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(57) Abstract: Methods, systems, and apparatus, including com-
puter programs encoded on computer storage media for training
machine learning models. One method includes obtaining a ma-
chine learning model, wherein the machine learning model compris-
es one or more model parameters, and the machine learning model
is trained using gradient descent techniques to optimize an objective
function; determining an update rule for the model parameters us-
ing a recurrent neural network (RNN); and applying a determined
update rule for a final time step in a sequence of multiple time steps
to the model parameters.

[Continued on next page]



WO 2017/2015117 AT {00000 000 0

Published:
—  with international search report (Art. 21(3))



WO 2017/201511 PCT/US2017/033703

TRAINING MACHINE LEARNING MODELS

BACKGROUND
[0001] This specification relates to neural networks.
[0002] Neural networks are machine learning models that employ one or more layers

of nonlinear units to predict an output for a received input. Some neural networks include
one or more hidden layers in addition to an output layer. The output of each hidden layer is
used as input to the next layer in the network, i.e., the next hidden layer or the output layer.
Each layer of the network generates an output from a received input in accordance with

current values of a respective set of parameters.

SUMMARY
[0003] This specification describes how a system implemented as computer programs
on one or more computers in one or more locations can replace hard-coded parameter
optimization algorithms, e.g., gradient descent optimization algorithms, with a trainable deep
recurrent neural network. Hand-designed update rules for the parameters of a machine
learning model are replaced with a learned update rule.
[0004] In general, one innovative aspect of the subject matter described in this
specification can be embodied in methods including obtaining a machine learning model,
wherein (i) the machine learning model comprises one or more model parameters, and (ii) the
machine learning model is trained using gradient descent techniques to optimize an objective
function; for each time step in a plurality of time steps: determining an update rule for the
model parameters for the time step using a recurrent neural network (RNN), comprising;
providing as input to the RNN; a gradient of the objective function with respect to the model
parameters for the time step; generating a respective RNN output from the provided input for
the time step, wherein the RNN output comprises an update rule for the model parameters at
the time step that is dependent on one or more RNN parameters; training the RNN using the
generated output and a RNN objective function that depends on each preceding time step in
the plurality of time steps, comprising determining RNN parameters that minimize the RNN
objective function for the time step using gradient descent techniques; based on the
determined RNN parameters, determining an update rule for the model parameters that
minimizes the objective function for the time step; and applying the determined update rule

for the time step to the model parameters.
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[0005] Other embodiments of this aspect include corresponding computer systems,
apparatus, and computer programs recorded on one or more computer storage devices, each
configured to perform the actions of the methods. A system of one or more computers can be
configured to perform particular operations or actions by virtue of software, firmware,
hardware, or any combination thereof installed on the system that in operation may cause the
system to perform the actions. One or more computer programs can be configured to perform
particular operations or actions by virtue of including instructions that, when executed by
data processing apparatus, cause the apparatus to perform the actions.

[0006] The foregoing and other embodiments can each optionally include one or
more of the following features, alone or in combination. In some implementations applying
the determined update rule for a final time step in the plurality of time steps to the model

parameters generates trained model parameters.

[0007] In some implementations the machine learning model comprises a neural
network.
[0008] In some implementations the determined update rule for the model parameters

that minimizes the objective function is given by

041 = 0+ g:(VI(6,), P)

wherein 6, represents model parameters at time ¢, Vf(8,) represents the gradient of objective
function f, ¢ represents RNN parameters and g; represents the RNN output for the time step
t.

[0009] In some implementations the RNN operates coordinate-wise on the objective
functions parameters.

[0010] In some implementations the RNN implements separate activations for each
model parameter.

[0011] In some implementations applying the determined update rule for the time step
to the model parameters comprises using a long short-term memory (LSTM) neural network.
[0012] In some implementations the LSTM network comprises two LSTM layers.
[0013] In some implementations the LSTM neural network shares parameters across
different coordinates of the objective function.

[0014] In some implementations a subset of cells in each LSTM layer comprise

global averaging units, wherein a global average unit is a unit whose update includes a step
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that averages the activations of the units globally at each step across the different coordinate

wise LSTMs.

[0015] In some implementations a same update rule is applied independently on each
coordinate.

[0016] In some implementations the RNN is invariant to the order of the model
parameters.

