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(57) Abstract: The present teaching relates to distributed deep machine learning on a cluster. In one example, a request is received
for estimating one or more parameters associated with a machine learning model on a cluster including a plurality of nodes. A set of
data is obtained to be used for estimating the one or more parameters. The set of data is divided into a plurality of sub-sets of data,
each of which corresponds to one of the plurality of nodes. Each sub-set of data is allocated to a corresponding node for estimating
values of the one or more parameters based on the sub-set of data. Estimated values of the one or more parameters obtained based on
a corresponding sub-set of data allocated to the node, are received from each of the plurality of nodes. The one or more parameters
of the machine learning model are estimated based on the estimated values of the one or more parameters generated by at least some
of the plurality of nodes.
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METHOD AND SYSTEM FOR DISTRIBUTED DEEP MACHINE LEARNING

CROSS-REFERENCE TO RELATED APPLICATION

[0001] The present application claims priority to U.S. Non-Provisional
Application 15/009,968 filed January 29, 2016 entitled “METHOD AND SYSTEM FOR
DISTRIBUTED DEEP MACHINE LEARING”, which is incorporated herein by reference in its
entirety.

BACKGROUND

1. Technical Field
[0002] The present teaching relates to methods, systems, and programming for
distributed computing. Particularly, the present teaching is directed to methods, systems, and

programming for distributed deep machine learning on a cluster.

2. Discussion of Technical Background

[0003] Distributed computing is a field of computer science that studies
distributed systems, which include multiple autonomous computers or parallel virtual machines
that communicate through a computer network, such as a computer cluster having multiple nodes.
Deep learning or deep machine learning is a branch of machine learning based on a set of
algorithms that attempt to model high-level abstractions in data by using multiple processing
layers with complex structures. Deep learning has traditionally been conducted on an individual
server. To learn from large datasets, it is desirable to conduct deep learning using many servers
in a distributed system.

[0004] Current techniques for distributed machine learning are based on

dedicated clusters that are built from scratch and cannot be integrated with existing data
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processing pipelines. Existing works on distributed machine learning lack direct
communications among operation nodes in the cluster, which increases end-to-end learning
latency and does not support asynchronous distributed learning. When the system fails, an
existing method requires a re-learning from scratch.

[0005] Therefore, there is a need to develop techniques for distributed deep

machine learning to overcome the above drawbacks.

SUMMARY

[0006] The present teaching relates to methods, systems, and programming for
distributed computing. Particularly, the present teaching is directed to methods, systems, and
programming for distributed deep machine learning on a cluster.

[0007] In one example, a method, implemented on a machine having at least one
processor, storage, and a communication platform capable of connecting to a network for
estimating one or more parameters on a cluster including a plurality of nodes, is disclosed. A
request is received for estimating one or more parameters associated with a machine learning
model. A set of data is obtained to be used for estimating the one or more parameters. The set
of data is divided into a plurality of sub-sets of data, each of which corresponds to one of the
plurality of nodes. Each sub-set of data is allocated to a corresponding node for estimating
values of the one or more parameters based on the sub-set of data. Estimated values of the one
or more parameters obtained based on a corresponding sub-set of data allocated to the node, are
received from each of the plurality of nodes. The one or more parameters of the machine
learning model are estimated based on the estimated values of the one or more parameters

generated by at least some of the plurality of nodes.
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[0008] In another example, a system having at least one processor, storage, and a
communication platform connected to a network for estimating one or more parameters on a
cluster including a plurality of nodes is disclosed. The system comprises: a configuration
information identifier configured for receiving a request for estimating one or more parameters
associated with a machine learning model; a training data locator configured for obtaining a set
of data to be used for estimating the one or more parameters; a training data distributor
configured for dividing the set of data into a plurality of sub-sets of data, each of which
corresponds to one of the plurality of nodes and allocating each sub-set of data to a
corresponding node for estimating values of the one or more parameters based on the sub-set of
data; and a training model determiner configured for receiving, from each of the plurality of
nodes, estimated values of the one or more parameters obtained based on a corresponding sub-set
of data allocated to the node and estimating the one or more parameters of the machine learning
model based on the estimated values of the one or more parameters generated by at least some of
the plurality of nodes.

[0009] Other concepts relate to software for implementing the present teaching
on distributed deep machine learning. A software product, in accord with this concept, includes
at least one machine-readable non-transitory medium and information carried by the medium.
The information carried by the medium may be executable program code data, parameters in
association with the executable program code, and/or information related to a user, a request,
content, or information related to a social group, etc.

[0010] In one example, a machine-readable, non-transitory and tangible medium
having data recorded thereon for estimating one or more parameters on a cluster including a

plurality of nodes is disclosed. The medium, when read by the machine, causes the machine to
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perform the following: receiving a request for estimating one or more parameters associated with
a machine learning model; obtaining a set of data to be used for estimating the one or more
parameters; dividing the set of data into a plurality of sub-sets of data, each of which corresponds
to one of the plurality of nodes; allocating each sub-set of data to a corresponding node for
estimating values of the one or more parameters based on the sub-set of data; receiving, from
each of the plurality of nodes, estimated values of the one or more parameters obtained based on
a corresponding sub-set of data allocated to the node; and estimating the one or more parameters
of the machine learning model based on the estimated values of the one or more parameters
generated by at least some of the plurality of nodes.

[0011] Additional novel features will be set forth in part in the description which
follows, and in part will become apparent to those skilled in the art upon examination of the
following and the accompanying drawings or may be learned by production or operation of the
examples. The novel features of the present teachings may be realized and attained by practice
or use of various aspects of the methodologies, instrumentalities and combinations set forth in

the detailed examples discussed below.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0012] The methods, systems, and/or programming described herein are further
described in terms of exemplary embodiments. These exemplary embodiments are described in
detail with reference to the drawings. These embodiments are non-limiting exemplary
embodiments, in which like reference numerals represent similar structures throughout the
several views of the drawings, and wherein:

[0013] FIG. 1 is a high level depiction of an exemplary networked environment
for distributed deep machine learning on a cluster, according to an embodiment of the present
teaching;

[0014] FIG. 2 is a high level depiction of another exemplary networked
environment for distributed deep machine learning on a cluster, according to an embodiment of
the present teaching;

[0015] FIG. 3 illustrates an example of distributed machine learning on a cluster,
according to prior art;

[0016] FIG. 4 illustrates an exemplary scheme of distributed machine learning on
a cluster, according to an embodiment of the present teaching;

[0017] FIG. 5 illustrates an exemplary diagram of a coordination node, according
to an embodiment of the present teaching;

[0018] FIG. 6 is a flowchart of an exemplary process performed by a coordination
node, according to an embodiment of the present teaching;

[0019] FIG. 7 illustrates an exemplary diagram of an operation node, according to

an embodiment of the present teaching;
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[0020] FIG. 8 is a flowchart of an exemplary process performed by an operation
node, according to an embodiment of the present teaching;

[0021] FIG. 9 illustrates an exemplary scheme of communications among
multiple operation nodes, according to an embodiment of the present teaching;

[0022] FIG. 10 illustrates another exemplary scheme of distributed machine
learning on a cluster based on Spark framework, according to an embodiment of the present
teaching;

