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Today
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• Understand the workloads: Deep Learning
• Models

• Optimization

• Frameworks

• Hardware



Background: DL Computation
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Success of Machine Learning Today



Three Important Components
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How to express these computation?
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Understand Our Workload
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CNNs: Applications
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CNNs: Key Components
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Stacking Conv Layers
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Success of Machine Learning Today

Edges, corners, 
textures

More complex patterns: 
shapes and parts of objects

Abstract features: objects, 
faces,…



CNN: Top3 Models
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CNN more important components
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Sequence Modeling
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Recurrent Neural Networks
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Recurrent Neural Networks: Unrolling the Computation
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Most Important Components in RNNs
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RNN: Top3 Models
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Two Key Problems of RNNs
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Attention: Enable parallelism
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Attention
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Transformers
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Recommended reading: The Illustrated Transformer – Jay 
Alammar – Visualizing machine learning one concept at a time.

https://jalammar.github.io/illustrated-transformer/


Most Important Components in attentions
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Top3 Transformers
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Graph Neural Networks
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GNN Architecture
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Top-1 GNNs: GCN Graph convolutional Networks 
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MoE: mixture of experts
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Novel Component in MoE
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Background: DL Optimization



DL Optimization: Non-Convex Optimization
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Background: Gradient Descent
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Background: DL Optimization
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Stochastic Gradient Descent (SGD)
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Optimization: Problems with SGD
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What if loss changes quickly in one direction and slowly in another? 
What does gradient descent do?



SGD + Momentum
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Continue moving in the general direction as the previous iterations



SGD + Momentum
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More Complex Optimizers: RMSProp
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More Complex Optimizers: RMSProp
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RMSProp
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Adam
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Adam
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Adam
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AdamW
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Learning Rate Schedules
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Learning Rate Schedules
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Learning Rate Schedules
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Learning Rate Schedules
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Not entirely true



Learning Rate Schedules

G R A I N G E R  E N G I N E E R I N GC O M P U T E R  S C I E N C E
47



In Practice
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Background: DL Computation
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Dataflow graph representation



Computational Dataflow Graph
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Case Study: TensorFlow Program
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One linear NN: Logistic Regression 
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Whole Program
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Loss Function
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Auto-Diff
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SGD Update 
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Trigger the Execution  
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What happens behind the scene
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What happens behind the scene (Cond.)
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What happens behind the scene (Cond.)
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Discussion
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A different flavor: PyTorch 
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Symbolic vs. Imperative
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Symbolic vs. Imperative
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Just-in-time Compilation
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PyTorch 2.0 Torch.compile
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QA
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