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Background
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Recommendation Models are getting larger

3Ardalani et al. arXiv’22.
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AI Infrastructure Share

4Naumov et al. arXiv’20.
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AI Infrastructure Share

5Naumov et al. arXiv’20.
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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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Hybrid CPU – GPU 
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GPU – only 
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GPU – only 
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GPU – only 
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Goals

Minimize CPU-GPU Communication

Embeddings  CPU DRAM Capacity
Embeddings  GPU HBM Performance

Minimize All to All Communication
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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

CPU
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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
DMA EngineGPU
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Hotline – Pipeline Scheduler
DMA EngineGPU
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Hotline – Pipeline Scheduler
DMA EngineGPU
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Hotline – Pipeline Scheduler
DMA EngineGPU
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Hotline – Pipeline Scheduler
DMA EngineGPU
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XDL1Baseline Open Source
DLRM2

1 - Jiang et al. DLP-KDD’19
2 - Naumov et al. arXiv’19
3 - Adnan et al. VLDB’22
4 - NVIDIA
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Performance (Hybrid CPU-GPU)

Hotline → 3.4x in comparison to XDL
Hotline → 2.2x in comparison to DLRM

Hotline → 1.4x in comparison to FAE
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Performance (GPU-only)

Hotline → 1.13x in comparison to HugeCTR
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Key Takeaways
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Conclusion

• Recommendation Models  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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Backup Slides



Dense Features
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Sparse Features
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Key Insight: Embedding Access Skew

75%
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Heterogeneous Acceleration Pipeline
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Lookup Engine Array
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Embedding Access Logger (EAL)
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Embedding Access Logger (EAL) Size
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Accuracy

Criteo Kaggle Criteo Terabyte
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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



Breakdown

51Hsia et al. ISCA’24.
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