystems of computing device 910 communicate with each other as intended. Although bus
subsystem 912 is shown schematically as a single bus, alternative implementations of the bus
subsystem may use multiple busses.

[00123] Computing device 910 can be of varying types including a workstation, server,
computing cluster, blade server, server farm, or any other data processing system or computing
device. Due to the ever-changing nature of computers and networks, the description of
computing device 910 depicted in Fig. 9 is intended only as a specific example for purposes of
illustrating some implementations. Many other configurations of computing device 910 are

possible having more or fewer components than the computing device depicted in Fig. 9.
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CLAIMS

What is claimed is:

1. A method implemented by one or more processors, comprising:

generating candidate robot movement parameters, the candidate robot movement
parameters defining at least a portion of a candidate movement performable in an environment
of a robot by one or more components of the robot;

identifying a current image captured by a vision sensor associated with the robot, the
current image capturing at least a portion of the environment of the robot;

applying the current image and the candidate robot movement parameters as input to a
trained neural network;

generating at least one predicted transformation of the current image, the predicted
transformation being generated based on the application of the current image and the
candidate robot movement parameters to the trained neural network;

transforming the current image based on the at least one predicted transformation to
generate at least one predicted image, the predicted image predicting the portion of the
environment of the robot if the at least the portion of candidate movement is performed in the
environment by the components of the robot.

2. The method of claim 1, further comprising:

determining, based on the predicted image, to perform the candidate movement; and

providing one or more control commands to one or more actuators of the robot to
perform the candidate movement.

3. The method of claim 1, further comprising:

determining, based on the predicted image, to perform an alternate movement in lieu of
the candidate movement; and

providing one or more control commands to one or more actuators of the robot to
perform the alternate movement.

4. The method of claim 1, further comprising:

generating at least one compositing mask based on the application of the current image
and the candidate robot movement parameters to the trained neural network;

wherein transforming the current image is further based on the at least one compositing

mask.
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5. The method of claim 4, wherein the at least one predicted transformation
comprises a plurality of predicted transformations, wherein the at least one compositing mask
comprises a plurality of compositing masks, and wherein transforming the current image based
on the at least one predicted transformation to generate the predicted image comprises:

generating a plurality of predicted images based on the plurality of predicted
transformations; and

compositing the predicted images based on the plurality of compositing masks to
generate the predicted image.

6. The method of claim 1, further comprising:

generating second candidate robot movement parameters, the second candidate robot
movement parameters defining at least a portion of a second candidate movement performable
in the environment by one or more of the components, the second candidate movement
performable in lieu of the candidate movement;

applying the current image and the second candidate robot movement parameters as
input to the trained neural network;

generating at least one second predicted transformation of the current image, the
second predicted transformation being generated based on the application of the current image
and the second candidate robot movement parameters to the trained neural network;

transforming one or more of the pixels of the current image based on the second
predicted transformation to generate at least one second predicted image, the second predicted
image predicting the portion of the environment of the robot if the at least the portion of the
second candidate movement is performed in the environment by the components of the robot.

7. The method of claim 6, further comprising:

selecting, based on the predicted image and the second predicted image, either the
candidate movement or the second candidate movement; and

providing one or more control commands to one or more actuators of the robot to
perform the selected one of the candidate movement and the second candidate movement.

8. The method of claim 1, further comprising:

generating continuing candidate robot movement parameters, the continuing candidate
robot movement parameters defining another portion of the candidate movement that follows

the portion of the candidate movement;
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applying the predicted image and the continuing candidate robot movement parameters
to the trained neural network;

generating at least one continuing predicted transformation of the predicted image, the
continuing predicted transformation being generated based on the application of the predicted
image and the continuing candidate robot movement parameters to the trained neural network;

transforming the predicted image based on the continuing predicted transformation to
generate a continuing predicted image.

9. The method of claim 8, further comprising:

determining, based on the predicted image and the continuing predicted image, to
perform the candidate movement; and

providing one or more control commands to one or more actuators of the robot to
perform the candidate movement.

10. The method of claim 1, wherein the trained neural network comprises a plurality
of stacked convolutional long short-term memory layers.

