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Abstract:  [Objective] Real-world data becomes much more complex, sparse and high-dimensional for the big
data shock in this era. According to this, modern ML models are designed in a deep, complicated
way, which arises challenges when designing a distributed machine learning (ML) system. Though
researchers have developed many efficient centralized ML systems like TensorFlow, PyTorch
and XGBoost, these systems suffer from the following two problems: (1) They cannot integrate
well with existing big data systems, (2) they are not general enough and are usually designed for
specific ML models. [Methods] To tackle these challenges, we introduce Angel’, a large-scale ML
platform based on parameter servers. [Results] With the power of parameter servers, Angel+ can
efficiently support existing big data systems and ML systems without neither breaking the core of
big data systems, Apache Spark for instance, nor degrades the computation efficiency of current
ML frameworks like PyTorch. Furthermore, Angel" provides algorithms like model averaging,
gradient compression and heterogeneous-aware stochastic gradient descent, to deal with the huge
communication cost and the straggler problem in distributed training process. [Conclusions] We
also enhance the usability of Angel by providing efficient implementation for many ML models.
We conduct extensive experiments to demonstrate the superiority of Angel'.

Keywords: machine learning platform; parameter servers; big data systems; distributed machine learning systems
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Algorithm 1: Distributed SGD {T, n w, X, m}

1 Master:
2 for Iteration t =0 to T do
Issue WorkerTask(t) to workers;
Issue ServerTask(t) to parameter servers;

Worker r = 1, ..., m:

Function WorkerTask(t):

Get model w;_; from the servers;

Sample a batch of data X;, from X, ;
Compute gradient g} + Eziexbr Vi(wi—1,x;);
10 Send gradient g; to parameter Servers;

R e )

11 Parameter Server:

12 Function ServerTask(t):

13 Aggregate gradient as g; Z:"’zl gi;
14 Update the model as

| Wi < Wiy —n-(gt) — - VQUwi—1);

B 2 4% SGD HikkH
Fig. 2 Implementation of distributed SGD
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