[0017] In some implementations the method further comprises providing a previous

hidden state of the RNN as input to the RNN for the time step.

[0018] In some implementations the determined update rule for the model parameters
that minimizes the objective function for the time step depends on a hidden state of the RNN
for the time step.

[0019] In some implementations the RNN objective function is given by

L(¢) =E;

T
> wtf(et)]
t=1

where 6;,, = 6; + g;, [hf-:l] = m(V,, hs, @), ¢ represents the RNN parameters, f(6;)

represents the machine learning model objective function that depends on the machine
learning model parameters 6 at time ¢, w; € R, represents weights associated with each time
step ¢, g; represents a RNN output for time ¢, h; represents a hidden state of the RNN at time
t, m represents the RNN and V.= Vg4f(8,).

[0020] In some implementations the method further comprises preprocessing the
input to the RNN to disregard gradients that are smaller than a predetermined threshold.
[0021] In some implementations a trained machine learning model may be output that
is based upon the obtained machine learning model with updated parameters based upon the
implementations described above. The machine learning model may be used to process input
data to generate output data. The input data may be data associated with a real-world
environment and the output data may provide an output associated with the real-world
environment.

[0022] The subject matter described in this specification can be implemented in
particular embodiments so as to realize one or more of the following advantages.

[0023] A system for training machine learning models using a recurrent neural

network, as described in this specification, may outperform systems that train machine
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learning models using other methods, e.g., using hard-coded optimization algorithms. For
example, machine learning models that have been trained using a recurrent neural network
may perform respective machine learning tasks more accurately and efficiently.

[0024] A system for training machine learning models using a recurrent neural
network, as described in this specification, may achieve a high degree of transfer. For
example, a recurrent neural network trained on machine learning tasks with a first number of
task parameters may be generalizable to machine learning tasks with a second, higher number
of task parameters. Alternatively or in addition, the recurrent neural network may be
generalizable to further machine learning tasks and/or different types of neural network
inputs. Embodiments may therefore provide improvements in generation of machine learning
models that may provide improved performance for processing data.

[0025] The details of one or more embodiments of the subject matter of this
specification are set forth in the accompanying drawings and the description below. Other
features, aspects, and advantages of the subject matter will become apparent from the

description, the drawings, and the claims.

BRIEF DESCRIPTION OF THE DRAWINGS

[0026] FIG. 1A is an illustration of an example system for training a machine learning
model.
[0027] FIG. 1B is an illustration of a data flow graph for computing the gradient of a

recurrent neural network objective function.

[0028] FIG. 2 is a flow diagram of an example process for training a machine
learning model.

[0029] FIG. 3 is a flow diagram of an example process for determining an update rule

for machine learning model parameters using a recurrent neural network.

[0030] Like reference numbers and designations in the various drawings indicate like
elements.

DETAILED DESCRIPTION
[0031] FIG. 1A is a block diagram of an example system 100 for training a machine

learning model. The system 100 is an example of a system implemented as computer
programs on one or more computers in one or more locations, in which the systems,

components, and techniques described below can be implemented.
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[0032] The system 100 includes a machine learning model 102, a training module
104, and a recurrent neural network (RNN) 106. The machine learning model 102 can be
trained to perform a machine learning task. For example, the machine learning model may be
trained to perform classification tasks. The classification tasks are typically tasks associated
with real-world input data such as speech recognition, image recognition or natural language
processing, regression tasks, or robot learning tasks. For example, the machine learning
models may include deep neural networks e.g., convolutional neural networks, or support
vector machines.

[0033] The machine learning model 102 has a set of machine learning model
parameters. For example, in cases where the machine learning model 102 includes a neural
network, the machine learning model parameters may include neural network weights for the
neural network. As another example, in cases where the machine learning model 102
includes a support vector machine, the machine learning model parameters may include
kernel parameters or soft margin parameters for the support vector machine.

[0034] The machine learning model 102 can be trained to perform the machine
learning task using gradient descent techniques to optimize a machine learning model
objective function. For example, in cases where the machine learning model 102 is a neural
network, the machine learning model may be trained to perform a respective machine
learning task using backpropagation of errors. During a backpropagation training process,
training inputs are processed by the neural network to generate respective neural network
outputs. The outputs are then compared to a desired or known output using an objective
function, e.g., a loss function, and error values are determined. The error values are used to
calculate a gradient of the objective function with respect to the neural network parameters.
The gradient is then used as input to an update rule to determine an update for the neural
network parameters that minimizes the objective function. One example of a conventional

update rule is given by equation (1) below.

