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I. End-to-end machine learning

Pretraining + fine-tuning

Inference
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Only a fraction of real-world ML systems consists of “ML code.” The required surrounding infrastructure

is vast and complex.

Data Cleaning &
1. Model development - data part —— Collection ™ Visaiization
—

e Identify potential sources of data 'l.l [ t .v

e Join data from multiple sources

Training & - Feature Eng. &

o . ) Validation Model Design
e (Clean missing values and outliers Offline
Training
e Plot trends to identify anomalies Data

Data collection and cleaning
e (Goal: gather training data and maximize data quality

e Common challenges may include:

Raw Data Data records . Training

o Collecting sufficient data N

o Labeling sufficient data m L) @ —)—
. . . Offline Inline

o Detecting / filtering outliers preprocessing Wt

«  Clean data + Filter features

o Too much data; need to pick the

most relevant data to train on
e Machine learning models do not train on raw data
e Some preprocessing operations are done offline, others on-the-fly during training

Why care about ML data preprocessing?

e Impacts end-to-end training time and cost — 1 J .
e Consumes significant CPU resources and power. Sometimes
data preprocessing can even consume more power than — ==
= fo=
model training itself. Disk/SSD CPU GPU/TPU

Disaggregated ML data processing
e Idea: decouple training client (with GPU / TPUs) from data processing workers (on CPU
machines). Scale training clients and data workers independently, adjust scale for each job

e This approach can remove input bottlenecks up to 110x speedup, 89x cost reduction
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2. Model development - model part

e Build informative feature functions

e Design new model architectures

e Tune hyperparameters

e Validate prediction accuracy

Feature extraction

e Derive values (“features”) from
data to feed to the model during
training

e Often involves reducing the

dimensionality of data
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e “Embed” high-dimensional data into lower dimensional representation, can even use neural

networks to learn embeddings

Model architecture and parameter search

o Model search:

o Explore different model architectures to find a suitable design. For example, recurrent

neural networks, transformers, etc.

o Neural Architecture Search (NAS) automates model search, often using ML approaches

like reinforcement learning

e Hyperparameter tuning:

o Adjust hyperparameters to maximize model training accuracy. For example, batch size,

learning rate, number of layers, activation function, etc.

o Large search space, can be parallelized, but still expensive

Deep Neural Network Training

e Deep neural networks ae neural networks with multiple hidden layers

e To train a DNN model, iteratively adjust model weights (e.g., using stochastic gradient descent)

to minimize a loss function
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e Repeat as iterate through the training dataset
1. Forward pass: compute activations z, and loss
a. At each layer, apply the activation function on the weighted sum of inputs at that
layer
b. At final layer, compute the loss
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2. Backward pass: compute gradients
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3. Update model weights to minimize loss
Characteristics of DNN training
e Computationally intensive: lots of matrix multiplications and convolutions - we can accelerate
this in hardware
e Large model state and datasets: does not fit on single machine, need distributed computation
and efficient communication frameworks
e Error tolerance: lead to interesting trade-offs on accuracy, speed, and cost, can trade-off some

accuracy for large benefits in cost and / or throughput, e.g., pruning, quantization, asynchrony

Distributed training

e Data parallelism:

Data Worker1 |
o Partition the data and run multiple copies of the model, i>
which synchronize to exchange model weight updates [Workes]

e Model parallelism:

Workerl Worker2 Worker3
o Partition the model across multiple nodes Data




o Tensor parallelism: divide per-layer state across nodes
o Pipeline parallelism: divide model layers across nodes
Data parallelism: parameter server
e FEach worker has a copy of the full model and trains

W1 = UPDATE(wy, n, V fi(x)) e
on a shard of the dataset BEah ]

Parameter Server m’ﬁ CPU
o Step 1: workers compute forward / Q// ‘ J \ ’ \
Vfi(z W1
backward Fulz) jf s
o Step 2: workers sen gradients to parameter i f‘f’fv”} &5 |GPU

server ! !
o Step 3: Parameter server aggregates 8\8\ /8/'8
gradients and computes new model weights @
o Step 4: Parameter server sends new model
weights to workers
e Repeat the above steps
e Data parallelism enables training models faster by leveraging multiple workers in parallel
Data parallelism: AllReduce
e Alternative way to implement data parallelism, with no parameter serve
e Idea: GPU workers exchange updates directly via All Reduce collective
and gradient aggregation is done across workers vs. centralized in

parameter server

o Step 1: workers compute forward / backward
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o Step 3: all-gather
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e Repeat the above steps
e Due to fast GPU-GPU interconnection, AllReduce is commonly used today
Model parallelism

