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A device for operating a machine learning system. The
machine learning system is assigned a predefinable rollout,
which characterizes a sequence in which each of the layers
ascertains an intermediate variable. When assigning the
rollout, each connection or each layer is assigned a control
variable, which characterizes whether the intermediate vari-
able of each of the subsequent connected layers is ascer-
tained according to the sequence or regardless of the
sequence. A calculation of an output variable of the machine
learning system as a function of an input variable of the
machine learning system is controlled as a function of the
predefinable rollout. Also described is a method for operat-
ing the machine learning system.

11



Patent Application Publication  Jan. 30, 2020 Sheet 1 of 5 US 2020/0034715 A1




US 2020/0034715 Al

Jan. 30,2020 Sheet 2 of 5

Patent Application Publication

A

¢ —-—-




Patent Application Publication  Jan. 30, 2020 Sheet 3 of 5 US 2020/0034715 A1

/30




Patent Application Publication  Jan. 30, 2020 Sheet 4 of 5 US 2020/0034715 A1

< ol
< <t (3p]
LT Q
\
<
L ]
A -
I %
N “
o
<t
\




Patent Application Publication  Jan. 30, 2020 Sheet 5 of 5 US 2020/0034715 A1

f50

/51

A

/52

A 4

53




US 2020/0034715 Al

DEVICE, WHICH IS CONFIGURED TO
OPERATE A MACHINE LEARNING SYSTEM

FIELD OF THE INVENTION

[0001] The present invention relates to a device, which is
configured to operate a machine learning system. The pres-
ent invention also relates to a method and to a computer
program for operating the machine learning system.

BACKGROUND INFORMATION

[0002] The non-prepublished patent specification DE 10
2018 200 724.1 describes a method for efficiently ascertain-
ing output signals of a sequence of output signals from a
sequence of input signals with the aid of a sequence of layers
of a neuronal network.

[0003] The input signals of the sequence of input signals
are fed successively to the neuronal network in a sequence
of discrete time steps and signals of a layer of the sequence
of layers present in each case in the neuronal network are
further propagated at the discrete time steps

[0004] The publication “The Streaming Rollout of Deep
Networks—Towards Fully Model-Parallel Execution” by
the authors Volker Fischer, Jan Kohler, Thomas Pfeil at
www.arkiv.org with the publication number arXiv:1806.
04965 shows, among others things, mathematical proof that
a complete, parallelized calculation of nodes of a graph for
arbitrary structures of the graph is possible.

SUMMARY

[0005] The propagation of signals by a graph, in particular,
by a deep neuronal network, is up to now calculated sequen-
tially. This means that the nodes of the graph, in particular,
the layers of the deep neuronal network, ascertain an output
variable in sequential succession as a function of an input
variable. This results in a sequential dependency of the
nodes, since the nodes are only able to ascertain their output
variable once the respective previous node has ascertained
its output variable. In this case, the nodes, in particular,
layers of the deep neuronal network, must wait until the
output variable of the previous node has arrived at the
respective subsequent node. This results in graphs, in par-
ticular, deep neuronal networks, that are slow.

[0006] In contrast to the related art, the present invention
has the advantage that it enables the calculations of the
nodes to be specifically controlled, so that a lesser depen-
dency to no sequential dependency of the nodes occurs.
[0007] In a first aspect of the present invention, a method
is introduced for operating a machine learning system, in
particular, for controlling a calculation of the machine
learning system. The machine learning system includes a
plurality of layers, which are connected with the aid of
connections. The machine learning system is assigned a
predefinable rollout, which characterizes a sequence,
according to which each of the series ascertains an interme-
diate variable. When assigning the rollout, each connection
and/or each layer is assigned a control variable, which
characterizes whether the intermediate variable of each of
the subsequent connected layers is ascertained according to
the sequence or regardless of the sequence. A calculation of
an output variable of the machine learning system as a
function of an input variable of the machine learning system
is controlled as a function of the predefinable rollout.
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[0008] Regardless of the sequence is understood below to
mean that the calculations of the intermediate variables of
the layers take place decoupled from the sequence. The
sequence may define a succession, according to which each
of the layers ascertains the output variables, for example,
once a previous layer has ascertained its output variable.
[0009] The advantageous effect in this case is that the
decoupling means that the individual layers may be calcu-
lated in a parallelized manner. As a result, the machine
learning system is able to more quickly ascertain the output
variable as a function of the input variable. Furthermore, the
calculation time of a complete parallelization of the layers is
a function only of the calculation time of the slowest layer
and no longer a function of the sum of the calculation times
of the individual layers, as is the case with the sequential
calculation of the machine learning system.