01 = 0 — a;VF(8;) (D

In equation (1), 6, represents the neural network parameters at time t, &, represents a learning
rate at time t, and f(0;) represents the objective function.
[0035] The training module 104 communicates with the machine learning models 102

and the RNN 106. The training module 104 is configured to train the machine learning
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model 102 by determining a learned parameter update rule for the machine learning model
parameters using the RNN 106. The learned parameter update rule for the machine learning
model parameters can be implemented over a sequence of time steps =1, ..., 7'to adjust the
values of the machine learning model parameters from initial or current values, e.g., at time ¢
=], to trained values, e.g., at time /=7 A learned update rule for a set of machine learning

model parameters for time step ¢+ / is given by equation (2) below.

Orp1 = 0: + g:(VI(0y), ) (2)

In equation (2), 8; represents the machine learning model parameters at time ¢,

Vf(8,) represents the gradient of the machine learning model objective function f,

¢ represents RNN 106 parameters and g, represents a RNN output for the time step 7 in
accordance with current values of the RNN parameters.

[0036] To determine the above learned update rule for time 7+ /, the training module
104 is configured to compute or obtain a gradient of the machine learning model objective
function at time 7 with respect to the machine learning model parameters at time 7. For
example, the training module 104 may be configured to receive data representing machine
learning model parameters at time 7 and objective function at time 7 108, and to compute data
representing the gradient of the machine learning model objective function with respect to the
machine learning model parameters at time 7. The training module 104 is configured to
provide obtained or computed gradients to the RNN 106 as input. For example, the training
module 104 may be configured to provide data representing the gradient of the machine
learning model objective function at time ¢ 112 as input to the RNN 106.

[0037] The RNN 106 is configured to process the received data representing the
gradient of the machine learning model objective function at time # 112 to generate a
respective RNN output for time ¢ that is dependent on the one or more RNN parameters ¢,
e.g., as represented by g, described above with reference to equation (2). Processing
received RNN inputs to generate respective RNN outputs is described in more detail below.
[0038] The training module 104 is configured to update the values of the RNN
parameters ¢ whilst training the machine learning model 102. Updating the values of the
RNN parameters includes determining values of the RNN parameters ¢ that minimize a RNN

objective function using gradient descent techniques. In some implementations the RNN
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objective function is given by equation (3) below.

T
ORI wtf(ea] )
t=1
where
Ocr1 = 0+ gs,
[hf-:l] = m(th htJ ¢)

In equation (3), ¢ represents the RNN parameters, f(6;) represents the machine learning
model objective function that depends on the machine learning model parameters 6 at time 7,
w; € R, represents weights, e.g., predetermined weights, associated with each time step ¢,
g: represents a RNN output for time ¢, h; represents a hidden state of the RNN at time ¢, m
represents the RNN and V.= Vgf(8;).

[0039] The training module 104 is configured to determine the learned update rule for
time 7+ / in equation (2) above using the values of the RNN parameters ¢ for time t and
gradients of respective machine learning model objective functions /. The learned update rule
110 may then be applied to the machine learning model parameters to update the machine
learning model 102. This process may be iteratively repeated over a sequence of time steps
t=1, .., T'to generate a trained machine learning model. In some implementations the number
of time steps T may be a predetermined number, e.g., a number chosen based on available
memory in the system 100. For example, T may be chosen as the highest number possible,
given the available memory constraint. In some cases a trained machine learning model may
generated when the machine learning model converges, e.g., the machine learning model
parameters converge towards trained values. In these cases, the number of time steps T
depends on the convergence rate.

