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1.

INTRODUCTION

Machine learning (ML) analytics have become the core of
many businesses and emerging fields. ML is about inferring a function from training data. The learning algorithm
analyzes the training data and produces an inferred function, the so-called model, used to correctly determine unseen
data.
However, the speedup in computational power has hit a
barrier and in recent years the growth of the amount of data
to be analyzed has been vastly larger than the speedup in
computation. The capabilities of large scale ML are rather
limited by computing time than sample size. The computational complexity of learning algorithms become the critical limiting factor when one envisions very large data sets
and motivate the need for efficient techniques in the area of
distributed machine learning that fully exploit the inherent
properties of the applied algorithms. Stochastic gradient descent (SGD) is an algorithm to perform optimization which
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ture. We aim to combine the principles of weak consistency
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Mlearning.
M3 We see interwith large scale distributed machine
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esting opportunities in this domain in (1) perceiving parallel
ML algorithms based on model replication as a ”collaboraP2
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tive task” where local progress
on models
is instantaneously
exchanged and by (2) making this exchange more efficient
by exploiting the underlying stochastic nature. Based on
this motivation, we extend the notion of consistency for
replicated objects with intrinsic stochastic structure and introduce harmonization as the reconciliation principle to enM1
able efficient consistency maintenance of these objects. We
present as a concrete application the harmonization of replicated ML models.
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(a) Independent Models

(b) Replicated Models

Figure 1: Distributed Training of ML Models.
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ML is the efficient parallelization of the learning process. Common parallelization approaches of linear
models follow the traditional MapReduce schema [4] as visualized in Fig. 1a. Independent (M1 - M3) model instances
are trained in an iterative fashion on different data partitions
(P1 - P3). After each training iteration, often referred to as
epoch, a global reduce operation then combines1 all the independent models. The resulting model is then propagated
back. This procedure of independent learning and global
model mixing repeats until a given termination criteria2 is
satisfied [3]. We propose a novel approach by combining the
principles of weak consistency with the inherent stochastic nature of ML models. For this we change communication pattern by perceiving parallel ML algorithms based on
model replication as an âĂİcollaborative taskâĂİ where local
progress on replicated model instances is exchanged instantaneously, improving the overall convergence of the learning
process, because updates are sooner visible and integrated
into parallel model instances [8], as depicted in Fig. 1b. To
compensate for the associated communication overhead, we
exploit the underlying stochastic nature of ML models by
propagating only significant updates that contribute to the
global convergence. To apply this concept on a broader
scale, we introduce the concept of harmonization as an
reconciliation principle for replicated objects with intrinsic
stochastic structure.

2.

BACKGROUND

1
in case of linear models, this is accomplished by parameter
averaging
2
e.g. combined model is converged or a fixed number of
epochs is reached

2.1

Iterative Convergent Algorithms (ICAs)

Most ML algorithms can be described abstractly as an iterative process of continuous model refinement until a provided termination criteria is satisfied:
do
δ ← ∆(Θt , γ)
Θt+1 ← u(Θt , δ)
until T (Θt+1 )
t

The expression ∆(Θ , γ) computes the update-step δ dependent on the dataset γ and the current state of the model Θt .
The step δ is applied via the update function u on the current state Θt to generate the refined state Θt+1 . The steps
are repeated until a predefined convergence criteria T (Θt+1 )
is fulfilled.

2.2

Data- and Model-Parallelism

Distributed parallelization is made possible by replicating
the computation of the update-step ∆. Usually, a distinction
between two common variants is made:
Data-Parallelism: Update-steps are computed in parallel
on assigned fractions of the partitioned dataset γ and either applied on a shared or replicated model Θ.
Model-Parallelism: Update-steps are computed in parallel on a replicated dataset γ and locally applied on an
assigned fraction of the partitioned model Θ.
Our approach is based on the Data-Parallelism variant.

2.3

Distributed Execution of ICAs

We structure the execution of an epoch within a parallel
ICA-instance in three logical phases:
(A) Computation: Compute the refined model locally.
(B) Communication: Perform communication to make
the local progress visible to the other parallel ICA-instances.
(C) Coordination: Perform optional global coordination
logic among the parallel ICA-instances to preserve ML
algorithm specific properties [2].
The semantics of phases (A) and (B) do not require a happenedbefore ordering. Hence an overlapping computation and communication phase is allowed.

3.

CONSISTENCY IN STOCHASTIC ENVIRONMENTS

Inspired by the continuous consistency model of [6], we
loosely define data consistency in stochastic environments
as replicated entities with intrinsic stochastic structure that
are bounded tolerant to deviations in numerical values and
replica staleness among each other. Based on this, we define
harmonization as the reconciliation principle to maintain
consistency of the replicated entities within application specific bounds. The exact specification and implementation
of these bounds are highly application dependent [5]. Being aware of these boundaries and carefully exploring them
can lead to efficient consistency maintenance solutions. For
instance, stochastic properties can be exploited by reducing
consistency preserving communication to a legal (i.e. correctness preserving) minimum. A further way that leverages
the stochastic properties of replicated objects is given in the

next section. In this scenario, we additionally claim to increase the global convergence for many distributed machine
learning algorithms by including the staleness deviation in
the replica reconciliation.