[0010] It is provided that when controlling the calculation
of the machine learning system step-wise, in particular, in
succession, one each of the layers, in particular, in each case
at a predefinable point in time of a sequence of points in
time, ascertains the intermediate variable according to the
sequence of the rollout. Those layers that ascertain their
intermediate variables regardless of the sequence, each
ascertain their intermediate variables, in each case at each
step, in particular, at the respective predefinable points in
time.

[0011] The advantage in this case is that shorter response
times of the machine learning system may be achieved.
[0012] It is further provided that the machine learning
system includes at least one skip connection, which connects
a first layer to a second layer and the first layer and the
second layer are also directly connected with the aid of at
least two connections.

[0013] The advantage of this is that with the skip connec-
tion, a higher response frequency may be achieved by the
skipping of a plurality of layers and of the decoupling of
these layers from the sequence.

[0014] It is further provided that the machine learning
system includes at least one recurrent connection.

[0015] The advantage is that the decoupling of the layers
having recurrent connections allows for an arbitrarily large
virtual memory for recurrent connections.

[0016] Itis further provided that those layers that ascertain
their intermediate values regardless of the sequence, ascer-
tain their intermediate variables as a function of a chrono-
logically preceding intermediate variable, in particular, of a
chronologically preceding calculation step, of the preceding
layer. Those layers that ascertain their intermediate variable
in sequence, ascertain their intermediate variable as a func-
tion of a chronologically instantaneous intermediate vari-
able, in particular, of an instantaneous calculation step, of
the preceding layer.

[0017] It is further provided that the machine learning
system does not include a closed path.

[0018] The advantage in this case is that by avoiding a
closed path, the calculations of the layers may be completely
parallelized. A closed path is understood to mean that the
beginning and the end of the path, which is defined by
connections of the machine learning system, are connected
to one another.

[0019] Itis further provided that the intermediate variables
of those layers that ascertain their intermediate variable
regardless of the sequence, are each ascertained in parallel.
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Furthermore, the ascertainment in parallel of the intermedi-
ate variables may be carried out on processing cores con-
nected in parallel.

[0020] Itis further provided that the intermediate variables
of those layers that ascertain their intermediate variable
regardless of the sequence, are ascertained asynchronously.
[0021] It is further provided that when the machine learn-
ing system is provided an input variable for the first time, it
is checked after each step, when ascertaining step by step
according to the sequence of the output variable of the
machine learning system, whether the intermediate variables
of the respectively previous layer, which are required for
those layers that ascertain their intermediate variables
regardless of the sequence, have already been ascertained.
[0022] This yields the advantage that it may be checked
whether, during the start-up phase, intermediate variables
already ascertained by deeper layers of the machine learning
system may be provided as an input variable since these
intermediate variables could not yet be ascertained accord-
ing to the sequence at the point in time of the start-up phase
of the machine learning system.

[0023] It is further provided that a plurality of the control
variables of the predefinable rollout characterize that the
respective intermediate variables are ascertained regardless
of the sequence.

[0024] The advantage in this case is that the more layers
that are decoupled from the sequence of the calculations of
the layers, the more extensively the calculations of the layers
may be parallelized.

[0025] It is further provided that when calculating the
machine learning system, a sequence of input variables is
provided to the machine learning system, in particular an
input layer of the machine learning system, in direct suc-
cession, in each case, at one time step of a sequence of time
steps, and a plurality of the layers or each layer ascertains the
respective intermediate variable at each time step as a
function of an input variable, which is assigned to one each
of the input variables.