[0040] As described above, the recurrent neural network 106 has RNN parameters,
e.g., RNN weights. The RNN 106 is configured to receive a RNN input at each time step in a
sequence of multiple time steps, e.g., data representing a gradient of a machine learming
model objective function with respect to machine learning model parameters 112. In some
implementations the RNN 106 may be invariant to the order of the machine learning model
parameters. That is, interfacing between the RNN 106 and the machine learning model 102
may require fixing a particular order of the parameters of the machine learning model 102,

e.g., numbering parameters of the machine learning model 102 and putting them into a
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list. The ordering may be arbitrary, e.g., a predetermined order, but must be fixed so that
outputs of the RNN 106 may be matched to parameters of the machine learning model

102. Invariance of the RNN 106 to the order of the machine learning model parameters
enables the same results regardless of which ordering is picked.

[0041] The RNN 106 processes each received RNN input to generate a respective
RNN output for the time step in accordance with the RNN parameters, e.g., an update rule for
the machine learning model parameters that is dependent on one or more of the RNN
parameters. The RNN 106 may be trained to generate RNN outputs from received inputs
using gradient descent techniques to optimize a RNN objective function.

[0042] In some implementations the RNN 106 may be a fully connected RNN. In
other implementations the RNN 106 may be a coordinate-wise RNN that operates on each
RNN parameter individually. This architecture may be used when the number of RNN
parameters exceeds a parameter threshold, e.g., when the number of RNN parameters is of
the order of tens of thousands of parameters. The RNN 106 may be configured to operate on
RNN parameters individually by using separate activations for each machine learning model
parameter. In this manner, the RNN 106 may be invariant to the order of parameters in the
network, since a same parameter update rule may be used independently on each parameter.
[0043] In some implementations the RNN 106 may include one or more Long Short-
Term Memory (LSTM) neural network layers, e.g., two LSTM neural network layers. A
LSTM neural network layer is a neural network layer that has one or more LSTM memory
blocks. In these implementations, at each time step, the RNN 106 may be configured to
receive as input data representing a gradient of machine learning model objective functions
with respect to a single machine learning model parameter together with a previous hidden
state of the RNN. The RNN 106 may then generate as output an update for the corresponding
machine learning model parameter. In some implementations the LSTM neural network
layers may share layer parameters across different coordinates of the machine leaming model
objective function. In some implementations the LSTM neural network layers may include
one or more global averaging cells, i.e., units whose update includes a step that averages the
activations of the units globally at each step across the different coordinate wise LSTMs.
[0044] In some implementations the RNN inputs, e.g., data representing the gradient
of the machine learning model objective function 112 and data representing generated update
rules for the machine learning model parameters, may be rescaled using one or more
constants. For example, the training module 104 may be configured to rescale the RNN

inputs or outputs to ensure that the RNN inputs and outputs are neither too small nor too
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large. For example, the training module 104 may be configured to preprocess the RNN

inputs according to equation (4) below.

log |V|
vk < p
(—1,e?V) otherwise

sgn(V)) if|[vV|=e™ @

In equation (4) p > 0 is a parameter controlling how small gradients are disregarded. In some
implementations p = /0. Equation (4) considers the magnitude and direction components of
the gradient separately — in some cases the magnitude component is a problematic
component, so it gets mapped into log space (softly from above and truncated from below).
The direction component, which is important for optimization, is preserved. Preprocessing
RNN according to equation (4) reduces the range in which the scale of the gradient can
change over training.

[0045] FIG. 1B is an illustration of an example data flow graph 150 for computing the
gradient of a recurrent neural network objective function. For example, the data flow graph
150 may be used to compute the gradient of RNN 106 using machine learning model
parameters of machine learning model 102.

[0046] In the example data flow graph 150, 8, represents machine learning model 102
parameters at time ¢, and f; represents machine learning model 102 objective function at time
t, V; represents the gradient of the objective function f; with respect to the parameters 8; , h;
represents the state of the RNN at time 7, g, represents a RNN output at time 7, and m
represents the RNN 106.

[0047] FIG. 2 is a flow diagram of an example process 200 for training a machine
learning model. For convenience, the process 200 will be described as being performed by a
system of one or more computers located in one or more locations. For example, a machine
learning model training module, e.g., the training module 104 of FIG. 1A, can perform the
process 200.

[0048] The system obtains data specifying a machine learning model (step 202). For
example, the machine learning model may include a machine learning model that may be
trained to perform a machine learning task, including a classification task such as speech
recognition, image recognition or natural language processing, regression task or robot

learning task.
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[0049] The machine learning model has a respective set of machine learning model
parameters. For example, as described above with reference to FIG. 1A, in some
implementations the machine learning model may include a neural network. In these
implementations the machine learning model parameters may include neural network
parameters, e.g., neural network weights, for the neural network. The machine learning
model is a machine learning model that is trained using gradient descent techniques to
optimize a respective objective function.