[0023] FIG. 11 illustrates an exemplary user command for distributed machine
learning, according to an embodiment of the present teaching;

[0024] FIG. 12 illustrates an exemplary application program interface (API) for
distributed machine learning, according to an embodiment of the present teaching;

[0025] FIG. 13 illustrates an exemplary program for distributed machine learning,
according to an embodiment of the present teaching;

[0026] FIG. 14 depicts the architecture of a mobile device which can be used to
implement a specialized system incorporating the present teaching;

[0027] FIG. 15 depicts the architecture of a computer which can be used to
implement a specialized system incorporating the present teaching;

[0028] FIG. 16 illustrates a performance benchmark of an exemplary scheme of
distributed machine learning, according to an embodiment of the present teaching; and

[0029] FIG. 17 illustrates another performance benchmark of an exemplary

scheme of distributed machine learning, according to an embodiment of the present teaching.
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DETAILED DESCRIPTION

[0030] In the following detailed description, numerous specific details are set
forth by way of examples in order to provide a thorough understanding of the relevant teachings.
However, it should be apparent to those skilled in the art that the present teachings may be
practiced without such details. In other instances, well known methods, procedures, systems,
components, and/or circuitry have been described at a relatively high-level, without detail, in
order to avoid unnecessarily obscuring aspects of the present teachings.

[0031] The present disclosure describes method, system, and programming
aspects of distributed deep machine learning on a cluster. The method and system as disclosed
herein aim at performing distributed deep learning in an efficient manner.

[0032] A computer program that runs in the distributed system is called a
distributed application. For instance, APACHE HADOOP is a software framework that supports
data-intensive distributed applications under a free license. It enables applications to work with
thousands of nodes and petabytes of data. Deep learning can be directly conducted on Hadoop
clusters, e.g. to empower online photo services (such as Flickr) to automatically tag all user
photos, and to enable Flickr end users to organize and find photos easily. This avoids
unnecessary data movement between Hadoop clusters and separate deep learning clusters.

[0033] Instead of building new deep learning clusters, the present teaching
introduces a solution for leveraging existing computing clusters, e.g. clusters powered by Apache
Hadoop or Apache Spark. According to one embodiment of the present teaching, deep learning
may be defined as first-class steps in Apache Oozie workflows with Hadoop for data processing

and Spark for deep machine learning and non-deep machine learning. Multiple experiments of
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deep learning can be conducted concurrently on a single cluster, which makes deep learning
extremely cost effective as opposed to conventional methods.

[0034] Deep learning on Hadoop is a novel approach for deep learning. Existing
approaches in the industry require dedicated clusters. Deep learning on Hadoop enables the
same level of performance as with dedicated clusters while simultaneously providing more
benefits. In one embodiment, because deep learning is performed directly upon the datasets in
existing clusters, there is no need to move data or to set up new clusters, which reduces end-to-
end learning time and enable faster iteration during deep learning. A simple API can be
implemented for distributed training, test and feature extraction, which allows easy integration
with existing data processing pipelines.

[0035] In one embodiment, system architecture allows deep learning libraries (e.g.
Caffe) to be deployed into many Spark executor processes, each with multiple graphics
processing unit (GPU) or central processing unit (CPU) devices, and then perform distributed
learning by these executors from resilient distributed datasets (RDD). In addition, the system
supports message passing interface (MPI) style communication efficiently to share model
updates among multiple Spark executor processes, some of which may share host machines. The
communication may support Infiniband and Ethernet networks.

[0036] In accordance with one embodiment, the system can snapshot learning
states during the deep learning tolerate system failures. For example, a snapshot of a learning
state is taken and stored in a database outside the cluster. Then, if the whole cluster fails
afterwards, the system can retrieve the snapshot and resume the deep learning from there on. If

some nodes in the cluster become unavailable during the deep learning, the learning can also
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continue with the rest nodes, based on communications among the nodes regarding the states of
the learning before the failures.

[0037] The system can support both synchronous and asynchronous distributed
learnings, and can also support multiple input formats by modular source layers.

[0038] The terms “deep learning” and “deep machine learning” may be used
interchangeably herein.

[0039] Additional novel features will be set forth in part in the description which
follows, and in part will become apparent to those skilled in the art upon examination of the
following and the accompanying drawings or may be learned by production or operation of the
examples. The novel features of the present teachings may be realized and attained by practice
or use of various aspects of the methodologies, instrumentalities and combinations set forth in
the detailed examples discussed below.

[0040] FIG. 1 is a high level depiction of an exemplary networked environment
100 for distributed deep machine learning on a cluster, according to an embodiment of the
present teaching. In FIG. 1, the exemplary networked environment 100 includes one or more
users 102, a cluster 104, and a network 106. In this exemplary networked environment 100, a
user 102, who may be a network administrator, operator, developer, or customer of the cluster
104, may send a request to the cluster 104 via the network 106 or via an internal or proprietary
network connection (not shown) to start a distributed machine learning process and retrieve a
result from the cluster 104. The term “machine learning process” referred herein may include
any process that tunes a number of parameters to be simultaneously optimal on training dataset

using one or more machines.
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[0041] The network 106 may be a single network or a combination of different
networks. For example, the network 106 may be a local area network (LAN), a wide area
network (WAN), a public network, a private network, a proprietary network, a Public Telephone
Switched Network (PSTN), the Internet, a wireless network, a virtual network, or any
combination thereof. The network 106 may also include various network access points, e.g.,
wired or wireless access points such as base stations or Internet exchange points 106-1, ..., 106-2,
through which a data source may connect to the network in order to transmit information via the
network.

[0042] The cluster 104 in which the distributed machine learning is performed
includes a plurality of operation nodes 104-1, 104-2, . . . 104-7, 104-8, and at least one
coordination node 108 (e.g., a gateway node in a HADOOP cluster), which communicate
through the network 106 or through an internal network (not shown). In this example, each node
of the cluster 104 may be an autonomous physical machine, such as a server, a workstation, a
desktop or laptop computer, a netbook, a tablet, a smart phone, a game console, a set-top box, or
any other suitable machine. In another example, some or all of the nodes may be parallel virtual
machines implemented by either software emulation or hardware virtualization. The cluster 104
may be a set of machines owned by one entity, e.g., an enterprise, and maintained as a server
farm or server cluster where the servers are mounted on racks in a server room or data center.
The cluster 104 may also be a collection of machines owned by different entities and that are
physically separate from each other at a distance.

[0043] In this example, the cluster 104 may also include a training database 112
that stores one or more very large training datasets, for example, each including trillions of

features, billions of training samples, and millions of parameters, for distributed machine

10
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learning performed on the cluster 104. For example, training datasets may be recorded on a
remote server (not shown) outside the cluster 104 and transmitted (e.g., copied) to the training
database 112 through the coordination node 108 prior to the learning process starts. By the time
of running the distributed machine learning process, the training datasets have already resided on
the cluster 104, for example, in the central training database 112 of the cluster 104, as shown in
FIG. 1, or have been partitioned across the regular nodes 104-1, 104-2, . . . 104-7, 104-8 of the
cluster 104. In one example, a preprocessing step may have been performed in a HADOOP
cluster as a HADOOP job to split training data randomly across the operation nodes 104-1, 104-
2,...104-7,104-8. The cluster 104 in this example acts as both the data storage and the
computational resource for achieving high data locality which in turn results in high performance.