[0026] The advantage is that multiple provided input vari-
ables may be processed simultaneously in a parallelized
manner with the aid of the machine learning system.
[0027] If is further provided that the machine learning
system is assigned a plurality of different rollouts. The
calculation of the machine learning is controlled in each case
as a function of the assigned rollout. The controlled calcu-
lations of the machine learning system are compared with at
least one predefinable comparison criterion. The predefin-
able rollout is selected from the plurality of different rollouts
as a function of the comparison of the rollouts.

[0028] The advantage in this case is that, based on the
comparison criterion, it is possible to ascertain a degree of
the parallelization of the calculations of the individual layers
as a function of the hardware, in particular, as a function of
the provided processing power of the hardware, and of the
specific application. Multiple processor cores may be effi-
ciently utilized through the parallelization, for example;
however, the processor cores are unable, for example, to
support any complete parallelization of the machine learning
system. Accordingly, the degree of parallelization may be
ascertained as a function of the processor cores by compar-
ing the rollouts.

[0029] It is further provided that in one of the rollouts, all
connections and layers are each assigned the same control
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variable, so that the respective output variables are ascer-
tained regardless of the sequence, in particular, in the
subsequent time step.

[0030] The advantage is that all layers are decoupled from
one another so that the calculation may be carried out in a
completely parallelized manner.

[0031] It is further provided that in one of the rollouts, all
connections or layers are each assigned the same control
variable, so that the respective output variables are ascer-
tained regardless of the sequence, in particular, in the
subsequent time step.

[0032] It is further provided that when assigning the
rollout, those connections that connect a first layer to a
second layer, and the first layer and the second layer are also
directly connected with the aid of at least two connections,
are assigned the control variable so that the intermediate
variable of the second layer is ascertained regardless of the
sequence.

[0033] It is further provided that the control variables of
the rollout are selected at random or as a function of an
additional predefinable rollout.

[0034] It is further provided that the rollouts are compared
with one another based on the predefinable comparison
criterion, and the predefinable comparison criterion as a
function of the control of the machine learning system is
ascertained as a function of the respective assigned rollout.
The predefinable comparison criterion may include one or a
plurality of the following listed comparison criteria:
[0035] A first variable, which characterizes a number of
time steps required in order, starting with a first time step at
which the input layer is provided the input variable, to a
second time step, at which an output layer has ascertained
the output variable, the output layer being connected to no
additional layer.

[0036] A second variable, which characterizes how many
output variables the machine learning system has ascer-
tained within a predefinable number of time steps.

[0037] A third variable, which characterizes how reliable,
in particular, an accuracy of the output variable of the
machine learning system relative to the classification accu-
racy of the machine learning system, the first output variable
of the respective rollout is.

[0038] A fourth variable, which characterizes a period of
time after which a start-up phase is completed, in particular,
until the reliability of the output variable is stable over
multiple time steps or calculation steps, or the classification
accuracy has reached a maximum value.

[0039] A fifth variable, which characterizes how many
connections, in particular, directly in succession, include the
same control variable.

[0040] It is further provided that at least one of the control
variables of the predefinable rollout is changed as a function
of a disruption of the calculation of the machine learning
system. A disruption may, for example, be understood to
mean that the machine learning system has erroneously
ascertained the output variable or one of the intermediate
variables.

[0041] It is further provided that the input variable of the
input layer is a detected sensor variable and a control
variable is ascertained as a function of the calculation of the
machine learning system.

[0042] The control variable may be used to control an
actuator of a technical system. The technical system may, for
example, be an at least semi-autonomous machine, an at
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least semi-autonomous vehicle, a robot, a tool, a factory
machine or a flying object, such as a drone.

[0043] Alternatively, the input variable may, for example,
be ascertained as a function of detected sensor data and
provided to the machine learning system. The sensor data
may be detected by a sensor such as, for example, of a
camera, of the technical system or may be received exter-
nally.

[0044] In another aspect, a computer program is provided.
The computer program is configured to carry out one of the
aforementioned methods. The computer program includes
instructions, which prompt a computer to carry out one of
these aforementioned methods with all its steps, when the
computer program runs on the computer. Also provided is a
machine-readable memory module, on which the computer
program is stored.

[0045] In another aspect of the present invention, a device
for operating a machine learning system is provided, which
is configured to operate the machine learning system, the
device including a machine-readable memory element, on
which commands are stored which, when executed by a
computer, ensure that the computer carries out the method
that includes the steps of the first aspect of the present
invention.