[0050] For each time step in a sequence of time steps, the system determines an
update rule for the machine learning model parameters for the time step using a recurrent
neural network (RNN) (step 204). The RNN includes one or more RNN parameters and is
trained using gradient descent techniques to optimize a RNN objective function. The update
rule for the machine learning model parameters for the time step is a parameterized update
rule — that is a function of update rule parameters — that may be used to adjust the values of
the machine learning model parameters. Determining the update rule for the machine
learning model parameters using the RNN includes training the RNN to determine RNN
parameters that minimize the RNN objective function, and using trained RNN parameters to
determine a final update rule that is used to generate the trained machine learning model.
Determining an update rule for model parameters using a RNN is described in more detail
below with reference to FIG. 3.

[0051] For each time step in the sequence of time steps, the system applies the
determined update rule for the time step to the machine learning model parameters (step 206).
In some implementations a same update rule is applied independently to each of the machine
learning model parameters, e.g., using coordinate-wise network architecture as described
above with reference to FIG. 1A.

[0052] Sequential application of the determined update rules for each time step in the
sequence of time steps 1=/, ..., 7, adjusts the values of the machine learning model
parameters from initial values, e.g., at time 7=/, to trained values, e.g., at time r=7. Once
trained, the machine learning model may be used to perform its respective machine learning
task.

[0053] FIG. 3 is a flow diagram of an example process 300 for determining an update
rule for a set of machine learning model parameters using a recurrent neural network (RNN).
The example process 300 may be performed for each time step in a sequence of multiple time
steps. For convenience, the process 300 will be described as being performed by a system of

one or more computers located in one or more locations. For example, a machine learning

10
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model training module, e.g., the training module 104 of FIG. 1A, can perform the process
300.

[0054] The system provides a gradient of the machine learning model objective
function with respect to the machine learning model parameters for the time step ¢ as input to
the RNN (step 302). Optionally, the system may further provide a previous hidden state of
the RNN as input to the RNN for the time step.

[0055] The system generates a respective RNN output from the provided input for the
time step (step 304). The RNN output corresponds to g; in equation (2) above, and may be
used to determine the update rule given by equation (2) above for the machine learning model
parameters at the time step that is dependent on one or more RNN parameters.

[0056] The system trains the RNN using the generated output and a RNN objective
function that depends on each preceding time step in the sequence of multiple time steps (step
306). In some implementations the RNN objective function is given by equation (3) above,

which is repeated below for clarity.

T
ORIAN wtf(et)] ®
t=1

9t
where 0¢yq = 0¢ + g, [ht+1] = m(Vy, he, 9).

In equation (3), ¢ represents the RNN parameters, f(6;) represents the machine learning
model objective function that depends on the machine learning model parameters 6 at time 7,
w; € R, represents weights, e.g., predetermined weights, associated with each time step, g;
represents the RNN output for the time 7, h; represents a hidden state of the RNN at time t, m
represents the RNN and the notation V.= Vgf(6;) is used. In some implementations w; >
0, e.g., at intermediate points along the trajectory. For example, in some cases w; = 1 for all
t.

[0057] The system trains the RNN by determining values of the RNN parameters ¢
that minimize the RNN objective function £(¢) for the time step using gradient descent
techniques. For example, the system may compute a gradient estimate dL(¢)/36 by
sampling a random function f and applying backpropagation techniques, as described above
with reference to FIGS. 1A and 1B. In some implementations it is assumed that gradients of

the machine learning model does not depend on the RNN parameters ¢, i.e., dV./d¢p = 0.

11
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[0058] Based on the determined RNN parameters ¢, the system determines an update
rule for the machine learning model parameters that minimizes the machine learning model
objective functions for the time step (step 308). In some implementations the determined
update rule for the machine leaming model parameters that minimizes the machine learning

model objective functions is given by equation (2) above, which is repeated below for clarity.