[0044] In this example, the cluster 104 may also include a model storage 110 that
stores trained models or state snapshots of a model during a distributed training. In one
embodiment, because the operation nodes can exchange state information of a model during the
distributed training, each of the operation nodes has the same state information after the
exchanging, e.g. after each iteration during the training. Then, one of the operation nodes can
store the state information directly into the model storage 110.

[0045] FIG. 2 is a high level depiction of another exemplary networked
environment 200 for distributed deep machine learning on a cluster, according to an embodiment
of the present teaching. The exemplary networked environment 200 in this embodiment is
similar to the exemplary networked environment 100 in FIG. 1, except that the model storage
110 is outside the cluster 104 and connected to the network 106.

[0046] FIG. 3 illustrates an example of distributed machine learning on a cluster,

according to prior art. As shown in FIG. 3, the cluster includes a coordination node 308 and

11
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multiple operation nodes 304-1, ...304-4. Each operation node includes a single GPU or CPU
for executing the task of machine learning. After each iteration during a distributed training of a
model, each operation node sends the calculated state of the model to the coordination node 308
to integrate the states calculated by different nodes based on different training data subsets. Then,
the coordination node 308 has to send the integrated state back to each operation node for next
iteration of distributed training. This takes a long time for the distributed machine learning.
[0047] FIG. 4 illustrates an exemplary scheme of distributed machine learning on
a cluster, according to an embodiment of the present teaching. As shown in FIG. 4, the
coordination node 108 in this cluster can instruct the operation nodes 404-1,...404-3 to perform a
machine learning, e.g. to estimate a model parameter in a distributed deep learning, upon a
request from a user. The coordination node 108 may divide the data in the training database 112
into multiple data subsets 412, 422, 432 and allocate each of the data subsets to one of the
operation nodes for estimating the parameter. In this example, each operation node may include
multiple GPUs and/or CPUs that can execute the training or estimating in parallel. Each
operation node can enable the GPUs/CPUs within the operation node to exchange calculation
results after each training round. For example, each GPU/CPU node can have two separate
network interfaces, Ethernet and Infiniband. While Ethernet can act as the primary interface for
external communication, Infiniband can provide 10 times faster connectivity among the
GPU/CPU nodes in the cluster. It can be understood that in other embodiments, Ethernet
(instead of Ininiband) can provide connectivity among the GPU/CPU nodes in the cluster. It can
also be understood that other network interfaces can also be utilized for connections between

operation nodes or among GPUs/CPUs in each operation node.

12
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[0048] The operation nodes can communicate with each other directly, e.g. via a
synchronization scheme, without the help from the coordination node 108. For example, each
operation node includes a model synchronizer 416, 426, 436 for “synchronize” with other
operation nodes, e.g. by directly accessing GPU/CPU memories of other operation node via
remote direct memory access (RDMA). As such, after each training round, the operation nodes
can be synchronized to share a same state of the training model. In addition, each GPU or CPU
in each operation node can have the shared state. In one embodiment, one GPU or CPU in one
operation node can take a snapshot of the state and store it into the model storage 110. Because
the model storage 110 is outside the operation nodes, if one or more operation nodes fail during a
deep learning, the rest nodes can resume based on last stored state of the model in the model
storage 110.

[0049] FIG. 5 illustrates an exemplary diagram of a coordination node 108,
according to an embodiment of the present teaching. The coordination node 108 in this example
includes a configuration information identifier 502, a training data locator 504, an operation node
selector 506, a training data distributor 508, a training instruction generator 510, a node failure
detector 512, and a training model determiner 514.

[0050] The configuration information identifier 502 in this example may receive a
user request, either via a network or directly from a user, for feature extraction, training a
machine learning model, or validating a model of a deep learning, etc. A user request may be in
form of a user command that includes configuration information related to the model. For
example, configuration information may include information about number of operation nodes,

number of GPUs per operation node, location of a deep learning library, etc. The configuration

13
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information identifier 502 may extract and determine the configuration information from the
request.

[0051] FIG. 11 illustrates an exemplary user command for distributed machine
learning, according to an embodiment of the present teaching. The present teaching enables deep
learning on enhanced Hadoop clusters, based upon open source software libraries, e.g. Apache
Spark and Caffe. Accordingly, a user can submit deep learning jobs onto a Hadoop cluster (-
master yarn) via a command as illustrated in FIG. 11. As shown in FIG. 11, a user may use the
command to specify the number of Spark executor processes to be launched (-num-executors
1102), the number of CPU/GPU devices to be allocated for each executor (-devices 1104), and
the HDFS path where the model should be saved 1108. Users can use standard Caffe
configuration files to specify their Caffe solver and deep network topology (e.g. solver.prototxt,
net.prototxt 1110) with specification of training dataset location on HDFS (Hadoop Distributed
File System) or storage cloud (such as Amazon S3).

[0052] Referring back to FIG. 5, the configuration information identifier 502 may
forward the configuration information obtained from the request to the operation node selector
506 for selecting operation nodes, to the training data locator 504 for locating training data, and
to the training instruction generator 510 for generating a training instruction.

[0053] The training data locator 504 in this example can determine a location of
data for training the model, e.g. a training database, based on the configuration information from
the request. In one embodiment, the training data locator 504 may directly obtain the training
data from the training database. In another embodiment, the training data locator 504 may just

obtain the location ID of the training data from the training database. The training data locator
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504 may send the training data or their location IDs to the training data distributor 508 for
allocating training data.

[0054] The operation node selector 506 in this example can determine the number
of executors, i.e. number of operation nodes, based on the configuration information received
from the configuration information identifier 502. In addition, the operation node selector 506
can select operation nodes in the cluster in accordance with the number. For example, to select
five operation nodes based on the request, the operation node selector 506 may determine
workloads of the operation nodes in the cluster and select the five operation nodes that have no
or relatively low workloads. The operation node selector 506 may also determine the number of
processing units for each selected operation node in accordance with the request. A processing
unit within each node may be a CPU or a GPU. The operation node selector 506 can forward the
information about the selected nodes to the training data distributor 508 for allocating training
data.

[0055] The training data distributor 508 in this example receives training data
information from the training data locator 504 and information of the selected operation nodes
from the operation node selector 506. The training data distributor 508 can divide the training
data into multiple training data subsets and allocate each subset to a selected operation node for
estimating one or more parameters associated with a machine learning model. The one or more
parameters may be related to feature extraction for training the machine learning model. The one
or more parameters may be from the machine learning model itself. The one or more parameters
may also be related to validation of a trained machine learning model. The training data
distributor 508 may send the result of the allocation to the training instruction generator 510 for

generating a training instruction.
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[0056] The training instruction generator 510 in this example generates a training
instruction and sends the instruction to the selected operation nodes for estimating the one or
more parameters associated with a machine learning model. The instruction may include
configuration information obtained from the configuration information identifier 502, training
data allocation information from the training data distributor 508, and other metadata related to
the distributed computing. In one example, the instruction may also include information for
resuming a distributed machine learning, after detection of a node failure or learning failure.