[0046] Exemplary embodiments of the aforementioned
aspects are represented in the appended drawings and are
explained in greater detail in the following description.

BRIEF DESCRIPTION OF THE DRAWINGS

[0047] FIG. 1 schematically shows a representation of a
graph, including nodes, which are connected with the aid of
edges.

[0048] FIG. 2 schematically shows a representation of a
calculation of the graph.

[0049] FIG. 3 schematically shows a representation of one
specific embodiment of a control of the calculation of the
graph.

[0050] FIG. 4 schematically shows a representation of one
specific embodiment of a use of the graph in an at least
semi-autonomous vehicle.

[0051] FIG. 5 schematically shows a representation of a
device for training a machine learning system.

DETAILED DESCRIPTION

[0052] The names of the figures below are based on the
publication “The Streaming Rollout of Deep Networks—
Towards Fully Model-Parallel Execution”. It should be
noted that a graph may be a machine learning system.

[0053] FIG. 1 schematically shows a representation of a
graph 10. The graph includes a plurality of nodes a,b,c.d,
which are connected with the aid of edges 12.

[0054] Edges 12 forward an output variable of a first node
(c) to a second node d, in particular, this edge provides the
output variable of first node ¢ as an input variable to second
node d. Alternatively, the edges may process, for example,
weight or transform, the output variable of each first node,
and subsequently provide it to the second node. Nodes
a,b,c,d ascertain an output variable as a function of their
respectively provided input variable, for example, as a
function of a non-linear function, for this purpose, an
activation function of the machine learning system.
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[0055] In one exemplary embodiment, graph 10 is a deep
neuronal network and nodes a,b,c,d each represent a layer of
the deep neuronal network, which are connected with the aid
of the edges.

[0056] Graph 10 includes at last one input node 11. Input
node 11 receives an input variable x of graph 10 as its input
variable. Input node 11 may ascertain its output variable as
a function of provided input variable x. Output variable of
input node 11 is forwarded to nodes b,c,d. In the exemplary
embodiment in FIG. 1, node d is an output node, which
ascertains as a function of its provided input variables, an
output variable y, which may be an output variable of graph
10.

[0057] Edges 12 of graph 10 each include a control
variable S. Control variable S in this exemplary embodiment
may assume the value 0 or 1. Value O characterizes that the
output variable, for example, of node a, is processed in a
subsequent calculation step of a calculation window with the
aid of connected node d according to a provided sequence,
in which the input variable of graph 10 is propagated by
graph 10. This means, node d receives the output variable of
node a via an edge and waits until the output variable of node
c is provided with the aid of edge 12 before node d ascertains
its output variable as a function of these provided input
variables.

[0058] If control variable S is assigned value 1, this means
that the output variable, for example, of node a, is processed
with the aid of the subsequently connected node d in the
subsequent calculation step of the calculation window, and
does not have to wait until the node is next in the provided
sequence. This means that node d does not have to wait until
the output variable of node a is propagated along a path, for
example, via node ¢ to node d and arrives at node d. Rather,
node d may use the output variable of node ¢ and the output
variable of node a directly in the subsequent calculation step
in order to ascertain its output variable y. This has the
advantageous effect that node d does not have to wait until
this node is provided the input variable with the aid of the
edge and is thus decoupled from the provided sequence.
[0059] FIG. 2 schematically shows a representation of a
control 20 of the calculation of graph 10. For this purpose,
FIG. 2 shows a time axis t, which is assigned multiple points
in time t=0, t=1, t=2, t=3, each of which indicates a
beginning of a calculation step. In another exemplary
embodiment, graph 10 is provided an input variable x_O,
x_1,x_2,x_3 at each point in time t=0, t=1, t=2, t=3 and is
processed with the aid of graph 10. Since in one exemplary
embodiment of FIG. 2, an input variable is processed at each
point in time, in particular, all nodes of the graph process an
input variable, graph 10 may output an output variable y_0,
y_1, y_2, y_3 at each point in time t=0, t=1, =2, t=3.
[0060] In the exemplary embodiment according to FIG. 2,
each edge of graph 10 is assigned a control variable S.
Control variable S has either value 0 or value 1. If one of the
edges includes control variable S having value 0, this edge
is marked in FIG. 2 by a solid line. If one of the edges
includes control variable S having value 1, this edge is
marked in FIG. 2 by a dashed line. It should be noted that
the solid edges provide the output variables to each con-
nected node as an input variable only within one calculation
step. In contrast, the dashed edges are able to forward the
output variable along time axis t, so that this output variable
is provided to the respective node as an input variable at the
subsequent calculation step.
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[0061] At point in time t=0, graph 10 is provided input
variable x_0. The input node of graph 10 may process
provided input variable x_0 within this calculation step,
which began at point in time t=0. The fact that this node of
graph 10 has processed the input variable, is characterized in
FIG. 2 in that the node is outlined in black and a counter is
incremented within the node, in this example, has value 1.
All additional nodes of graph 10 each include a counter that
has value 0, since these nodes have not yet carried out any
processing of their respectively provided input variables.
[0062] An additional input variable x_1 may be provided
graph 10 at immediately subsequent point in time t=1. Other
input variable x_1 in this case is processed again by the input
node, as a result of which its counter is incremented and now
has value 2. Since node a and node b in this exemplary
embodiment are connected by an edge that includes control
variable S having value 0, node b waits until it is provided
the output variable of node a. Once this node has calculated
its output variable, this variable is marked in bold and its
counter is incremented to value 1.