What if the model cannot fit on one device? Need to partition the model

- !:'OSS_M”V Traditional model parallelism
Device 3 F. - B :

| 3 F. B. Ustaie
Device2 | F, +{ B: F. B. o

] L F B. ey
Device 1 lf = B = Time B, |
Device 0 Fe - B. Forward pass Backward pass
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Gradients Problem: low hardware utilization @

Pipeline parallelism

To improve hardware utilization, pipeline micro-batches

Loss . . . .
GPipe: Micro-batch pipeline parallelism

Device 3 Fs B

f 1 Fso | Fas | Fsz | Fss| Bas | Bsz | Bar | Bso Update
Device 2 F. B. Fao | Fas | Faz | Fas Bas [ B2z | Bas | Bao Update
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Device 0 Fo B, Forward pass Backward pass I

\. / _ Apply gradient updates

Gradients Note: Can combine with data synchronously at the

parallelism to further scale tra g! end of each mini-batch

Tensor parallelism

e Split tensors (weights, gradients, activations) within a model layer

[ = A X
across nodes
Non-distributed
e Useful for very large models
e Even if a model fits on a single GPU, tensor parallelism can still e € =LA
. . ll-gath
be useful, can improve inference latency for burst of requests st st

\c—Ax

Column-Splittina Tensor Parallel

Distributed training: sync or async?
e Synchronous training: workers operate in lockstep to update the
model weights at each iteration

e Asynchronous training: each worker independently updates model weights



e Synchronous training achieves better model quality, but lowe throughput
o Accuracy vs. throughput trade-off
o Useful metric: time to train to a target accuracy
Fault tolerance
e The more machines involved, the more likely a failure is to occur
e Any interruption can wipe out the model parameters learned so far in memory, restarting the

expensive training process

A Epoch boundaries

In memoi Migration/Crash
Y, 8 / In memory
Model - random Model - learned
weights weights
A " A A
L
GPU time

Wasted GPU cvcles

e Solution: checkpoint and persist model parameters periodically during training

Checkpointing Checkpoint
frequency stalls
How often to How to minimize the ST .
checkpoint? costofa i AC. v A Epoch boundaries
In memory igration/Crash In memory
A A A A\
Viay 7Y ZAY ZAY
~— GPU time
Wasted GPU cycles

Checkpointing challenges

How to minimize stalls?

Training (GPU)

How often to checkpoint?
Checkpoint (CPU)

(a) Baseline : Synchronous checkpointing

Copy updated weights in host
DRAM, so can continue next
iteration on GPU while persist

e Depends on

Training (GPU) B [2[2i[3[3 ]3[4 4] .

(@] Model S1Z¢€ Checkpoint (CPU)

(b) Only persist() pipelining
[ Forward pass MM Snapshotting
] Backward pass ] Disk 10

Checkpoint stall

o Storage bandwidth

Training (GPU) {[1[ 1 [1]i[ 2] 2 [if2fi[3 | 3 [3fi[ 4] 4 |4
Checkpoint (CPU) - i i

o0  Training iteration time s A bipeling snapshot() of iteration i
with compute, until the weight

update of iteration j + 1

-’
o_\.— -
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Trained
Models

How to minimize the cost of a checkpoint?
e Pipeline 2 phases to minimize GPU calls
o Snapshot from GPU -> hosted DRAM
o Persists from DRAM -> storage

3. Training

e Train models at scale ono live data

e Retain on new data o
Training Pipelines

e Automatically validate prediction accuracy 1+
e Manage model versioning D';i]‘;g I-_ Validation

e Requires minimal expertise in machine learning



Pretraining, fine tuning & alignment
e Models are large and expensive to train. It is wasteful to train models from scratch each time.
e [arge-scale ML training is commonly divided into 2 or 3 phases:
o Pretraining: train large model on extremely large dataset, only done by large
organizations with large computing infrastructure and datasets
o Fine tuning: continue training model on smaller dataset specialized to the “downstream”
task for which the model will be used
o Alignment: continue training on a preference dataset, typically with the goal of making
the model more helpful, safe, and reliable
Continual training on dynamic datasets

e Real training data is often dynamic:

(| ATt.17 GDPR
= il 'a H Right to erasure (‘right to be

{3‘ G E forgotten’)