[0057] The node failure detector 512 in this example can detect a failure of an
operation node during a learning process. For example, the node failure detector 512 may detect
a failure of an operation node based on a notification from the operation node to indicate that the
estimating was not finished within predetermined time. In another example, the node failure
detector 512 may detect a failure of an operation node based on a notification from another
operation node to indicate that the synchronization with the failed operation node was
unsuccessful. In one example, the node failure detector 512 can determine that the learning
process fails or the whole cluster fails after detecting enough number of failures from the
operation nodes within the learning process. The node failure detector 512 can send the detected
failure information to the training instruction generator 510.

[0058] If some nodes in the cluster failed during the learning process, the training
instruction generator 510 may instruct the remaining nodes to continue the learning process,
starting from a last stored state of the learning process before the failures. If the whole cluster
failed, the training instruction generator 510 can instruct one of the operation nodes to retrieve

the stored snapshot of last state of the learning process, and resume the deep learning from the
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last state with other operation nodes, by sharing the last state with other operation nodes via a
synchronization scheme, e.g. via MPI AllReduce based API, like RDMA, TCP, etc.

[0059] The training model determiner 514 in this example may receive a training
complete notification from an operation node. Then the training model determiner 514 can
obtain the estimated parameters associated with the machine learning model, either directly from
the operation nodes or by retrieving the estimated parameters stored in the model storage 110 by
the operation nodes. The training model determiner 514 may provide the trained model to the
user as a response to the user request.

[0060] FIG. 6 is a flowchart of an exemplary process performed by a coordination
node, e.g. the coordination node 108 in FIG. 5, according to an embodiment of the present
teaching. A request for training a machine learning model is received at 602. In general, the
request may be for estimating one or more parameters associated with a machine learning model.
Configuration information related to the model is determined at 604. At 606, a location of the
data for training the model is determined. At 608, the number of operation nodes is determined
for the training. The operation nodes are selected based on the number, at 610.

[0061] At 612, the training data are assigned to the selected operation nodes, e.g.
by dividing training data into multiple subsets and allocating each subset to a corresponding
operation node. At 614, the number of processing units within each operation node is
determined for the training. A training instruction is generated at 616, based on the
configuration information, the selected nodes, etc. In one embodiment, a failure at one or more
operation nodes is detected at 630. The training instruction may also be generated to include

information about the detected failure. At 618, the training instruction is sent to the selected
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operation nodes. At 620, a training complete notification is received, e.g. from one of the
operation nodes based on communication with other operation nodes.

[0062] FIG. 7 illustrates an exemplary diagram of an operation node 104-1,
according to an embodiment of the present teaching. As shown in FIG. 7, the operation node
104-1 in this example includes a training data retriever 702, a processing unit selector 704, a
machine learning module 706, training criteria 707, a model synchronizer 708, a model snapshot
generator 710, a model snapshot retriever 712, and a processing unit failure detector 714.

[0063] The training data retriever 702 in this example receives an instruction for
training a model. In general, the instruction is for estimating one or more parameters associated
with a machine learning model. In general, the one or more parameters may be used for feature
extraction, training a machine learning model, or validating a model of a deep learning, etc. As
discussed above, the instruction may include information about the training data allocation.
Based on the instruction, the training data retriever 702 may retrieve a corresponding subset of
training data allocated to the operation node 104-1. The training data retriever 702 may send the
retrieved subset of training data to the processing unit selector 704 for selecting processing units
and to the machine learning module 706 for executing the estimating.

[0064] The processing unit selector 704 in this example also receives the
instruction which includes information about the number of processing units to be used in the
operation node 104-1 for the estimating. For example, if the coordination node 108 reserves
three GPUs of the operation node 104-1 for the estimating, the processing unit selector 704 can
select the three GPUs in the machine learning module 706 accordingly, e.g. based on workloads

of the GPUs in the machine learning module 706.
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[0065] The machine learning module 706 in this example includes one or more
processing units (e.g. CPUs and/or GPUs) and can execute the estimating using the selected
processing units based on the retrieved subset of training data. Each selected processing unit can
communicate with other selected processing units within the operation node 104-1, to share the
estimated values of the parameters. In addition, the operation node 104-1 can also communicate
with other operation nodes, via the model synchronizer 708. In one embodiment, the model
synchronizer 708 may itself be one of the selected processing units for estimating the parameters.

[0066] FIG. 9 illustrates an exemplary scheme of communications among
multiple operation nodes in a cluster, according to an embodiment of the present teaching. As
shown in FIG. 9, the cluster includes n operation nodes Node 1 901, Node 2 902, ... Node n 903.
Node 1 901 may include k;+1 GPUs: di o, di1,...d1x1; Node 2 902 may include k,+1 GPUs: ds,
dz1,...dax2; ... Node n 903 may include k,+1 GPUs: dpo, dn1,...dnkn. Each GPU in each
operation node may perform a training based on a small batch of the subset of training data
corresponding to the node, to generate estimated values of the parameters associated with the
machine learning model. In this example, the parameters are represented by a vector [1, m*n].
In practice, the parameters may be gradients of model parameters of the machine learning model.
A machine learning process may be performed in iterations until a predetermined condition is
met. For each iteration, after the training on all these GPUs in the operation nodes, the GPUs
can perform synchronization through the following three stages.

[0067] In the first stage (1), called Reduce, one GPU in each operation node may
collect the estimated values from other GPUs in the same node and logically add the estimated
values together. For example, GPU d; 910 in Node 1 901 can obtain all estimated values of the

vector [1, m*n] from other GPUs in Node 1 901 and aggregate them with the estimated values

19



WO 2017/132428 PCT/US2017/015208

generated by the GPU d; o 910 itself, e.g. by calculating a summation, an average, or a weighted
average of these estimated values. As such, at the end of the first stage (1), GPU d; 910 in
Node 1 901 has an aggregated estimate, called “reduced estimate”, of the vector [1, m*n] within
Node 1 910. In each of the other operation nodes, one GPU (e.g. GPU d, 920 in Node

2, ...GPU dpnp 930 in Node n) will perform similarly as the GPU d; y 910 and obtain a reduced
estimate of the vector [1, m*n] within that node. The GPU performing the above Reduce stage
in each operation node, called “representing GPU” of the node, may be preselected by the node,
or determined by the node during the training. As discussed above, the communication between
the GPUs within an operation node may be performed via network interfaces like GPU direct,
Infiniband and/or Ethernet.