[0063] Since node a is connected by an edge to node d, and
control value S equals 1, the output variable of node a is
forwarded directly from the first calculation step, beginning
at point in time t=0, and used again for the subsequent
calculation step at point in time t=1. In this way, node d may
ascertain its output variable already at point in time t=1 and
is also outlined in bold and its counter is set to value 1.
[0064] At point in time t=2, node ¢ receives the calculated
output variable of node b and ascertains its output variable
as a function of this output variable.

[0065] Its counter is subsequently incremented.

[0066] At subsequent point in time t=3 of preceding point
in time t=2, input variable x_0 has been propagated along
the entire path of graph 10 and output node d outputs
associated output variable y_3, which may be assigned to
input variable x_0.

[0067] Based on the edge that includes control variable S
having value 1, it becomes apparent that the subsequent
connected node ascertains its output variable with the aid of
this edge, regardless of the sequence, which according to the
sequence of the nodes that process in succession the input
variable of graph 10.

[0068] In another exemplary embodiment, in which the
edge, that connects node a to node b, includes control value
S equaling 0, node d would have to wait until node ¢ has
ascertained its output variable. As a result, it becomes
apparent that by specifically decoupling the node of graph
10, the calculation may be specifically accelerated, since the
nodes no longer have to wait for the output variables of the
previous node.

[0069] FIG. 3 schematically shows a representation of a
method 30 for calculating graph 10.

[0070] Method 30 starts with step 31. In step 31, graph 10
is provided. In following step 32, graph 10 is assigned a
predefinable rollout. When assigning this rollout, each edge
and/or each node is assigned a control variable S.

[0071] Step 33 follows upon completion of step 32. In step
33, graph 10 is provided an input variable. Graph 10 then
ascertains the output variable of graph 10 as a function of the
provided input variable. In this case, the calculation of the
output variable of graph 10 is controlled as a function of the
assigned rollout.

[0072] This ends method 30. It should be noted, however,
that the method for operating a trained graph, in particular,
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of a trained machine learning system, may also be used
when training the graph in order to ascertain output variable
y as a function of a provided input variable x.

[0073] FIG. 4 schematically shows a use of graph 10,
which in this exemplary embodiment is a machine learning
system 42 in an at least semi-autonomous vehicle 40. In
another exemplary embodiment, the at least semi-autono-
mous vehicle 40 may be a service robot, assembly robot or
stationary manufacturing robot, alternatively an autonomous
flying object, such as a drone. The at least semi-autonomous
vehicle 40 may include a detection unit 41. Detection unit 41
may, for example, be a camera, which detects surroundings
of vehicle 40. Detection unit 41 may be connected to
machine learning system 42. Machine learning system 42
ascertains an output variable as a function of a provided
input variable, for example, provided by detection unit 41,
and as a function of a plurality of parameters of machine
learning system 42. The output variable may be forwarded
to an actuator control unit 43. Actuator control unit 43
controls an actuator as a function of the output variable of
machine learning system 42, preferably controls this actua-
tor in such a way that vehicle 40 executes a collision-free
maneuver. The actuator in this exemplary embodiment may
be an engine or a braking system of vehicle 40.

