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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)

e 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

ML Ops from 10000 feet

'_DHASE1 PHASE 2 PHASE3_

Get data? Profit




ML Ops from 10000 feet



ML Systems Support the Al Lifecycle

Machine
Resource Monitoring
, Management
Configuration Data Collection Serving
Infrastructure

Analysis Tools

Feature

_ Process
Extraction

Management Tools

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



End-to-End example
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Generate Data

« Step 1: Capture raw interactions > Ellie liked




Generate Data

» Step 1: Capture raw interactions

1l

user 153 liked post_id 192
« Step 2: Ingest distributed events ——

user 91 liked post_id 52

1l



Generate Data

» Step 1: Capture raw interactions

« Step 2: Ingest distributed events

sample: {
user: 153,
» Step 3: Transform into — rec_post: 15,
features/training samples label: like,
features: {

last_n_liked: [192, ...],

last n_comment: ...,

e}
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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

Carol |(A:[17,43,..],B:
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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

Alice |A:[31,55,..],B
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Train Model

> python ./train.py ?...

* Workload:

* 100s of model types
« 1000s of training jobs

 100000s of GPUs
e ... all of the time
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Evaluate Model

* Thousands of model variants, which one to deploy?
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Deploy Model

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

User Bt ltem A
Feature Encoding Feature g
Billions Store Store
of [tems

Ellie \ J
|

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

New dashboard .

Demo Model Manager { @ Demo Model Manager { Dashboards / Exec summary ) 03/14/20239AM - 03/20/2023 5PM
« Fraud summa
Dashboards QPS [rate-5m] ry

Data Sources

~ W Fiterby(1) v Reset Cancel Save Changes

Time Series Distribution Statistic © ([ Prediction Clees D
admin

fraud ©
Main Org.

Grafana admin

+ Filter
Sign out

[shl Graph General Metrics Axes & Grid Display Styles Time range

@ Query equest_dura

Legend format

£ demo-prometheus + Add query
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 Digital Copy available through CU
Libraries

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

- %

FOURTM FEMION
Programming Massively
Parallel Processors

M<



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

—p 1D -'-D' EX —}'IIEH—)' WB

IF: Instruction fetch

ID: Instruction decode and register read
EX: Execute, address generation
MEM: Memory access

WB: Write back to registers




Amdahl’'s Law




Throughput-oriented Hardware

GPU




GPU Microarchitecture
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Memory Architecture

Variable declarati M S Lifeti
- Mo — 10 ariable declaration emory cope etime
| ) : Automatic variables other than arrays  Register Thread  Grid
r Processing Unit
Shared [ . : : . .
M Register ; Automatic array variables Local Thread  Grid
. > \ALY/ | Eie ||
~ |
: 4 ‘ — ' __device__ _ shared__int SharedVar; Shared Block Grid

A

Control Unit

_ device__int GlobalVar; Global Grid Application

Processor (Processing Block in SM)

__device__ _ constant__int ConstVar; Constant Grid Application




CUDA Programming

» Mixes Host (CPU) and Device
(GPU) code

* CPU code invokes GPU processing
by launching kernels
¢ <<<,..>>> gpecify kernel config

 CPU transfers data to/from device
memory

» cudaMalloc(), cudaMemcpy(),
cudaFree()

CPU Serial Code

Device Parallel Kernel

KernelA<<< nBlk, nTid >>>(args):

CPU Serial Code

Device Parallel Kernel

KernelB<<< nBlk, nTid >>>(args):;

4

4~

Qualifier Callable Executed Executed
Keyword From On By
__host__ Caller host
e Host Host fireud
Host : New grid of
_elgal or Device LEsce device threads
device Device Device Callat device
— — thread




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|)

. wvavrps: 32-thread unit, scheduled by

* Concurrent SIMD execution

* Grid: All threads that execute a kernel

» Blocks can execute in any order relative to
other blocks

CUDA thread

CUDA thread block

CUDA core

CUDA streaming
Multiprocessor(SM)