[0068] Then at the second stage (2), called AllReduce, the representing GPU in
each operation node may divide the vector [1, m*n] into n fractions: [1, m]; [m+1, 2m]; ...
[m*(n-1), m*n]. Each of the n operation nodes in the cluster will own a corresponding one of the
n fractions during the second stage. Then, each representing GPU in an operation node will
collect the reduced estimates of its owned fraction from other representing GPUs of other
operation nodes. For example, GPU d; 910 may own the fraction [1, m] 912; GPU d,, 920
may own the fraction [m+1, 2m] 914; ... GPU d,p 930 may own the fraction [m*(n-1), m*n] 916.
Then, GPU d, o 910 will collect the reduced estimates of the fraction [1, m] 912 from other
representing GPUs at other operation nodes; GPU d, 920 will collect the reduced estimates of
the fraction [m+1, 2m] 914 from other representing GPUs at other operation nodes; and GPU d,
930 will collect the reduced estimates of the fraction [m*(n-1), m*n] 916 from other representing
GPUs at other operation nodes. After collecting the reduced estimates of the corresponding

fraction, each representing GPU may aggregate them with its own reduced estimate to generate
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an “all reduced estimate” of the corresponding fraction, e.g. by calculating a summation, an
average, or a weighted average of these reduced estimates. Then, each representing GPU can
broadcast the “all reduced estimate” of its owned fraction to the other representing GPUs at the
other operation nodes. For example, GPU d; o 910 may generate an “all reduced estimate” of the
fraction [1, m] 912 based on the “reduced estimates” of the fraction [1, m] 912 generated by the
representing GPUs during the first stage, and broadcast the “all reduced estimate” of the fraction
[1, m] 912 to the other representing GPUs; GPU d,, 920 may generate an “all reduced estimate”
of the fraction [m+1, 2m] 914 based on the “reduced estimates” of the fraction [m+1, 2m] 914
generated by the representing GPUs during the first stage, and broadcast the “all reduced
estimate” of the fraction [m+1, 2m] 914 to the other representing GPUs; and GPU d,y 930 may
generate an “all reduced estimate” of the fraction [m*(n-1), m*n] 916 based on the “reduced
estimates” of the fraction [m*(n-1), m*n] 916 generated by the representing GPUs during the
first stage, and broadcast the “all reduced estimate” of the fraction [m*(n-1), m*n] 916 to the
other representing GPUs. As such, at the end of the second stage (2), each representing node at
each operation node has an “all reduced estimate” of the entire vector [1, m*n], i.e. a final
estimate of the parameters associated with the machine learning model in the current iteration,
called “iteration final estimate” of the parameters. The communication between the representing
GPUs across operation nodes may be performed via network interfaces like GPU direct,
Infiniband and/or Ethernet.

[0069] Then at the third stage (3), called Bcast, the representing GPU in each
operation node may broadcast the “iteration final estimate” of the parameters, i.e. the “iteration
final estimate” of the vector [1, m*n], to the other GPUs within the operation node. For example,

GPU d; o 910 broadcasts the “iteration final estimate” of the parameters to GPUs d; ;. dixi in
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Node 1 901; GPU d; 920 broadcasts the “iteration final estimate” of the parameters to GPUs
dy1 .daxe in Node 2 902; and GPU d, 930 broadcasts the “iteration final estimate” of the
parameters to GPUs d, 1 dnknin Node n 903. As such, at the end of the third stage (3), each
GPU in each operation node obtains the “iteration final estimate” of the parameters associated
with the machine learning model. The communication between the GPUs within an operation
node may be performed via network interfaces like GPU direct, Infiniband and/or Ethernet.

[0070] After the three stages, all the executing GPUs in the operation nodes are
synchronized regarding the state of the machine learning, because all the executing GPUs have
the same “iteration final estimate” of the parameters associated with the machine learning model,
during this iteration. Before performing the next iteration, a snapshot of the state of the machine
learning may be taken from one GPU at one operation node. For example, a snapshot of the
“iteration final estimate” of the parameters may be taken from GPU d; 910, and stored in a
storage outside all of the operation nodes.

[0071] After the last iteration when a predetermined condition is met, all the
executing GPUs have the same final estimate of the parameters associated with the machine
learning model. Then, one GPU at one operation node can inform the coordination node that the
distributed training is complete. The GPU may send the final estimate to the coordination node
directly or store the final estimate into the model storage 110 for the coordination node to
retrieve. As such, for all iterations during the entire process of distributed training, the operation
nodes can execute and exchange the estimated values to obtain the final estimate and finish the
distributed training, without help from the coordination node.

[0072] It can be understood that the system can predetermine the one GPU in the

one operation node for taking a snapshot after each round of iteration or for informing the
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coordination node that the training is complete. It can also be understood that CPU, instead of or
in addition to GPU, may be used for the operations shown in FIG. 9.

[0073] Referring back to FIG. 7, the machine learning module 706 may include
one or more selected GPUs for performing the operations as shown in FIG. 9. In one
embodiment, the representing GPU in the operation node 1 104-1 is included in the machine
learning module 706, such that the representing GPU may synchronize with other operation
nodes via the model synchronizer 708, and/or generate and store a model state snapshot to the
model storage 110 via the model snapshot generator 710 at the end of each round of iteration. In
this case, the machine learning module 706 may determine whether some training criteria 707
have been met after each round of iteration. The training criteria 707 may be related to a
condition for stopping the training or finishing the training. For example, a condition may be
met for stopping the training when the difference between two iteration final estimates of two
consecutive iterations is less than a predetermined threshold. In another example, a condition
may be met for finishing the training when all the training data have been utilized for a
predetermined number of times during the training. When the machine learning module 706
determines that the training criteria 707 are met, the machine learning module 706 will inform
the coordination node that the training is complete.

[0074] In other embodiments, the representing GPU in the operation node 1 104-1
may be included in the model synchronizer 708 or the model snapshot generator 710. The model
synchronizer 708 may utilize a synchronization scheme, e.g. RDMA, to realize the second
synchronization stage (2) as shown in FIG. 9.

[0075] The model snapshot generator 710 in this example may generate a

snapshot to record the calculated results of the machine learning module 706 and/or the model
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synchronizer 708, e.g. via memory access, and then store the snapshot associated with an
iteration number and a training ID into the model storage 110. The model storage 110 in this
example may store trained models or state snapshots of a model during a distributed training.
Each snapshot stored in the model storage 110 may be associated with a training ID that
identifies a training task, associated with one or more operation nodes that executed the training
task, and associated with an iteration number that indicates how many rounds of iteration have
been performed during the training task before the snapshot.

[0076] During the training execution at the operation node 104-1, the processing
unit failure detector 714 may detect a failure of one or more processing units (e.g. CPUs or
GPUs). For example, there are three selected GPUs in the operation node 104-1 for the machine
learning, and the processing unit failure detector 714 may detect a failure of one of the three
selected GPUs at an iteration round. The processing unit failure detector 714 may then inform
the other two selected GPUs in the machine learning module 706 about the failure. In one
example, the machine learning module 706 may reallocate the training data subset to the
remaining two GPUs for resuming the machine learning process. In another example, the
machine learning module 706 may reinitiate or restart the failed GPU for resuming the machine
learning process. In either case, the machine learning module 706 can inform the model
snapshot retriever 712 to retrieve a model snapshot from the model storage 110 for resuming the
machine learning process. The snapshot is a record of estimates of the machine learning
parameters from last iteration round before the failure. As such, the GPUs can read the state of
the snapshot and resume the machine learning process from that state.

