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Abstract

Recent advancements in deep neural networks for graph-structured data have led
to state-of-the-art performance on recommender system benchmarks. However,
making these methods practical and scalable to web-scale recommendation tasks
with billions of items and hundreds of millions of users remains a challenge.
We plan to implement a web-scale recommender system based on graph convolu-
tional network. Due to the size of the problem, the graph be stored across multiple
NVIDIA GPUs and possibly even computers. Our goal is to achieve speedup
over the baseline (GraphSAGE Hamilton et al. [2017]) model in distributed train-
ing. We will firstly work toward adapting the baseline for distributed training.
Then optimize its performance by reducing communication and improving cache
locality.

1 Introduction

We attach some introduction from Ying et al. [2018] for the sake of completeness:

Deep learning methods have an increasingly critical role in recommender system applications, being
used to learn useful low dimensional embeddings of images, text, and even individual users. The
representations learned using deep models can be used to complement, or even replace, traditional
recommendation algorithms like collaborative filtering. and these learned representations have high
utility because they can be re-used in various recommendation tasks. For example, item embeddings
learned using a deep model can be used for item-item recommendation and also to recommended
themed collections (e.g., playlists, or “feed” content).

Recent years have seen significant developments in this space, especially the development of new
deep learning methods that are capable of learning on graph-structured data, which is fundamental for
recommendation applications (e.g., to exploit user-to-item interaction graphs as well as social graphs)

Most prominent among these recent advancements is the success of deep learning architectures
known as Graph Convolutional Networks (GCNs)

1.1 Challenges

The main challenge is to scale both the training as well as inference of GCN-based node embeddings
to graphs with billions of nodes and tens of billions of edges. Scaling up GCNs is difficult because
many of the core assumptions underlying their design are violated when working in a big data
environment. For example, most existing GCN-based recommender systems require operating on the
full graph Laplacian during training—an assumption that is infeasible when the underlying graph has
billions of nodes and whose structure is constantly evolving.

Hamilton et al. [2017] proposed to sample the neighborhood with random walk instead of calculating
the full laplacian. This greatly reduced the amount of computation, and made GCNs feasible for
larger datasets the first time. However, the proposed solution only enables researchers to work on
larger toy datasets, since the whole graph has to fit into the memory of a single GPU. In this project,
we will build upon their code as it is the best publically available baseline in the field.
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Table 1: Specs on the taobao dataset

Dataset # user vertices # item vertices # user-item edges # item-item edges

Taobao-small 147,970,118 9,017,903 442,068,516 224,129,155
Taobao-large 483,214,916 9,683,310 6,587,662,098 231,085,487

Ying et al. [2018] further extends Hamilton et al. [2017]’s work to a multiple-gpu/worker imple-
mentation with a producer-consumer minibatch construction strategy. A large-memory, CPU-bound
producer efficiently samples node network neighborhoods and fetches the necessary features to define
local convolutions, while a GPU-bound TensorFlow model consumes these pre-defined computation
graphs to efficiently run stochastic gradient decent. The biggest problem is that there is not code
publicly available, and most implementation details have been omitted due to the business value
of the proposed method.

We furhter identify the following problems:

1. The problem is still treated as a central problem. The CPU workers push all the built com-
putation graphs to the same location despite they are independent and will be "consumed"
by different GPU workers. This is a potential waste resources when the problem is shared
across different machines.

2. GPU workers have to push/pull full gradient vectors to/from the central storage after each
batch, which wastes a lot of time.

1.2 Sketch

Our first step is to actualize what’s proposed in PinSAGE (Ying et al. [2018]). Through this step
we will also be able to further identify more inefficiencies of the proposed method in real-world
applications. As we mentioned, most of the implementation details have been omitted in the paper,
so we come up with our own guidelines:

• Keep the implementation as claimed in the original paper.

• Use message passing protocol to coordinate computation across different workers.

• Treat the CPUs and GPUs of each worker as if they are in separate machines.

• Perform map-reduce at inference time to gain speedup.

If we were able to achieve good results on the previous step, we will proceed with the following
proposed improvements:

1. Fully exploit the locality of the distributed systems by maintaining a local lock-free queue.
Allowing the CPU workers to push computation graphs to local que.

2. Create local tree-like weight sharing to allow delayed gradient synchronization. Reducing
access to the central CNN.

3. Implement gradient compression by Han and Dally [2018] to reduce commuication.

2 Experiments

2.1 Dataset

We will be working with two of the largest datasets available online. The taobao dataset (Table 1)
in Yang [2019], and another public graph dataset. We will also include the datasets available in
Hamilton et al. [2017] for comparison.

2.2 Resource

We would like to use Bridges’ GPU resources provided by Pittsburgh Supercomputing Center. We
will start from the code base on GraphSAGE and AliGraph, and use the papers on Deep Gradient
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Compression and PinSage. We will use User Behavior Data from Taobao for Recommendation as
our dataset.

2.3 Platform

The scale of this project necessitates a large number of threads be used for parallel and distributed
training. Therefore, we will use CUDA for localized forward propagation, some form of message
passing to gather accumulated gradients across GPUs and worker machines, and CUDA for back-
propagation.

3 Goals & Deliverables

3.1 Plan

1. Implement a parallel and distributed version of the GraphSAGE training algorithm via
METIS partitioning.

2. Establish a method to calculate importance scores for each vertices, and cache neighbors of
important vertices to reduce communication. Also implement other caching techniques such
as LRU/random caching for comparison.

3. Implement deep gradient compression to further reduce communication.
4. Sampling is required in a large scale network for back-propagation, and thus we might also

explore lock-free sampling that includes reading and updating.
5. Measure the performance improvement both in terms of speedup and recommendation

quality using F-1 scores.
6. Adopt the above optimizations to the PinSage model. We will show some speedup graphs at

the poster session.

3.2 Schedule

Week of 10/30: Finish proposal
Week of 11/6: Read and understand the code for GraphSAGE and AliGraph
Week of 11/13: Finish a preliminary/working implementation of parallel graph convolution network
Week of 11/19: Try caching neighbors of important vertices. Also implement LRU caching and
random caching of vertices. Measure performance optimizations.
Week of 11/26: Implement gradient compression. Measure performance optimizations
Week of 12/3: Implement lock-free sampling and measure performance optimizations
Week of 12/10: Begin and finish report and prepare for presentation
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