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Announcements
• A1 due Thursday at midnight

• In-class “quiz” based on A1 on Thursday during lecture, so please try to 
complete the assignment before class!



Agenda
• Overview of MLOps* as a field

• Reading: “We Have No Idea How Models will Behave in Production until 
Production”: How Engineers Operationalize Machine Learning (Proc. of the 
ACM on Human Computer Interaction, 2024)

• Crash course on HW acceleration, GPUs
• Reading: Roofline: An insightful Visual Performance model for multicore

Architectures (Communications of the ACM, 2009)

https://dl.acm.org/doi/10.1145/3653697
https://dl.acm.org/doi/10.1145/3653697
https://dl.acm.org/doi/10.1145/3653697
https://dl.acm.org/doi/10.1145/1498765.1498785
https://dl.acm.org/doi/10.1145/1498765.1498785
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ML Systems Support the AI Lifecycle

Only a small fraction of real-world ML systems is composed of ML code

D. Sculley et al., Hidden Technical Debt in Machine Learning Systems
6



End-to-End example

7
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Generate Data
• Step 1: Capture raw interactions Ellie liked 
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Generate Data
• Step 1: Capture raw interactions

• Step 2: Ingest distributed events
user 153 liked post_id 192
…
…
user 91 liked post_id 52
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Generate Data
• Step 1: Capture raw interactions

• Step 2: Ingest distributed events

• Step 3: Transform into 
features/training samples  

sample: {
 user: 153,
 rec_post: 15, 
 label: like,
 features: {
  last_n_liked: [192, …],
  last_n_comment: …,
  …}
}
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Generate Data
• Step 1: Capture raw interactions

• Step 2: Ingest distributed events

• Step 3: Transform into 
features/training samples  

• Step 4: Store training data
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Generate Data
• Step 1: Capture raw interactions

• Step 2: Ingest distributed events

• Step 3: Transform into 
features/training samples  

• Step 4: Store training data

• Step 5: Preprocess and ingest data



Train Model
> python ./train.py ?...

• Workload:
• 100s of model types
• 1000s of training jobs
• 100000s of GPUs
• … all of the time
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Evaluate Model
• Thousands of model variants, which one to deploy?
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Deploy Model
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Ellie

Find the best post
- Out of billions of options

- Within a few milliseconds
- For millions of concurrent users

Inference System
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Deploy Model

Ellie

Billions 
of Items

Specialized data (e.g., feature stores, vector DBs) 
and inference (e.g., embedding models, DLRMs) systems

User 
Feature 

Store

Feature
Encoding

Item 
Feature 

Store
Ranking

Top 
Result

Vector 
Search



Monitor Model
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PMPP
• Digital Copy available through CU 

Libraries

• Chapters 1-6 is essential reading to 
understand GPU programming

https://research.ebsco.com/c/3czfwv/search/details/2axz3ihja5?q=programming%20massively%20parallel%20processors
https://research.ebsco.com/c/3czfwv/search/details/2axz3ihja5?q=programming%20massively%20parallel%20processors
https://research.ebsco.com/c/3czfwv/search/details/2axz3ihja5?q=programming%20massively%20parallel%20processors


CPU Architecture



Amdahl’s Law

𝑆 =
1

(1 − 𝑝) + 𝑝𝑛



Throughput-oriented Hardware



GPU Microarchitecture



Memory Architecture



CUDA Programming
• Mixes Host (CPU) and Device 

(GPU) code

• CPU code invokes GPU processing 
by launching kernels

• <<<…>>> specify kernel config

• CPU transfers data to/from device 
memory

• cudaMalloc(), cudaMemcpy(), 
cudaFree()



Kernel Execution
• Thread: Simple sequential unit of 

execution
• Process a small unit of data (e.g., one 

pixel)
• Blocks: Group of threads that share 

memory
• Scheduled onto the same SM
• Threads in block execute concurrently, 

use __syncthreads() 
• Warps: 32-thread unit, scheduled by 

HW
• Concurrent SIMD execution

• Grid: All threads that execute a kernel
• Blocks can execute in any order relative to 

other blocks



Thread Organization
(up to) 3D organization of threads per 
block, blocks per grid
• threadIdx.<x,y,z>: Coordinate of 

thread in block
• blockDim.<x,y,z>: Dimension of 

threads per block
• Currently, max 1024 threads per block

• blockIdx.<x,y,z>: Coordinate of block 
in grid

• gridDim.<x,y,z>: Dimensions of 
blocks per grid



Control Divergence



Vector Vector Add



vvadd



vvadd kernel
__global__ void vecAddKernel(float* A, float* B, float* C, int n) {
 

}



Thread indexing



Hardware bottlenecks



Hardware bottlenecks
• How can we reason about if a specific 

model/algorithm/kernel/function is bound by off-chip memory or 
compute?



Roofline Model

https://dl.acm.org/doi/pdf/10.1145/1498765.1498785



Roofline Model

https://dl.acm.org/doi/pdf/10.1145/1498765.1498785



Roofline Model
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Roofline Model

https://dl.acm.org/doi/pdf/10.1145/1498765.1498785