[0077] The model snapshot retriever 712 in this example may retrieve a snapshot

from the model storage 110, either based on the instruction from the coordination node 108 or
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based on a request from the machine learning module 706. The instruction from the coordination
node 108 may indicate a failure of another operation node or a failure of the entire machine
learning process, such that the model snapshot retriever 712 may be instructed to retrieve the
snapshot of last iteration round from the model storage 110 for resuming the machine learning
process. A request from the machine learning module 706 may indicate a failure of a processing
unit in the operation node 104-1, such that the model snapshot retriever 712 may be instructed to
retrieve the snapshot of last iteration round from the model storage 110 for resuming the machine
learning process, at the remaining processing units. Because the model storage 110 is located
outside any operation node, a failure from any operation node will not impact the snapshots
stored in the model storage 110. If a representing GPU fails, one of the remaining GPUs may be
designated as the representing GPU in the operation node 104-1.

[0078] FIG. 8 is a flowchart of an exemplary process performed by an operation
node, e.g. the operation node 104-1 in FIG. 7, according to an embodiment of the present
teaching. At 802, an instruction is received for training a machine learning model or estimating
parameters associated with the machine learning model. A subset of training data is retrieved at
804 based on the instruction. At 808, one or more processing units are selected based on the
instruction. A last snapshot from last iteration round may be retrieved at 810 from a model
storage. The estimated values related to the parameters of the model are generated or updated at
812.

[0079] The selected processing units (e.g. CPUs and/or GPUs) in the operation
node are synchronized at 814. The operation node is synchronized at 816 with other operation
nodes regarding the parameters of the model. A snapshot of a state of the parameters of the

model is generated at 818, to record the result of a current iteration round. At 820, the snapshot
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is stored into the storage that may be located outside the operation node or even outside the
cluster. One or more criteria are obtained at 822 for completing the training.

[0080] It is determined at 823 whether the criteria are met. If so, the process goes
to 824 for informing the coordination node that the model training or estimating is complete. If
not, the process goes to 825, for determining whether there is any failed processing unit. If there
is no failure of any processing unit, the process moves back to 812 for the next iteration round.
If there is a failure of any processing unit, the process moves back to 810 for retrieving a
snapshot of last iteration round and starting the next iteration round.

[0081] FIG. 10 illustrates another exemplary scheme of distributed machine
learning on a cluster based on Spark framework, according to an embodiment of the present
teaching. As shown in FIG. 10, the coordination node 108 in this cluster is called Spark Driver
for driving the operation nodes 1004-1,...1004-3 to perform a machine learning, e.g. to estimate
a model parameter in a distributed deep learning, in a Spark framework. The machine learning
may be based on training dataset on HDFS which is a Java-based file system that provides
scalable and reliable data storage and was designed to span large clusters of commodity servers.
The Spark Driver 108 may divide the training dataset into multiple data subsets 1012, 1022,
1032 and allocate each of the data subsets to one of the operation nodes, i.e. Spark Executors
1004-1, 1004-2, 1004-3, for estimating the parameter. In this example, each Spark Executor may
feed and control training data subset, and execute the training based on an enhanced Caffe library
with multiple GPUs/CPUs. The GPUs/CPUs within each Spark Executor can exchange
calculation results after each iteration round. For example, each Spark Executor can have two
separate network interfaces, Ethernet and Infiniband. While Ethernet can act as the primary

interface for external communication, Infiniband can provide 10 times faster connectivity among
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the Spark Executors in the cluster. It can be understood that in other embodiments, the
Infiniband can act as the primary interface for external communication, while Ethernet can
provide connectivity among the Spark Executors in the cluster. It can also be understood that
other network interfaces can also be utilized for connections between Spark Executors or among
GPUs/CPUs in each Spark Executor.

[0082] Each Spark Executor may include a model synchronizer configured for
communicating with other Spark Executors directly, e.g. via RDMA or TCP, without the help
from the Spark Driver 108. As such, after each iteration round, the Spark Executors can be
synchronized to share a same state of the training model. In addition, each GPU or CPU in each
Spark Executor can obtain the shared state. In one embodiment, one GPU or CPU in one Spark
Executor can take a snapshot of the state and store it into the model storage 110 which is on
HDFS. Because the model storage 110 is outside the Spark Executors, if one or more Spark
Executors fail during a machine learning, the rest nodes can resume based on last stored state of
the model in the model storage 110.

[0083] In one embodiment, a user may use standard Cafte configuration files to
specify his/her Caffe solver and deep network topology, and simply submit a user request, e.g. in
form of a command shown in FIG. 11, to the system for distributed machine learning.

[0084] In another embodiment, a user may write a program based on an
application program interface (API) associated with the system, and utilize the program to define
configuration parameters for distributed machine learning. FIG. 12 illustrates an exemplary API
1210 for distributed machine learning, according to an embodiment of the present teaching. The
API 1210 is an example of an interface that includes a set of routines, protocols, and tools for

building software applications related to machine learning based on the Caffe library in Spark
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framework. FIG. 13 illustrates an exemplary program 1310 written by a user for distributed
machine learning, according to an embodiment of the present teaching.

[0085] FIG. 16 illustrates a performance benchmark of an exemplary scheme of
distributed machine learning, according to an embodiment of the present teaching. FIG. 16
shows results of a deep learning for AlexNet (a Caffe based model) with 1 GPU, 2 GPUs, 4
GPUs and 8 GPUs with a single Spark executor. As illustrated in the diagram 1610, training
time decreases as the number of GPUs increases. With 4 GPUs, the system achieves 50%
accuracy in about 15/43=35% the time required by a single GPU. All these executions use
identical total batch size 256. The setup with 8 GPUs did not show significant improvement
over 4 GPUs, as the overall batch size was too small on each GPU to use the hardware efficiently.

[0086] FIG. 17 illustrates another performance benchmark of an exemplary
scheme of distributed machine learning, according to an embodiment of the present teaching.
FIG. 17 shows performances of a distributed benchmark with GooglLeNet (another Caffe based
model). GooglLeNet is much deeper and uses more convolutions than AlexNet, and thus requires
more computation power. In each run, the system arranges each GPU to handle batches of size
32, for an effective batch size of 32n when n GPUs are used. The distributed algorithm is
designed to produce models and end-result precision equivalent to running on a single GPU. As
illustrated in the diagram 1710, the training reached 80% top-5 accuracy (20% error) in 10 hours
of training with 4 servers (4x8 GPUs). A training with 1 GPU reached only 60% top-5 accuracy
(40% error) after 40 hours.

[0087] FIG. 14 depicts the architecture of a mobile device which can be used to
realize a specialized system implementing the present teaching. In this example, the operation

node or the coordination node is a mobile device 1400, including, but is not limited to, a smart
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phone, a tablet, a music player, a handled gaming console, a global positioning system (GPS)
receiver, and a wearable computing device (e.g., eyeglasses, wrist watch, etc.), or in any other
form factor. The mobile device 1400 in this example includes one or more central processing
units (CPUs) 1440, one or more graphic processing units (GPUs) 1430, a display 1420, a
memory 1460, a communication platform 1410, such as a wireless communication module,
storage 1490, and one or more input/output (I/O) devices 1450. Any other suitable component,
including but not limited to a system bus or a controller (not shown), may also be included in the
mobile device 1400. As shown in FIG. 14, a mobile operating system 1470, e.g., 10S, Android,
Windows Phone, etc., and one or more applications 1480 may be loaded into the memory 1460
from the storage 1490 in order to be executed by the CPU 1440. The applications 1480 may
include a browser or any other suitable mobile apps for distributed machine learning on the
mobile device 1400. User interactions with the device 1400 may be achieved via the I/O devices
1450.