01 = 0+ g:(VE(6,), P) (2)

In equation (2), 8; represents machine learning model parameters at time #, Vf(8,) represents
the gradient of objective function f, as described above with reference to step 402,

¢ represents the determined values of the RNN parameters and g; represents the RNN output
for the time step. Although not shown in the above equation, in some implementations the
determined update rule for the model parameters that minimizes the objective functions for
the time step further depends on a hidden state /4 of the RNN for the time step.

[0059] In some implementations a learned update rule, as given by equation (2)
above, may be applied to other machine learning models that are configured to perform
similar machine learning tasks, e.g., machine learning tasks with a similar structure. For
example, the learned update rule may be applied to a second machine learning model that is
configured to perform a same machine leaming task as the first machine learning model (e.g.,
the machine learning model 102 of FIG. 1A), but where the second machine learning model
includes a different number of hidden units or neural network layers than the first machine
learning model. As another example, the learned update rule may be applied to a second
machine learning model that is configured to perform a same machine learning task as the
first machine learning model but where the second machine learning model includes a
different activation function to the first machine learning model.

[0060] Applying the learned update rule to other machine learning models in these
examples can be achieved using the coordinate-wise RNN described above with reference to
FIG 1, e.g., aneural network that uses a single coordinate to define the RNN and shares RNN
parameters across different machine learning model parameters. Different behavior on each
coordinate may be achieved using separate activation functions for each objective function
parameter. The learned update rule may be implemented for each coordinate using the RNN,

e.g., atwo-layer LSTM network, using forget gate architecture. The network takes as input

12
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the machine learning model gradient for a single coordinate as well as the previous hidden
state and outputs the update for the corresponding machine learning model parameter.
[0061] Embodiments of the subject matter and the functional operations described in
this specification can be implemented in digital electronic circuitry, in tangibly-embodied
computer software or firmware, in computer hardware, including the structures disclosed in
this specification and their structural equivalents, or in combinations of one or more of them.
[0062] Embodiments of the subject matter described in this specification can be
implemented as one or more computer programs, i.e., one or more modules of computer
program instructions encoded on a tangible non transitory program carrier for execution by,
or to control the operation of, data processing apparatus. Alternatively or in addition, the
program instructions can be encoded on an artificially generated propagated signal, e.g., a
machine-generated electrical, optical, or electromagnetic signal, that is generated to encode
information for transmission to suitable receiver apparatus for execution by a data processing
apparatus. The computer storage medium can be a machine-readable storage device, a
machine-readable storage substrate, a random or serial access memory device, or a
combination of one or more of them. The computer storage medium is not, however, a
propagated signal.

[0063] The term “data processing apparatus™ encompasses all kinds of apparatus,
devices, and machines for processing data, including by way of example a programmable
processor, a computer, or multiple processors or computers. The apparatus can include
special purpose logic circuitry, e.g., an FPGA (field programmable gate array) or an ASIC
(application specific integrated circuit). The apparatus can also include, in addition to
hardware, code that creates an execution environment for the computer program in question,
e.g., code that constitutes processor firmware, a protocol stack, a database management
system, an operating system, or a combination of one or more of them.

[0064] A computer program (which may also be referred to or described as a
program, software, a software application, a module, a software module, a script, or code) can
be written in any form of programming language, including compiled or interpreted
languages, or declarative or procedural languages, and it can be deployed in any form,
including as a stand alone program or as a module, component, subroutine, or other unit
suitable for use in a computing environment. A computer program may, but need not,
correspond to a file in a file system. A program can be stored in a portion of a file that holds
other programs or data, e.g., one or more scripts stored in a markup language document, in a

single file dedicated to the program in question, or in multiple coordinated files, e.g., files
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that store one or more modules, sub programs, or portions of code. A computer program can
be deployed to be executed on one computer or on multiple computers that are located at one
site or distributed across multiple sites and interconnected by a communication network.
[0065] As used in this specification, an “engine,” or “software engine,” refers to a
software implemented input/output system that provides an output that is different from the
input. An engine can be an encoded block of functionality, such as a library, a platform, a
software development kit (“SDK™), or an object. Each engine can be implemented on any
appropriate type of computing device, e.g., servers, mobile phones, tablet computers,
notebook computers, music players, e-book readers, laptop or desktop computers, PDAs,
smart phones, or other stationary or portable devices, that includes one or more processors
and computer readable media. Additionally, two or more of the engines may be implemented
on the same computing device, or on different computing devices.