More data collected Data shifts Data deletion

e Model need to adapt to dynamic data, need to re-train
e (Cost of ML training is proportional to
o How often re-train model
o How much data the model is trained on each time
Modyn: platform for training on dynamic data
e Users plug policies for
o Triggering training
o Data selection
e Modyn orchestrates training jobs based on triggering policy and manages metadata to implement
data selection policies

e Optimizes for fast data ingestion while implementing data selection policies

4. Inference

Prediction Service

e Serve models with real data, in real-time
- 3:}-» -

Queg

~
e Embed model serving inside the end-user Logic Q —
. Prediction [——
application - } } Y4 End User
Application

e Optimize for low latency predictions

e May quantize model weights to improve Feedback ’

memory efficiency

DNN inference vs. training



e Training: [terate through dataset, compute forward & backward pass on each batch of data to
update model parameters. Care about high throughput and fast convergence to high accuracy
e Inference: Compute forward pass on a (small) batch of data. Care about low latency, high
throughput, and high accuracy
Where does inference happen?
e In the cloud
o ChatGPT model is served in OpenAl clusters in Azure Cloud
o @Good for serving large models at high throughput
o Challenge: latency
e On the edge
o Apple Siri speech recognition inference happens on the phone
o Good for low-latency and preserving privacy
o Challenges:
m  Energy consumption
m  Many heterogeneous devices, how to make one model run efficiently on all

devices?

ML compilers
|Frameworks T O @ @ m @ ‘
e Goal: efficiently serve a trained model on different kinds of . T [ T—

v
High Level Graph Rewriting
v

devices
[ Optimized Computational Graph ]
. . . . . . \
e ML compiler applies multiple rounds of optimizations on Operator-level Optimization and Code Generation
Declarative Hardware-Aware
Tensor Expressions Optimization Primitives

computation graph, e.g., vectorization, loop tiling, op fusion ~ >
Machine Learning Based
Automatefi Optimizer

e Many ML compilers use ML to do some of the :

Optimized L_ow Level Lo_op Program ]

.. . p y —
0pt1m1zat1ons, c.g., TVM [ Backend || LLWMIR ||  CUDAMetal/OpenCL |

. . Depls ble Modul
ML inference in the cloud l cpoysbe Toce l

e How to serve requests to many models efficiently in a sharded cluster?
o Examples of inference systems: Clipper, Clockwork
e Common techniques
o Batch requests
o Cache results of common queries
o Compress / quantize models (e.g., GPTQ)
o Select model to serve based on latency target and accuracy requirement
m  “Model-less” inference, user does not decide which model to query, the platform
picks

Cluster management for ML jobs



Challenges:

Jobs require heterogeneous resources (GPUs, CPUs, interconnects). Each job has a unique mix of
resource requirements
Jobs consume many expensive resources (GPUs). Therefore, ensuring jobs make good use of the

hardware is critical for cost-efficiency

How to allocate GPU resources fairly to Al jobs?

Al jobs have unique characteristics
o Consist of long-lived tasks that need to be gang-scheduled (job does not proceed until all
tasks receive resource allocations)
o Al training involves frequent synchronization, thus sensitive to GPU placement (e.g.,
GPU in same machine >> GPU in other rack)
Idea:
o Themis scheduler introduces new metric “finish time fairness”: ratio of execution time in
shared cluster with N apps vs. execution time alone in cluster of size 1 / N
o Themis’s goal: minimize the max finish time fairness across all ML apps while efficiently

utilizing GPUs in the cluster

II Optimizations fOl' ML / DNN Neural network as a function:

flx,w): R'xRf - RO

We can define a deep neural network as a function of input flow) =73

features and model parameters (weights). ¥: "Prediction”
R!: “Feature/Input space”

At inference (serving) time, we output for a given input. At 5 . .
( g ’ P g P RF: “Parameter/Weight space’

training time, we iterate over a set of inputs and compute RY: "Output/Prediction space”
Loss function:
updates to model parameters. 1(7,y): ROXRC > [0,1]

.. . . . 15, %) = L(FQx,w),y
At training time, we iterate over a set of inputs and compute @) = 1(f(x,w),y)

Example loss functions:

) 0, ifp=y
1-floss: 13, y) = {l r.J}rrf'mw:-'{\s'e

MSE:1(3,y) = ||§ — ylI?

updates to model parameters
The training objective is to minimize the loss by optimizing the

model parameters (weights)