[0088] To implement various modules, units, and their functionalities described
in the present disclosure, computer hardware platforms may be used as the hardware platform(s)
for one or more of the elements described herein (e.g., the operation node 104-1, the
coordination node 108, and/or other components of the systems 100 and 200 described with
respect to FIGs. 1-13). The hardware elements, operating systems and programming languages
of such computers are conventional in nature, and it is presumed that those skilled in the art are
adequately familiar therewith to adapt those technologies to distributed machine learning as
described herein. A computer with user interface elements may be used to implement a personal
computer (PC) or other type of work station or terminal device, although a computer may also

act as a server if appropriately programmed. It is believed that those skilled in the art are
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familiar with the structure, programming and general operation of such computer equipment and
as a result the drawings should be self-explanatory.

[0089] FIG. 15 depicts the architecture of a computing device which can be used
to realize a specialized system implementing the present teaching. Such a specialized system
incorporating the present teaching has a functional block diagram illustration of a hardware
platform which includes user interface elements. The computer may be a general purpose
computer or a special purpose computer. Both can be used to implement a specialized system
for the present teaching. This computer 1500 may be used to implement any component of the
distributed machine learning techniques, as described herein. For example, the operation node
104-1, the coordination node 108, etc., may be implemented on a computer such as computer
1500, via its hardware, software program, firmware, or a combination thereof. Although only
one such computer is shown, for convenience, the computer functions relating to distributed
machine learning as described herein may be implemented in a distributed fashion on a number
of similar platforms, to distribute the processing load.

[0090] The computer 1500, for example, includes COM ports 1550 connected to
and from a network connected thereto to facilitate data communications. The computer 1500
also includes a central processing unit (CPU) 1520, in the form of one or more processors, for
executing program instructions. The exemplary computer platform includes an internal
communication bus 1510, program storage and data storage of different forms, e.g., disk 1570,
read only memory (ROM) 1530, or random access memory (RAM) 1540, for various data files
to be processed and/or communicated by the computer, as well as possibly program instructions
to be executed by the CPU. The computer 1500 also includes an I/O component 1560, supporting

input/output flows between the computer and other components therein such as user interface
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elements 1580. The computer 1500 may also receive programming and data via network
communications.

[0091] Hence, aspects of the methods of distributed machine learning, as outlined
above, may be embodied in programming. Program aspects of the technology may be thought of
as “products” or “articles of manufacture” typically in the form of executable code and/or
associated data that is carried on or embodied in a type of machine readable medium. Tangible
non-transitory “storage” type media include any or all of the memory or other storage for the
computers, processors or the like, or associated modules thereof, such as various semiconductor
memories, tape drives, disk drives and the like, which may provide storage at any time for the
software programming.

[0092] All or portions of the software may at times be communicated through a
network such as the Internet or various other telecommunication networks. Such
communications, for example, may enable loading of the software from one computer or
processor into another, for example, from one device into the hardware platform(s) of a
computing environment or other system implementing a computing environment or similar
functionalities in connection with distributed machine learning techniques. Thus, another type of
media that may bear the software elements includes optical, electrical and electromagnetic waves,
such as used across physical interfaces between local devices, through wired and optical landline
networks and over various air-links. The physical elements that carry such waves, such as wired
or wireless links, optical links or the like, also may be considered as media bearing the software.
As used herein, unless restricted to tangible “storage” media, terms such as computer or machine
“readable medium” refer to any medium that participates in providing instructions to a processor

for execution.
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[0093] Hence, a machine-readable medium may take many forms, including but
not limited to, a tangible storage medium, a carrier wave medium or physical transmission
medium. Non-volatile storage media include, for example, optical or magnetic disks, such as
any of the storage devices in any computer(s) or the like, which may be used to implement the
system or any of its components as shown in the drawings. Volatile storage media include
dynamic memory, such as a main memory of such a computer platform. Tangible transmission
media include coaxial cables; copper wire and fiber optics, including the wires that form a bus
within a computer system. Carrier-wave transmission media may take the form of electric or
electromagnetic signals, or acoustic or light waves such as those generated during radio
frequency (RF) and infrared (IR) data communications. Common forms of computer-readable
media therefore include for example: a floppy disk, a flexible disk, hard disk, magnetic tape, any
other magnetic medium, a CD-ROM, DVD or DVD-ROM, any other optical medium, punch
cards paper tape, any other physical storage medium with patterns of holes, a RAM, a PROM
and EPROM, a FLASH-EPROM, any other memory chip or cartridge, a carrier wave
transporting data or instructions, cables or links transporting such a carrier wave, or any other
medium from which a computer may read programming code and/or data. Many of these forms
of computer readable media may be involved in carrying one or more sequences of one or more
instructions to a physical processor for execution.

[0094] Those skilled in the art will recognize that the present teachings are
amenable to a variety of modifications and/or enhancements. For example, although the
implementation of various components described above may be embodied in a hardware device,
it may also be implemented as a software only solution—e.g., an installation on an existing

server. In addition, the distributed machine learning as disclosed herein may be implemented as
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a firmware, firmware/software combination, firmware/hardware combination, or a
hardware/firmware/software combination.

[0095] While the foregoing has described what are considered to constitute the
present teachings and/or other examples, it is understood that various modifications may be made
thereto and that the subject matter disclosed herein may be implemented in various forms and
examples, and that the teachings may be applied in numerous applications, only some of which
have been described herein. It is intended by the following claims to claim any and all

applications, modifications and variations that fall within the true scope of the present teachings.
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WE CLAIM:

1. A method implemented on at least one computing device each of which has at least
one processor, storage, and a communication platform connected to a network for estimating one
or more parameters on a cluster including a plurality of nodes, the method comprising:

receiving a request for estimating one or more parameters associated with a machine
learning model,

obtaining a set of data to be used for estimating the one or more parameters;

dividing the set of data into a plurality of sub-sets of data, each of which corresponds to
one of the plurality of nodes;

allocating each sub-set of data to a corresponding node for estimating values of the one or
more parameters based on the sub-set of data;

receiving, from each of the plurality of nodes, estimated values of the one or more
parameters obtained based on a corresponding sub-set of data allocated to the node; and

estimating the one or more parameters of the machine learning model based on the
estimated values of the one or more parameters generated by at least some of the plurality of

nodes.

2. The method of claim 1, wherein each of the at least some of the plurality of nodes
performs the following:
obtaining training values related to the one or more parameters;

generating updated training values based on a corresponding sub-set of data;
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exchanging information related to the updated training values with other nodes in the at
least some of the plurality of nodes to generate a state of the one or more parameters that is
shared by the at least some of the plurality of nodes; and

repeating the steps of generating and exchanging until a predetermined condition is met

to generate the estimated values of the one or more parameters.