[0074] Vehicle 40 further includes a processing unit 44
and a machine-readable memory unit 45. A computer pro-
gram, which includes commands which, when the com-
mands are carried out on processing unit 45, result in
processing unit 45 carrying out the method for operating
machine learning system 42 as shown, for example, in FIG.
3, may be stored on memory element 45. It is also conceiv-
able that a download product or an artificially generated
signal, each of which may include the computer program,
after being received at a receiver of vehicle 40, prompts
processing unit 44 to carry out the method for operating a
machine learning system.

[0075] In one alternative exemplary embodiment,
machine learning system 42 may be used for a building
control system. A user behavior is detected with the aid of
a sensor, for example, of a camera or of a motion detector,
and the actuator control unit controls a heat pump of a
heating unit, for example as a function of the output variable
of machine learning system 42. Machine learning system 42
may then be configured to ascertain which operating mode
of the building control system is requested, based on the
detected user behavior.

[0076] In another exemplary embodiment, actuator con-
trol unit 43 includes a release system. The release system
decides whether an object, for example, a detected robot or
a detected person, has access to an area as a function of the
output variable of machine learning system 42. The actuator,
for example, a door opening mechanism, is preferably
activated with the aid of actuator control unit 43. Actuator
control unit 43 of the previous exemplary embodiment of the
building control system may also include this release sys-
tem.

[0077] In one alternative exemplary embodiment, vehicle
40 may be a tool, a factory machine or a manufacturing
robot. A material of a workpiece may be classified with the
aid of machine learning system 42. The actuator in this case
may, for example, be a motor that drives a grinding head.

[0078] In another specific embodiment, machine learning
system 42 is used in a measuring system, which is not
depicted in the figures. The measuring system differs from
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vehicle 40 according to FIG. 4 in that the measuring system
does not include actuator control unit 43. Instead of for-
warding it to actuator control unit 43, the measuring system
may store or represent the output variable of first machine
learning system 42, for example, with the aid of visual or
auditory representations.
[0079] It is also conceivable that in a refinement of the
measuring system, detection unit 41 detects an image of a
human or of an animal body or of a part thereof. This may
take place, for example, with the aid of a visual signal, with
the aid of an ultrasonic signal or with the aid of a MRT/CT
method. The measuring system in this refinement may
include learning system 42, which is trained in such a way
as to output a classification as a function of the input
variable, for example, which clinical picture is potentially
present based on this input variable.
[0080] FIG. 5 schematically shows a representation of a
device 50 for training graph 10, in particular, the machine
learning system. Device 50 includes a training module 51
and a module 52 to be trained. This module 52 to be trained
contains graph 10. Device 50 for training graph 10, trains
graph 10 as a function of output variables of graph 10 and
preferably with predefinable training data. For this purpose,
the training data include a plurality of detected images, each
of which are labeled. During the training, parameters of
graph 10 stored in a memory 53 are adapted.
What is claimed is:
1. A device configured to operate a machine learning
system, the machine learning system including a plurality of
layers, which are connected with the aid of connections, the
device comprising:
a machine-readable memory element, on which com-
mands are stored which, when executed by a computer,
ensure that the computer carries out a method that
includes the following steps:
assigning to the machine learning system a predefinable
rollout, which characterizes a sequence, according to
which the layers each ascertain an intermediate vari-
able,

when assigning the rollout, assigning to each connec-
tion or each layer a control variable, which charac-
terizes whether the intermediate variable of the
respective subsequent connected layers is ascer-
tained according to the sequence or regardless of the
sequence, and

calculating an output variable of the machine learning
system as a function of an input variable of the
machine learning system being controlled as a func-
tion of the predefinable rollout.

2. The device as recited in claim 1, wherein the stored
commands are designed in such a way that the method
carried out by the computer, when these commands are
executed on the computer, runs in such a way that when
assigning the rollout, each connection and each layer is
assigned a control variable, the sequence characterizing a
sequence of ascertaining the intermediate variables or lay-
ers, and the sequence being executed step by step, per step
one of the layers ascertaining its output variable according
to the sequence.