The loss consists of a loss function (e.g., classification loss, LI():B RP - [0,1]
n
regression loss) evaluated over a training dataset for a set of L(w) = lz 1CF G ), y0)
n b

i=1

parameters n: number of sample

1. Gradient descent

The loss is a function returning a single number for a fixed set of parameters

The gradient of the loss measures its sensitivity



e The negative gradient represents the steepest downhill
direction é
e (Gradient descent (GD) follows the negative gradient E‘ \/\/ § @
for multiple steps (scaled by a positive learning rate) ;3
e Guaranteed to reach a local minimum ModelFerametet Model Parameter 1
e Computing the gradient for a complex neural network e

Wrpq & Wy — a; VL(wy)
and all training samples is demanding

Where to start?

e Different strategies: e.g., random or zero initialization /\/
e Fine-tuning: Initialize (parts) of the weights based on a pretrained \/

network. The train from there (all or subset of the weights)

Loss

Model Parameter

GD optimization on a single GPU Remember:
e The gradient of a neural network can be computed efficiently LW} = lz 10F Gep W), )
n i ‘ -

using back propagation (chain rule) Then

e We can approximate the gradient using a subset of the full dataset  vi.(w) = lez VIF e W), vi)

(randomly stochastically sampled) Chain rule:
- Iff(w) = g(h(w)} then f'(w) =
Stochastic gradient descent g’ (Rw))h' (w)

e Stochastic gradient descent (SGD) uses a single sample
e Converges to the same solution in expectation but slower (i.e., needs more iterations)

e Faster computation of gradient for single sample

~
I ~
g g
z u
a £
o o
3 &
= Iz
! £
Model Parameter 1 =
SGD update rule:
Wepq & Wy — aVI(f(xg, we), y;p) for i ~ [1,n] Madsl Farameterl
Unbiased estimator of full gradient: (Mini-)Batch SGD update rule:

n l
1 Werr — Wy — ap—X™ VI(F G w), ¥;
Ei[VI(f CGxi w, y0))] = ;Z VI(f (i, w), ;) Wi+1 < Wi @ mli:l VI(f Cei w), y2).
=1 withi~|1,nl|l forl <i<m

Mini-batch SGD tradeoffs
e Speedup convergence by taking multiple samples: Mini-batch SGD
e How big should the mini-batch (batch size) be?
e Tradeoff convergence speed vs. computation speed

e In practice, choose biggest batch-size fitting the GPU memory

10



Approximate model memory calculator
e Inference: model parameters + inference batch size (typically small) +overhead (e.g., 20%)
o 12*2*P+2*]*B) bytes, with 2 bytes per number and B is inference batch size
e Training: model parameters + gradient memory + activations (batch size dependent) + (optimizer
state, e.g., for momentum SGD) + overhead (e.g., 20%)
o 12*@2*P+2*P+2*(I+L * D) * B) bytes, with 2 bytes per number and L is
number of hidden layers, D is dimension of hidden layer outputs, B is training batch size
Data-parallel distributed training
e If your GPU does not have enough memory for entire

mini-batch (but model and batch size 1 fits): scale out to

Worker 3

<

multiple GPUs vt

e Data-parallel SGD computes the gradient (or model updates) Training Worker 2 3
Data Aggre. |IEH

over multiple nodes Delta §

e Access entire dataset randomly to keep convergence

e (Strong / weak) scaling of batch vs. cluster size to balance
convergence vs. speed
On model vs. gradient averaging
For standard SGD (e.g., not momentum) model averaging is equal to gradient averaging. Can be relevant

for distributed or privacy preserving communication (i.e., Federated Learning)

m
1
Wip1 € We — af%z VI(f (x;, W), yi)
i=1

- %(mwt - z acVI(f (x;, W)!yi))

=1

1 m
- E;(Wt - @VI(f(x;, W), ¥)))

2. Relaxation

e (Can change convergence behavior (correctness), typically need more iterations

Loss

N

Iterations (or epochs)

e Single iteration can be faster to compute (higher throughput or lower latency) M

to converge

Loss

e Tradeoff: convergence slowdown vs. computation speedup

e Relevant metric - “time to accuracy” T —
Relaxation 1: data access

e Problem: Remote (or random) data access (i.e., data movement) is expensive

11



Relaxation 2: asynchronous communication

Relax constraint by distributing data prior training and locally sample on each node

Changes convergence behavior

Not an issue in practice if large number of data samples vs. number of nodes ratio (and

non-grouped samples)

Problem: Synchronization (barriers) can be time consuming

Relax constraint by allowing for asynchronous updates

Again: change convergence behavior

Not an issue in practice if not fully asynchronous, but bounded

stateless (at most fix delay)