3. The method of claim 1, wherein each of the plurality of nodes performs the following:

allocating one or more processing units in accordance with the request;

generating, by each processing unit within the node, a subset of values related to the one
or more parameters of the machine learning model; and

synchronizing the one or more processing units within the node to generate the estimated

values of the one or more parameters of the machine learning model.

4. The method of claim 3, further comprising:
detecting a failure at one of the plurality of nodes; and

instructing the remaining nodes in the plurality of nodes to continue the estimating.

5. The method of claim 3, further comprising determining a number of the one or more

processing units for each node in accordance with the request, wherein the one or more

processing units within each node include at least one graphics processing unit (GPU) or central

processing unit (CPU) device.

6. The method of claim 1, further comprising:
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determining a number of the plurality of nodes in accordance with the request; and
determining a location of the set of data for estimating the one or more parameters

associated with the machine learning model based on the request.

7. The method of claim 1, further comprising instructing one of the at least some of the
plurality of nodes to store a snapshot of a state of the one or more parameters of the machine

learning model in a storage outside the plurality of nodes.

8. The method of claim 7, further comprising:

detecting a failure of the estimating;

instructing the plurality of nodes to retrieve a snapshot of a last state of the one or more
parameters of the machine learning model from the storage; and

instructing the plurality of nodes to continue the estimating based on the last state.

9. The method claim 1, wherein the plurality of nodes are synchronized via MPI
AllReduce like API using a network interface implemented on each of the plurality of nodes,
wherein the network interface includes at least one of an Ethernet interface and an Infiniband

interface.

10. The method of claim 1, wherein:
the set of data for estimating the one or more parameters is stored on a Hadoop
Distributed File System (HDFS); and

the plurality of nodes are implemented in a Spark framework.
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11. A system, having at least one processor, storage, and a communication platform
connected to a network for estimating one or more parameters on a cluster including a plurality
of nodes, the system comprising:

a configuration information identifier configured for receiving a request for estimating
one or more parameters associated with a machine learning model;

a training data locator configured for obtaining a set of data to be used for estimating the
one or more parameters;

a training data distributor configured for dividing the set of data into a plurality of sub-
sets of data, each of which corresponds to one of the plurality of nodes and allocating each sub-
set of data to a corresponding node for estimating values of the one or more parameters based on
the sub-set of data; and

a training model determiner configured for receiving, from each of the plurality of nodes,
estimated values of the one or more parameters obtained based on a corresponding sub-set of
data allocated to the node and estimating the one or more parameters of the machine learning
model based on the estimated values of the one or more parameters generated by at least some of

the plurality of nodes.

12. The system of claim 11, wherein each of the at least some of the plurality of nodes
performs the following:
obtaining training values related to the one or more parameters;

generating updated training values based on a corresponding sub-set of data;
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exchanging information related to the updated training values with other nodes in the at
least some of the plurality of nodes to generate a state of the one or more parameters that is
shared by the at least some of the plurality of nodes; and

repeating the steps of generating and exchanging until a predetermined condition is met

to generate the estimated values of the one or more parameters.

13. The system of claim 11, wherein each of the plurality of nodes performs the
following:

allocating one or more processing units in accordance with the request;

generating, by each processing unit within the node, a subset of values related to the one
or more parameters of the machine learning model; and

synchronizing the one or more processing units within the node to generate the estimated

values of the one or more parameters of the machine learning model.

14. The system of claim 13, further comprising:

a node failure detector configured for detecting a failure at one of the plurality of nodes;
and

a training instruction generator configured for instructing the remaining nodes in the

plurality of nodes to continue the estimating.

15. The system of claim 13, further comprising an operation node selector configured for

determining a number of the one or more processing units for each node in accordance with the
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request, wherein the one or more processing units within each node include at least one graphics

processing unit (GPU).

16. The system of claim 11, further comprising:

an operation node selector configured for determining a number of the plurality of nodes
in accordance with the request; and

the training data locator configured for determining a location of the set of data for
estimating the one or more parameters associated with the machine learning model based on the

request.

17. The system of claim 11, further comprising a training instruction generator
configured for instructing one of the at least some of the plurality of nodes to store a snapshot of
a state of the one or more parameters of the machine learning model in a storage outside the

plurality of nodes.

18. The system of claim 17, further comprising:

a node failure detector configured for detecting a failure of the estimating;

a training instruction generator configured for instructing the plurality of nodes to retrieve
a snapshot of a last state of the one or more parameters of the machine learning model from the

storage and instructing the plurality of nodes to continue the estimating based on the last state.

19. The system of claim 11, wherein the plurality of nodes are synchronized via MPI

AllReduce like API using a network interface implemented on each of the plurality of nodes,
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wherein the network interface includes at least one of an Ethernet interface and an Infiniband

interface.

20. A machine-readable tangible and non-transitory medium having information for
estimating one or more parameters on a cluster including a plurality of nodes, wherein the
information, when read by the machine, causes the machine to perform the following:

receiving a request for estimating one or more parameters associated with a machine
learning model,;

obtaining a set of data to be used for estimating the one or more parameters;

dividing the set of data into a plurality of sub-sets of data, each of which corresponds to
one of the plurality of nodes;

allocating each sub-set of data to a corresponding node for estimating values of the one or
more parameters based on the sub-set of data;

receiving, from each of the plurality of nodes, estimated values of the one or more
parameters obtained based on a corresponding sub-set of data allocated to the node; and

estimating the one or more parameters of the machine learning model based on the
estimated values of the one or more parameters generated by at least some of the plurality of

nodes.

21. The method of claim 1, wherein the cluster is a single cluster that enables a deep

machine learning to be performed along with a non-deep machine learning and other data

processing in the single cluster, with a single program.
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22. The method of claim 21, wherein:

some data processing is performed in the cluster for producing input datasets for the deep
machine learning;

the deep machine learning is performed in the cluster for extracting features;

the non-deep machine learning is performed in the cluster to generate a classification
model based on the features; and

the other data processing in the cluster includes applying the classification model against

a big data set.

23. The method of claim 1, wherein:
the cluster is an Apache Hadoop cluster on top of Apache Spark; and
the plurality of nodes in the cluster are capable of communicating with each other via an

API similar to MPI AllReduce.

24. The method of claim 1, wherein each of the at least some of the plurality of nodes
performs the following:

collecting, by one processing unit in the node, the estimated values from other processing
units in the node to generate a reduced estimate of the one or more parameters based on the
estimated values, wherein the one or more parameters are represented by a vector;

dividing the vector into a plurality of fractions, wherein each of the at least some of the

plurality of nodes corresponds to one of the plurality of fractions;
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collecting, by the one processing unit in the node, reduced estimates of a corresponding
fraction from other nodes in the at least some of the plurality of nodes to generate an all reduced
estimate of the corresponding fraction based on the reduced estimates;

broadcasting, by the one processing unit in the node, the all reduced estimate of the
corresponding fraction to the other nodes in the at least some of the plurality of nodes;

obtaining, by the one processing unit in the node, an all reduced estimate of the vector
representing the one or more parameters; and

broadcasting, by the one processing unit in the node, the all reduced estimate of the

vector to the other processing units in the node.
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