4.

HARMONIZATION OF REPLICATED ML
MODELS

We introduce harmonized replicated ML models as a concrete realization of our harmonization concept. We focus on
linear models that assume the output y can be expressed as
a linear combination with the input attributes (x1 , x2 , ...).
Both, the output and input attributes are expected to be
numeric. The parameters of the underlying model represent
the coefficients of the linear combination.
The fundamental idea is based on: (1) the overlapping
of computation- and communication phase to enable instantaneous propagation of updated parameters, (2) selection
of relevant parameter updates which contribute to global
convergence and (3) the asynchronous integration of updated parameters, based on epoch-weighted averaging inspired by [1]. We claim that the immediate exchange of
updated parameters increases the global convergence, because learning progress is available to all parallel instances
as soon as possible. Secondly, the immediate and continuous propagation of refined parameters leads to a constant
utilization of the network resource compared to communications bursts at the end of epochs. Our approach is based on
data-parallel machine learning, which implies a replicated
model and a data set partition assigned to each distributed
ICA-instance. High delayed update propagation lead to a
decrease of the convergence rate [8]. To keep propagation
latencies as low as possible, a high network coupling degree
among the ICA-instances is required,

4.1

Communication

To enable the immediate propagation of updated model
parameters among parallel ICA-instances, we extend the
definition of an ICA in section 2.1 by weaving in send/receiveprimitives. The communication primitives are executed asynchronously to avoid interruption of the ICA execution. The
send-primitive is triggered after the local computation in
the Computation and Communication Phase and consists
of: (1) buffering of updated parameters to a reasonable size,
depending on network properties and current utilization.
(2) buffer transmission to the other ICA-instances.
The receive-primitive provides remote updates for further
processing.

4.2

Harmonization Functions

The harmonization functions are tightly coupled to the
send/receive primitives and can be seen as an intermediate layer among the connected ICA-instances. The concrete
harmonization mechanic is realized via: (1) a filter function
applied on sender side to propagate only significant updates
and (2) a merge function applied at the corresponding receiver side to integrate remote updates.
ML Model: We refine the notion of a ML model by giving
Θ internal structure via an ordered set of parameters. We
access the model parameters by the position e.g., Θ(n − 1)
refers to the last parameter in Θ if the model covers n parameters.

Filter-Function: The filter decides whether an updated parameter Θt+1 (p) is handed over to the send-primitive or not:
F (Θt (p), Θt+1 (p))

,

Θ

t+1

t

(p) − Θ (p)
Θt (p)

≥



This filter implementation rates a parameter as significant
for propagation, if its relative change, computed by building
the difference between the new value Θt+1 (p) and the old
value Θt (p) divided3 by the old value, is greater than or
equal to a user provided threshold .
The filter threshold  relates to a individual parameter update. Many updates on a parameter, each for itself falling
below the threshold, may in aggregate become significant
over time. A simple way to determine these significant parameter aggregates is to maintain for each parameter an additional update-aggregate, keeping the delta since last propagation. If the update-aggregate exceeds the threshold is
the parameter propagated and the update-aggregate invalidated. Remote updates of this parameter results also in a
invalidation. This simple extension is limited by the number of parameters, because the additional information lead
to a doubling of model sizes. In case of large models can
probabilistic data structures be applied, e.g. a variation of
the count-min sketch [10]. This data structure enables a sub
linear growth of model sizes with increasing number of parameters by approximating updates-aggregates for the most
frequent updated parameters.
Merge-Function: The merge function integrates a remote
parameter ΘtR (p) into the local parameter ΘtL (p):
Mλ (ΘtR (p), ΘtL (p)) ,

(tR −tL ) λ ΘtR (p)+ΘtL (p)
2

→ ΘtL (p)

This merge implementation performs a weighted averaging
between a remote- and the corresponding local parameter.
The weighting is applied on the remote parameter by computing first the ”epoch-distance” between the remote and
local parameter (tR − tL ) and then regulating the impact of
this distance by multiplying the user supplied factor with λ
to define the ”importance” of the remote parameter. Finally,
the arithmetical mean is formed over the weighted remoteand the local parameter.

5.

FUTURE WORK

We have implemented the presented ML model harmonization in our new distributed ML framework and are currently working on concrete experiments with very large data
sets to examine the convergence characteristics of our approach.
It would be interesting from a theoretical machine learning
perspective to examine how the user supplied harmonization
hyper-parameters , λ could be inferred by a system. For
example based on clever sub-sampling of the training data.
With regards to the community that addresses the problem of distributed data consistency, it might be interesting to
invest in a theoretical framework where the notion of consistency in stochastic environments is investigated to discover
general properties inherent in this specific problem domain.

3

If Θt (p) = 0 we take the absolute change Θt+1 (p) − Θt (p)
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