3. The device as recited in claim 1, wherein the stored
commands are designed in such a way that the method
carried out by the computer, when these commands are
executed on the computer, proceeds in such a way that when
controlling the calculation of the machine learning system,
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one each of the layers ascertains step-wise, in particular, in
succession, the intermediate variable according to the
sequence of the rollout, in particular, in each case at a
predefinable point in time of a sequence of points in time,
those layers that ascertain their intermediate variables
regardless of the sequence each ascertaining their interme-
diate variables, in each case at each step, in particular at the
respective predefinable points in time.

4. The device as recited in claim 1, wherein the machine
learning system includes at least one skip connection, which
connects a first layer to a second layer and the first layer and
the second layer are also directly connected with the aid of
at least two connections.

5. The device as recited in claim 1, wherein the machine
learning system includes at least one recurrent connection.

6. The device as recited in claim 1, wherein the stored
commands are designed in such a way that the method
carried out by the computer, when these commands are
executed on the computer, proceeds in such a way that those
layers that ascertain their intermediate variables regardless
of the sequence, ascertain their intermediate variables as a
function of a, in particular, chronologically preceding inter-
mediate variable, in particular of a chronologically preced-
ing calculation step, of the previous layer, those layers that
ascertain their intermediate variable according to the
sequence ascertaining their intermediate variable as a func-
tion of a, in particular, chronologically instantaneous inter-
mediate variable, in particular, of an instantaneous calcula-
tion step, of the preceding layer.

7. The device as recited in claim 1, wherein the machine
learning system does not include a closed path.

8. The device as recited in claim 1, wherein the stored
commands are designed in such a way that the method
carried out by the computer, when these commands are
executed on the computer, proceeds in such a way that the
intermediate variables of those layers, that ascertain their
intermediate variable regardless of the sequence, are each
ascertained in parallel.

9. The device as recited in claim 8, wherein the stored
commands are designed in such a way that the method
carried out by the computer, when these commands are
executed on the computer, proceeds in such a way that the
ascertainment in parallel of the intermediate values is carried
out on processor cores connected in parallel.

10. The device as recited in claim 1, wherein the stored
commands are designed in such a way that the method
carried out by the computer, when these commands are
executed on the computer, proceeds in such a way that the
intermediate variables of those layers, that ascertain their
intermediate variable regardless of the sequence, are ascer-
tained asynchronously.

11. The device as recited in claim 1, wherein the stored
commands are designed in such a way that the method
carried out by the computer, when these commands are
executed on the computer, proceeds in such a way that when
the machine learning system is provided an input variable
for the first time, it is checked after each step during the
step-wise ascertainment according to the sequence of the
output variable of the machine learning system, whether
those layers that ascertain their intermediate variable regard-
less of the sequence are each provided an already ascer-
tained intermediate variable of a previous layer.

12. The device as recited in claim 1, wherein the stored
commands are designed in such a way that the method
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carried out by the computer, when these commands are
executed on the computer, proceeds in such a way that a
plurality of the control variables of the predefinable rollout
characterize that respective intermediate variables are ascer-
tained regardless of the sequence.

13. The device as recited in claim 1, wherein the stored
commands are designed in such a way that the method
carried out by the computer, when these commands are
executed on the computer, proceeds in such a way that
during the calculation of the machine learning system, the
machine learning system is provided a sequence of input
variables, in particular, of an input layer of the machine
learning system, in direct succession, in each case, at a time
step of a sequence of time steps, each layer ascertaining at
each time step as a function of an input variable, the
respective intermediate variable, which in each case is
assigned to one of the input variables.

14. The device as recited in claim 1, wherein the stored
commands are designed in such a way that the method
carried out by the computer, when these commands are
executed on the computer, proceeds in such a way that the
machine learning system is assigned a plurality of different
rollouts, in each case the calculation of the machine learning
system being controlled as a function of the assigned roll-
outs, the controlled calculations of the machine learning
system being compared with at least one predefinable com-
parison criterion, the predefinable rollout being selected as
a function of the comparison of the rollouts.

