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Sponsored Online Advertising
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Sponsored Online Advertising
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CTR Prediction Models at Baidu 

2009 and earlier:  Single machine  CTR models 

2010: Distributed logistic regression (LR)  and distributed parameter server 

2013: Distributed deep neural networks (DNN) , extremely large models 

Since 2017:  Single GPU AIBox, Multi-GPU Hierarchical Parameter Sever, 

Approx. near neighbor (ANN) search, Maximum inner product search (MIPS) 

ANN and MIPS have become increasingly important in the whole pipeline of CTR prediction,

due to the popularity & maturity of embedding learning and improved ANN/MIPS techniques
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A Visual Illustration of CTR Models
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MPI Cluster Solution
Distributed Parameter Server
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Wait! Why do We Need Such a Massive Model? 
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Hashing For Reducing CTR Models 
One permutation + one sign random projection (work done in 2015)

1. Hashing + DNN significantly improves over LR (logistic regression)!

2. A fine solution if the goal is to use single-machine to achieve good accuracy!

Image search ads 

is typically a small 

source of revenue
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Hashing For Reducing CTR Models
One permutation + one sign random projection (work done in 2015) 

1. Even a 0.1% decrease in AUC would result in a noticeable decrease in revenue

2. Solution of using hashing + DNN + single machine is typically not acceptable

Web search ads 

use more features 

and larger models 
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MPI Cluster Solution
Distributed Parameter Server
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10-TB model parameters Hundreds of computing nodes

Hardware and maintenance cost

Communication cost
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But all the cool kids use GPUs!

Let’s train the 10-TB Model with GPUs!
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Hold 10 TB parameters in GPU?
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Only a small subset of 

parameters in the 

embedding layer is used 

and updated in a batch

A few hundreds of non-zeros
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Only a small subset of 

parameters in the 

embedding layer is used 

and updated in a batch

A few hundreds of non-zeros

The working parameters can 

be held in GPU High 

Bandwidth Memory (HBM)
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Solve the Machine Learning Problem in a System Way!
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MEM-PS and SSD-PS
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Experimental Evaluation

• 4 GPU computing nodes

• 8 cutting-edge 32 GB HBM GPUs

• Server-grade CPUs with 48 cores (96 threads)

• ∼1 TB of memory

• ∼20 TB RAID-0 NVMe SSDs

• 100 Gb RDMA network adaptor
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Experimental Evaluation
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Execution Time
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Price-Performance Ratio

• Hardware and maintenance cost: 1 GPU node ~ 10 CPU-only nodes

• 4 GPU node vs. 75-150 CPU nodes
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AUC
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Conclusions
• We introduce the architecture of a distributed hierarchical GPU parameter server for 

massive deep learning ads systems.

• We perform an extensive set of experiments on 5 CTR prediction models in real-
world online sponsored advertising applications. 

• A 4-node hierarchical GPU parameter server can train a model more than 2X faster 
than a 150-node in-memory distributed parameter server in an MPI cluster. 

• The cost of 4 GPU nodes is much less than the cost of maintaining an MPI cluster 
of 75-150 CPU nodes. 

• The price-performance ratio of this proposed system is 4.4-9.0X better than the 
previous MPI solution. 

• This system is being integrated with the PaddlePaddle deep learning 
platform (https://www. paddlepaddle.org.cn) to become PaddleBox. 
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