[0066] The processes and logic flows described in this specification can be performed
by one or more programmable computers executing one or more computer programs to
perform functions by operating on input data and generating output. The processes and logic
flows can also be performed by, and apparatus can also be implemented as, special purpose
logic circuitry, e.g., an FPGA (field programmable gate array) or an ASIC (application
specific integrated circuit).

[0067] Computers suitable for the execution of a computer program include, by way
of example, can be based on general or special purpose microprocessors or both, or any other
kind of central processing unit. Generally, a central processing unit will receive instructions
and data from a read only memory or a random access memory or both. The essential
elements of a computer are a central processing unit for performing or executing instructions
and one or more memory devices for storing instructions and data. Generally, a computer
will also include, or be operatively coupled to receive data from or transfer data to, or both,
one or more mass storage devices for storing data, e.g., magnetic, magneto optical disks, or
optical disks. However, a computer need not have such devices. Moreover, a computer can
be embedded in another device, e.g., a mobile telephone, a personal digital assistant (PDA), a
mobile audio or video player, a game console, a Global Positioning System (GPS) receiver,
or a portable storage device, e.g., a universal serial bus (USB) flash drive, to name just a few.
[0068] Computer readable media suitable for storing computer program instructions
and data include all forms of non-volatile memory, media and memory devices, including by
way of example semiconductor memory devices, e.g., EPROM, EEPROM, and flash memory

devices; magnetic disks, e.g., internal hard disks or removable disks; magneto optical disks;
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and CD ROM and DVD-ROM disks. The processor and the memory can be supplemented
by, or incorporated in, special purpose logic circuitry.

[0069] To provide for interaction with a user, embodiments of the subject matter
described in this specification can be implemented on a computer having a display device,
e.g., a CRT (cathode ray tube) or LCD (liquid crystal display) monitor, for displaying
information to the user and a keyboard and a pointing device, e.g., a mouse or a trackball, by
which the user can provide input to the computer. Other kinds of devices can be used to
provide for interaction with a user as well; for example, feedback provided to the user can be
any form of sensory feedback, e.g., visual feedback, auditory feedback, or tactile feedback;
and input from the user can be received in any form, including acoustic, speech, or tactile
input. In addition, a computer can interact with a user by sending documents to and receiving
documents from a device that is used by the user; for example, by sending web pages to a
web browser on a user’s client device in response to requests received from the web browser.
[0070] Embodiments of the subject matter described in this specification can be
implemented in a computing system that includes a back end component, e.g., as a data
server, or that includes a middleware component, e.g., an application server, or that includes a
front end component, e.g., a client computer having a graphical user interface or a Web
browser through which a user can interact with an implementation of the subject matter
described in this specification, or any combination of one or more such back end,
middleware, or front end components. The components of the system can be interconnected
by any form or medium of digital data communication, e.g., a communication network.
Examples of communication networks include a local area network (“LAN™) and a wide area
network (“WAN?”), e.g., the Internet.

[0071] The computing system can include clients and servers. A client and server are
generally remote from each other and typically interact through a communication network.
The relationship of client and server arises by virtue of computer programs running on the
respective computers and having a client-server relationship to each other.

[0072] While this specification contains many specific implementation details, these
should not be construed as limitations on the scope of any invention or of what may be
claimed, but rather as descriptions of features that may be specific to particular embodiments
of particular inventions. Certain features that are described in this specification in the context
of separate embodiments can also be implemented in combination in a single embodiment.
Conversely, various features that are described in the context of a single embodiment can also

be implemented in multiple embodiments separately or in any suitable subcombination.
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Moreover, although features may be described above as acting in certain combinations and
even initially claimed as such, one or more features from a claimed combination can in some
cases be excised from the combination, and the claimed combination may be directed to a
subcombination or variation of a subcombination.

[0073] Similarly, while operations are depicted in the drawings in a particular order,
this should not be understood as requiring that such operations be performed in the particular
order shown or in sequential order, or that all illustrated operations be performed, to achieve
desirable results. In certain circumstances, multitasking and parallel processing may be
advantageous. Moreover, the separation of various system modules and components in the
embodiments described above should not be understood as requiring such separation in all
embodiments, and it should be understood that the described program components and
systems can generally be integrated together in a single software product or packaged into
multiple software products.