! |

CUDA-capable GPU




Thread Organization

up to) 3D organization of threads per
lock, blocks per grid

* threadldx.<x,y,z>: Coordinate of
thread in block

* blockDim.<x,y,z>: Dimension of
threads per block
« Currently, max 1024 threads per block

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

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

gridDim .y

blockDim.y blockDim.y

blockDim.y

blockldx (0,0) blockidx (1,0) blockidx (2,0)
0,0)| (1,0)| (2,0) - 0,0)| (1,0)| (2,0) - (0,0)| (1,0)]| (2,0)
oniaonieEmn é onjianiEn % oniaonieEmn

o o
0,210,222 0,2|10,2](22) 0,210,222
blockDim x blockDim x blockDim x
blockldx (0,1) blockldx (1,1) blockidx (2,1)
(0,0)| (1,0) | (2,0) - (0,0) | (1,0) | (2,0) = (0,0)| (1,0) | (2,0)
E E
onlonlan % onlonlan % onlonlen
o o
0,210,222 0,2)1(1,2)| (22 0,210,222
blockDim x blockDim x blockDim x

blockldx (0,2) blockldx (1,2) blockidx (2,2)
(0,0)| (1,0)| (2,0) " (0,0)| (1,0)] (2,0) = 0,00 (1,0)| (2,0)
0NN (E21) § NNl % 0NN E21)

o o
0,2)[(1,2) | (2,2) 0,2)((0,2((22) 0,2)|(1,2)|(22)
blockDim x blockDim x blockDim x

gridDim.x




Control Divergence

=z
aﬂ(\/l\." ;o T
AL NS e .

o~~~ - HEEEEE
wy

L)
-~~~ - SR
b od

-

< N; ++1i

= a[threadldx.x];

e
<
N

if (threadlIdx.x <



Vector Vector Add

01 // compute vector sum C_h = A_h + B_h

02 void vecAdd(float* A_h, float* B_h, float* C_h, int n) {
03 fer CGint i = 03 1 < n; +k1) %

04 C_h[i] = A_h[i] + B_h[1];

05 }

06 }

07 int main() {

08 // Memory allocation for arrays A, B, and C
09 // I/0 to read A and B, N elements each

10 e

111l vecAdd(A, B, C, N);

1% }



vvadd

01
02
03
04
05
06
07
08
09
10
1011
12
13
14
15
16
17
18
19

void vecAdd(float* A, float* B, float* C, int n) {
float *A_d, *B.d, *C_d;
int size = n * sizeof(float);

cudamalloc((void **) &A_d, size);
cudaMalloc((void **) &B_d, size);
cudamMalloc((void **) &C_d, size);

cudaMemcpy(A_d, A, size, cudaMemcpyHostToDevice);
cudaMemcpy(B_d, B, size, cudaMemcpyHostToDevice);

vecAddKernel<<<ceil(n/256.0), 256>>>(A_d, B_d, C_d, n);
cudaMemcpy(C, C_d, size, cudaMemcpyDeviceToHosSt);
cudaFree(A_d);

cudaFree(B_d);
cudaFree(C_d);



vvadd kernel

__global  void vecAddKernel(float* A, float* B, float™ C, int n) {



Thread indexing

gridDim.x = 4096
A

f \
threadIdx.x threadIdx.x threadIdx.x threadIdx.x
of1|2|3]-] 255 [o]1]2|3].| 255 [o|1|2|8)--[ 255 | .- [o]1]2]3]-] 255
\ v A v A v J \ v J
blockIdx.x = @ blockIdx.x =1 blockIdx.x = 2 blockIdx.x = 4095

index = blockIdx.x * blockDim.x + threadIdx.x
index = (2) *  (256) + (3) = 515



Hardware bottlenecks

1,000 H100s x 30 days x|40% MFU’ {35 measuredsimagine why |

MFU is model FLOPs utilization: the fraction of the chips’ peak rate the run actually reaches.




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

Figure 1: Roofline model for (a) AMD Opteron X2 and (b) Opteron X2 vs. Opteron X4.
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Roofline Model

(a) Computational Ceilings
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Roofline Model

(b) Bandwidth Ceilings
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Roofline M
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