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Recommendation Models are getting larger

1044 @ Vision DLRM(2022)
] Recommendation
] m Language Modeling Switch Transformer
103 4 DLRM(2021)
E ] Baidu AlBox(2019)
= 2. DLRM(2020) = GPT-3
.
";;' ] Alibaba-XDL (2016)
L 10! 4 GPipe MegaTron-LM
bl ] =
@ ]
£ ] Youtube(2016) = ' °
1 0 J :
E 10 ; .ELMD ‘uiI Huge
o . Transformer
® Yoo S G
10713 AlexNet ResNet-152 -
. ResNext-50
i »
1072 5 SGoogleNet

2013 2014 2015 2016 2017 2018 2019 2020 2021

Ardalani et al. arXiv’'22.



Al Infrastructure Share

Others Recommendation

Naumov et al. arXiv’20.



Al Infrastructure Share

>50%

Others Recommendation

Naumov et al. arXiv’20.



DLRM — High Level Overview
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DLRM — Training
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DLRM — Training
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Hybrid CPU — GPU
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Hybrid CPU — GPU
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GPU —-only
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GPU - only

All-to-All Communication
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GPU - only
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Goals
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Key Insight: Embedding Access Skew

1- Adnan et al. VLDB’22
2- Sethi et al. ASPLOS 22
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Embedding Layout across Memories
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Challenge: Evolving Access Skew
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Limitation: CPU-based Pipeline Scheduler
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Heterogeneous Acceleration Pipeline
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Heterogeneous Acceleration Pipeline
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Heterogeneous Acceleration Pipeline
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Hotline — Learning Phase
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Hotline — Pipeline Scheduler
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Hotline — Pipeline Scheduler
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Hotline — Pipeline Scheduler
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Hotline — Pipeline Scheduler

Read
Minibatch

<«— Forward —» <«—— Backward ——»

T . I -

Non-Popular

Minibatch Embedding Read Minibatch
— — — neal s )
Segregation Reduction Minibatch Segregation
Parameter

Gather

Hotline
Execution

27



Hotline — Pipeline Scheduler
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Hotline — Pipeline Scheduler
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Evaluation
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Performance (Hybrid CPU-GPU)

XDL DLRM m FAE M Hotline

Speedup

Criteo Taobao Criteo Avazu Geomean
Kaggle Alibaba Terabyte

Hotline & 3.4x in comparison to XDL
Hotline - 2.2x in comparison to DLRM
Hotline - 1.4x in comparison to FAE

32



Performance (GPU-only)
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Key Takeaways
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Conclusion

. Recommendation Models 2 Communication bottleneck

. Hybrid CPU-GPU - Embeddings CPU-GPU communication

. GPU-only = All to All communication (GPU Scaling for embeddings)
. Hotline = Data and Model-Aware Pipeline Scheduler
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Questions
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Sparse Features
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Key Insight: Embedding Access Skew
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Heterogeneous Acceleration Pipeline

i DDRA4

DDR4 i
== Channels CPU

DMA Engine mn

100 Gbps Infiniband interconnect

NIC NIC

0

DMA Engine
Low Profile x16 PCle Slot

EdES

Hotline Accelerator

PCle Switch

Frequently
Accessed —
Embeddings

e NVLink
e PCle x16
4p |nfiniband

41



Lookup Engine Array
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Embedding Access Logger (EAL)

Valid | Access Count Identifier
“1-bit  2-bits 14 - bits "
> SRAM
Bank 1 Bank 2 e o o o Bank N

%‘
Embedding Access Logger
ueue
( Controller }—» Q (EAL)

m entries



Embedding Access Logger (EAL) Size
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Accuracy
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Popular vs Non-popular Ratio
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Synthetic Models
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Multi-node Performance
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Pipeline Comparison
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Performance/Watt
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Breakdown
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