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Personalized Recommendation
At Data Center Scale
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Ranking More Items Leads to Better 
Recommendations

High 
Throughput Low Latency Latency-Bounded 

Throughput+ =
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• Optimizing Neural Recommendation Inference At-Scale

• Conclusion and Future Work
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Challenge: Model Heterogeneity
The Landscape of Modern Recommendation Models

Facebook

Google

Alibaba

RM1

RM2

RM3

WWW-2017

AAAI-2019
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HPCA-2020



Challenge: Model Heterogeneity
Unique Categories of Recommendation Model Architecture

Embedding-dominated MLP-dominated Attention-dominated

Many embedding tables
Tens to hundreds of lookups

Deep, wide MLP layers
Many output DNN stacks

Complex attention and sequential
modeling for feature interaction
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Challenge: Performance Variance
Co-Location Across Different Compute Platforms
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Model Architectures Play a Significant Role in Recommendation Inference Acceleration

System Implications of Model Heterogeneity
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Across Model Architectures and Input Batch Size
Optimal Hardware Varies

[IISWC 2020] Cross-Stack Workload Characterization of Deep Recommendation Systems. S. Hsia, U. Gupta, M. Wilkening, C.-J. Wu, G.-Y. Wei, D. Brooks.



Across Model Architectures and Input Batch Size
Optimal Hardware Varies

CPU GPU

15x speedup

[IISWC 2020] Cross-Stack Workload Characterization of Deep Recommendation Systems. S. Hsia, U. Gupta, M. Wilkening, C.-J. Wu, G.-Y. Wei, D. Brooks.
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Number of Items to Rank Varies across Queries
Let’s Consider Runtime Effects

Query size distribution 
from profiling 

Facebook’s datacenter

Number of candidate items

“Inference batch-size” 

Lognormal 
distribution

Acceleration 
opportunity



System Heterogeneity At-Scale



Embedding MLP Attention

When considering runtime effects
Optimal Hardware and Batch Sizes and Vary

1 1 1

0.3x
0.4x

0.2x

1.2x

1024

7.4x

1024

1.3x

102447 23 512

1x 1x 1x

0.2x

Batch size

Speedup

Model 
Categories

[ISCA 2020] DeepRecSys: A System for Optimizing End-to-end At-scale Neural Recommendation Inference. U. Gupta, S. Hsia, V. Saraph, X. Wang, B. Reagen, 
G.-Y. Wei, H.-S. Lee, D. Brooks, and C.-J. Wu. 
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Parallelism on CPUs 

Inflection point for GPU > CPUDeepRecSched uses simple hill-climb
ing search for 
• optimal offloading threshold (Q), and
• batch size



More Detail in the Paper

•DeepRecSys

• Runtime recommendation query patterns (Poisson arrival & production 
working set size)

• 8 Industry-Representative Deep Learning Recommendation Model 
Architectures: DLRM-RM-1; DLRM-RM-2; DLRM-RM3; NCF; WND; 
MTWND; DIN; DIEN

•Experimental systems

• Intel dual-socket Broadwell/Skylake CPUs; Intel MKL

• NVIDIA GTX 1080Ti; CUDA/cuDNN 10.1

Experimental Setup



Performance and Power Efficiency Advantages
Evaluation Results

Performance
Latency-bounded throughput (QPS)

Embedding MLP Attention
(DLRM-RMC1) (MTWnD) (DIN)

6x 3.7x
2.6x

[ISCA 2020] DeepRecSys: A System for Optimizing End-to-end At-scale Neural Recommendation Inference. U. Gupta, S. Hsia, V. Saraph, X. Wang, B. Reagen, G.-Y. Wei, H.-S. 
Lee, D. Brooks, and C.-J. Wu. 
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The proposed scheduler improves datacenter-scale efficiency 
Performance: 2x on CPU and 5x with GPU 
Energy efficiency: Optimum hardware platform varies across models
Datacenter deployment (CPUs): 1.3x with production shadow traffic
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Resolving the Underinvestment

Datasets

Representative 
Benchmarks

82%

16%

2%

Computer Vision
RNN Translation
Recommendation

CV: ImageNet

NLP: LibriSpeech

Recommendation?



DLRM: Deep Learning Recommendation Model
A Configurable Benchmark for E2E Models

https://github.com/facebookresearch/dlrm



DeepRecSys: Industry-Representative 
Neural Recommendation Models 

https://github.com/harvard-acc/DeepRecSys



MLPerf includes DLRM + Criteo Ads Dataset

A machine learning performance 
benchmark suite with broad industry 

and academic support



MLPerf Includes DLRM + Criteo Ads Dataset
Recommendation Benchmark Advisory Board

Recommendation Model
• Cover a diverse set of use cases with the goal to 

optimize for both click-through-rate and 
conversion-rate, as well as to improve long-term 
values

Recommendation Datasets
• Capture the degree of sparsity found in industry-

scale problems
• Cover user- and item-features as well as user-

item interactions

[ArXiv 2020] Developing a Recommendation Benchmark for MLPerf Training and Inference. C.-J. Wu, R. Burke, 
E. Chi, J. Konstan, J. McAuley, Y. Raimond, H. Zhang. 



Tutorials on Personalized Recommendation 
Systems and Algorithms
https://personal-tutorial.com/

Data Sets

Algorithms

Systems

• Understand the evolution of recommendation 
systems

• Discuss challenges of recommendation systems
• Provide a hands-on tutorial on open-source 

benchmarks and datasets (training and inference)
• Brainstorm novel solutions for efficient 

personalized recommendation 

With ASPLOS-2020 & ISCA-2020

https://personal-tutorial.com/


Recommendation Systems ...

Are Important

1
Are Underinvested

2
Have Unique Systems 

Challenges

3

Building Systems for Deep Learning 
Recommendation

4
New Benchmarks and Datasets 

Are NOW Available

5



Responsible AI

Interpretability Privacy
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Responsible AI

Interpretability Privacy Sustainability

AutoScale: Energy Efficiency Optimization 
for Stochastic Edge Inference Using RL 

(MICRO-2020)



Responsible AI

Interpretability Privacy Sustainability

5x
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