11. The method of claim 1, wherein the at least on predicted transformation of pixels
of the current image comprises parameters of one or more spatial transformers.

12. The method of claim 10, wherein transforming the current image comprises:
applying the one or more spatial transformers to the current image utilizing the parameters.

13. The method of claim 1, wherein the at least one predicted transformation of
pixels of the current image comprises one or more normalized distributions each corresponding
to one or more of the pixels.

14. The method of claim 12, wherein transforming the current image comprises:
applying the normalized distribution to the current image using a convolution operation.

15. The method of claim 13, wherein each of the normalized distributions
corresponds to a corresponding one of the pixels.

16. The method of claim 1, wherein applying the current image and the candidate
robot motion parameters as input to the trained neural network comprises:

applying the current image as input to an initial layer of the trained neural network; and

applying the candidate robot motion parameters to an additional layer of the trained
neural network, the additional layer being downstream of the initial layer.

17. A system, comprising:
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a vision sensor viewing an environment;
a trained neural network stored in one or more non-transitory computer readable media;
at least one processor configured to:
identify a current image captured by the vision sensor associated with the robot;
identify a current state of the robot;
identify a candidate action to transition the robot from the current state to a
candidate state;
apply the current image, the current state, and the candidate action as input to
the trained neural network;
generate at least one predicted image based on the application of the current
image, the current state, and the candidate action to the trained neural network; and
determine, based on the predicted image, to perform the candidate action; and
provide one or more control commands to one or more actuators of the robot to
perform the candidate action.
18. The system of claim 17, wherein the at least one processor is further configured to:
determine, based on the candidate action, a next state that follows the current
state;
identify a next candidate action to transition the robot from the next sate to a
further candidate state;
apply the predicted image, the next state, and the next candidate action as input
to the trained neural network following the input of the current image, the current state,
and the candidate action as input to the trained neural network; and
generate a next predicted image based on the application of the predicted image,
the next state, and the next candidate action as input to the trained neural network;
wherein in determining to perform the candidate action, the at least one
processor is further to determine to perform the candidate action based on the next
predicted image.
19. A method of training a neural network, comprising:
identifying, by one or more processors, a plurality of training examples generated based
on sensor output from sensors associated with one or more robots during a plurality of object

motion attempts by the robots,
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each of the training examples comprising:

a group of sequential images from a corresponding attempt of the
object motion attempts, each of the images capturing one or more
corresponding objects in an environment at a corresponding instance of
time, and

for each of the sequential images:

a state of the robot at the corresponding instance of time,
and
an action to be applied to transition the state of the robot
at the corresponding instance of time to a new state corresponding
to the next sequential image of the sequential images;
training, by one or more of the processors, the neural network based on the
training examples.
20. The method of claim 19, wherein training the neural network based on the
training examples comprises:
applying, as initial input to the neural network:
a given image of the sequential images, and the state and the action for
the given image;
generating a predicted image based on application of the initial input to the
neural network;
determining an error based on the predicted image and the next sequential image
that follows the given image in the sequential images; and
updating the neural network based on the error.
21. The method of claim 20, wherein training the neural network based on the
training examples further comprises:
applying, as next input to the neural network following the application of the
initial input:
the predicted image, and the state and the action for the next sequential
image;
generating an additional predicted image based on application of the next input

to the neural network;
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determining an additional error based on the additional predicted image and an
additional next sequential image that follows the next sequential image in the sequential
images; and

updating the neural network based on the error.

22. The method of claim 20, wherein applying the initial input comprises:

applying the given image of the given training example as input to an initial layer of the
neural network; and

applying the state and the action for the given image to an additional layer of the neural
network, the additional layer being downstream of the initial layer.

23. The method of claim 19, wherein the training examples comprise:

a first group of the training examples generated based on output from a plurality of first
robot sensors of a first robot during a plurality of the object motion attempts by the first robot;
and

a second group of the training examples generated based on output from a plurality of
second robot sensors of a second robot during a plurality of the object motion attempts by the
second robot.

24, A computer program comprising machine readable instructions that when
executed by a computing apparatus causes performance of the method of any one of claims 1-
16.

25. A computer program comprising machine readable instructions that when
executed by a computing apparatus causes performance of the method of any one of claims 19-

23,
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