[0074] Particular embodiments of the subject matter have been described. Other
embodiments are within the scope of the following claims. For example, the actions recited
in the claims can be performed in a different order and still achieve desirable results. As one
example, the processes depicted in the accompanying figures do not necessarily require the
particular order shown, or sequential order, to achieve desirable results. In certain

implementations, multitasking and parallel processing may be advantageous.
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WHAT IS CLAIMED IS:

1. A method implemented by one or more computers, comprising:
obtaining a machine learning model, wherein (i) the machine learning model
comprises one or more model parameters, and (ii) the machine learning model is trained
using gradient descent techniques to optimize an objective function;
for each time step in a plurality of time steps:
determining an update rule for the model parameters for the time step using a
recurrent neural network (RNN), comprising:
providing as input to the RNN, a gradient of the objective function with
respect to the model parameters for the time step;
generating a respective RNN output from the provided input for the time step,
wherein the RNN output comprises an update rule for the model parameters at the time step
that is dependent on one or more RNN parameters;
training the RNN using the generated output and a RNN objective function
that depends on each preceding time step in the plurality of time steps, comprising
determining RNN parameters that minimize the RNN objective function for the time step
using gradient descent techniques;
based on the determined RNN parameters, determining an update rule for the
model parameters that minimizes the objective function for the time step; and

applying the determined update rule for the time step to the model parameters.
2. The method of claim 1, wherein applying the determined update rule for a final time
step in the plurality of time steps to the model parameters generates trained model

parameters.

3. The method of claim 1 or 2, wherein the machine leaming model comprises a neural

network.

4. The method of claim 1, 2 or 3, wherein the determined update rule for the model

parameters that minimizes the objective function is given by

041 = 0+ g:(VI(6,), P)
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wherein 6, represents model parameters at time ¢, Vf(8,) represents the gradient of objective
function f, ¢ represents RNN parameters and g; represents the RNN output for the time step
t.

5. The method of any preceding claim, wherein the RNN operates coordinate-wise on

the objective function parameters.

6. The method of any preceding claim, wherein the RNN implements separate

activations for each model parameter.

7. The method of any preceding claim, wherein applying the determined update rule for
the time step to the model parameters comprises using a long short-term memory (LSTM)

neural network.

8. The method of claim 7, wherein the LSTM neural network comprises two LSTM
layers.
9. The method of claim 7 or 8, wherein the LSTM neural network shares parameters

across different coordinates of the objective function.

10. The method of claim 7, 8 or 9, wherein a subset of cells in each LSTM layer comprise
global averaging units, wherein a global average unit is a unit whose update includes a step
that averages the activations of the units globally at each step across the different coordinate

wise LSTMs.

11. The method of any preceding claim, wherein a same update rule is applied

independently on each coordinate.

12.  The method of any preceding claim, wherein the RNN is invariant to the order of the

model parameters.

13. The method of any preceding claim, further comprising providing a previous hidden

state of the RNN as input to the RNN for the time step.
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14. The method of any preceding claim, wherein the determined update rule for the model
parameters that minimizes the objective function for the time step depends on a hidden state

of the RNN for the time step.

15. The method of any preceding claim, wherein the RNN objective function is given by

L(¢) = Ef

T
> wtf(et)]
t=1

where 6;,, = 6; + g;, [hf-:l] = m(V,, hs, @), ¢ represents the RNN parameters, f(6;)

represents the machine learning model objective function that depends on the machine
learning model parameters 6 at time ¢, w; € R, represents weights associated with each time
step ¢, g; represents a RNN output for time ¢, h; represents a hidden state of the RNN at time
t, m represents the RNN and V.= Vg f(6,).

16. The method of any preceding claim, further comprising preprocessing the input to the
RNN to disregard gradients that are smaller than a predetermined threshold.

17. A system comprising one or more computers and one or more storage devices storing
instructions that are operable, when executed by the one or more computers, to cause the one
or more computers to perform the operations comprising a method according to any

preceding claim.
18. A computer storage medium encoded with instructions that, when executed by one or

more computers, cause the one or more computers to perform the operations comprising a

method according to any one of claims 1 to 16.
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