15. The device as recited in claim 14, wherein the stored
commands are designed in such a way that the method
carried out by the computer, when these commands are
executed on the computer, proceeds in such a way that in the
case of one of the rollouts, all connections and layers are
each assigned the same control variable, so that each of the
output variables is ascertained regardless of the sequence, in
particular, in the subsequent time step.

16. The device as recited in claim 14, wherein the stored
commands are designed in such a way that the method
carried out by the computer, when these commands are
executed on the computer, proceeds in such a way that in the
case of one of the rollouts, all connections or layers are each
assigned the same control variable, so that each of the output
variables is ascertained regardless of the sequence, in par-
ticular, in the subsequent time step.

17. The device as recited in claim 14, wherein the stored
commands are designed in such a way that the method
carried out by the computer, when these commands are
executed on the computer, proceeds in such a way that when
assigning the rollout, those connections that connect a first
layer with a second layer and the first layer and the second
layer are also directly connected with the aid of at least two
connections, are assigned the control variable, so that the
intermediate variable of the second layer is ascertained
regardless of the sequence.

18. The device as recited in claim 14, wherein the stored
commands are designed in such a way that the method
carried out by the computer, when these commands are
executed on the computer, proceeds in such a way that the
control variables of the rollout are selected at random or as
a function of an additional predefinable rollout.

19. The device as recited in claim 14, wherein the stored
commands are designed in such a way that the method
carried out by the computer, when these commands are
executed on the computer, proceeds in such a way that the
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rollouts are compared with one another based on the pre-
definable comparison criterion, the predefinable criterion as
a function of the control of the machine learning system
being ascertained as a function of the respectively assigned
rollout, the predefinable criterion including one or a plurality
of the following listed comparison criteria:

a first variable, which characterizes a number of time
steps required in order, starting with a first time step at
which the input layer is provided the input variable, to
ascertain the output variable up to a second time step,
the output layer not being connected to any additional
layer,

a second variable, which characterizes how many output
variables the machine learning system ascertains within
a predefinable number of time steps.

a third variable, which characterizes how reliable, in
particular, an accuracy of the output variable of the
machine learning system, the output variables of the
machine learning system are with the aid of the respec-
tive rollout,

a fourth variable, which characterizes a period of time
after which a start-up phase is completed, or the clas-
sification accuracy has reached a maximum value,

a fifth variable, which characterizes how many connec-
tions, in particular, in direct succession, include the
same control variable.

20. The device as recited in claim 14, wherein the stored
commands are designed in such a way that the method
carried out by the computer, when these commands are
executed on the computer, proceeds in such a way that the
rollouts are also compared with a rollout based on the
predefinable comparison criterion, in which all control vari-
ables provide the processing of the results according to the
sequence.

21. The device as recited in claim 1, wherein the stored
commands are designed in such a way that the method
carried out by the computer, when these commands are
executed on the computer, proceeds in such a way that at
least one of the control variables of the predefinable rollout
is changed as a function of a disruption of the calculation of
the machine learning system.

22. The device as recited in claim 1, wherein the layers of
the machine learning system are in each case a layer of a
deep neuronal network.

23. The device as recited in claim 22, wherein the stored
commands are designed in such a way that the method
carried out by the computer, when these commands are
executed on the computer, proceeds in such a way that the
machine learning system classifies the input variable, in
particular, an image sequence.

24. The device as recited in claim 23, wherein the stored
commands are designed in such a way that the method
carried out by the computer, when these commands are
executed on the computer, proceeds in such a way that the
classification takes place image element-wise, is, in particu-
lar, segmented.

25. The device as recited in claim 1, wherein the input
variable of the input layer is a detected sensor variable and
the stored commands being designed in such a way that the
method carried out by the computer, when these commands
are executed on the computer, proceeding in such a way that
a control variable is ascertained as a function of the calcu-
lation of the machine learning system.
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26. The device as recited in claim 1, wherein the device
is used for training the machine learning system.

27. The device as recited in claim 1, wherein the device
is used for a real time processing of a video with the aid of
the machine learning system.

28. The device as recited in claim 1, wherein the device
is for controlling a calculation of the machine learning
system.
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