This is used in PipeDream

Relaxation 3: low precision training

Problem: Communicating the full model or gradient

can be costly

FP32

TF32

Relax constraint by communicating updates in low (or

BF16

mixed) precision, or compressing it (e.g., using

quantization)

This changes the convergence behavior

FP16

Quantization for communication, especially on slow

interconnects has become standard in practice (gradient

remains unbiased)

Low precision representation and serving

Problem: Storing model, gradient and

activations is costly

Solution: Represent parts or everything

in low or mixed precision
This changes the performance of your
model, not only convergence

Representing models using mixed

FP32

8 bits exponent

BF16

[ Foreward | Backward | Wait | ISiReN|

w1
w2
w3
Time
[_Async Comm |

wa [ I I
w2 || I
w3 [N AT T T Y

Time

sign Exponent (Range)
B O O O O O 1
8 Bits 23 Bits
A T
S{Bih ID'Bils ’
IEEENNNENNNNRENN

(NENENENENENENEEN
\—‘—J t—'—l

5 Bits 10 Bits

Mantissa (Precision)
L

0.25 06 075
0 . 1

e
P[Q=075]=04

P[Q=05]=06

e za;(zexponent_bi(_l)
7N

‘ sigr}/ r“nalntissa‘ [ ;;bonent ‘

o

23 bits mantissa

0
......l Data Dynamic Range
Type

8 bits exponent 7 bits mantissa FP32 -3.4x10%%~3.4x10%  7x1074¢
15 o
BF16 -3.4x10%8~3.4x10%8  3.05x10°
Frie NNENNEEEER
FP16 -8.59x10°~8.59x10° 2.98x10°®

5 bits exponent

10 bits mantissa

BF16 favors Dynamic Range than Precision.

precision (e.g., bfloatl16) has become standard in practice during training

Post-training, models and inputs are then sometimes further compressed, e.g., using quantization

Updated model memory calculator

Inference: model parameters + inference batch size (typically small) +overhead (e.g., 20%)

12



o 1.2* (QP *P+ Q[ * 1 * B) bytes, with QP and QI is the number of bits to represent the

model and input
e Training: model parameters + gradient memory + activations (batch size dependent) + (optimizer
state, e.g., for momentum SGD) + overhead (e.g., 20%)
o 1.2* (QP *P+ QG *P+ QI * (I+L * D) * B) bytes, with QG is the number of bits to
represent in the gradient
3. Sparsity
Sparsity in DL can speed up computation, slow down convergence but also affects generalization

Sparsification

Model Sparsity Ephemeral Sparsity .w
(per model) (per example)
Weights Neurons Neuron-like Dr_upout Errors  Optimizer

Gradients

= ot i ™"
adient-based opt| ation
structured sparsity affects training B
unstructured  structured A — » )
(fine-grained) (blocked) Activations Conditional computation @
fe.g.. RelU) (raute each example through a
affects inference + forward pass inference « forward pass ifferent sparse subnetwork)

Mixture-of-Expert (MoE)

e Traditionally DNNs are dense, i.e., each input is processed

MOoE layer
by the entire model

Gix)y

e Mixture-of-Expert (MoE) introduce sparsity during

inference

e Experts can be placed on different devices (requires some

load-balancing)
Challenges training MoEs
e Expert balancing: Non-uniform assignments can increase latency on “busy” experts. Also,
accelerators require static tensor shapes
e Expert placement on multiple devices introduces a lot of communication overhead.

Device 1

Input - ~ >, Output !
tokens Gate Gather | yokens |
2 (ED-rExpens >0 Expert 1 |h— L, () =
— ==Expert 2=+ — B
~Expertl] () ([0 e —
{ > Expert 4 X Expert2 == X ...\
................... N . fzzzzzzzzazzzaad _..__3:::::::::::-;-.\:..._...._
= Expert 2 [ JRY; C/ vyl ]
= Expert4 _..-‘ Expert 3 Lﬁ - (
[ ] == Expert 3|, | [0 e " d Bpd
0 | > Expert1 = —ﬁ Exner‘t‘%j—' - T & &=
Input . Gate All-to-all All-to-all % Gather Output !

II1. Optimization for LLMs

Device 2

1. Large language models / transformers
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Transformer Architecture

What is attention?

The core operations is transformers
Inspired by the idea of tokens “paying attention” to other tokens

Advantages over convolutional (CNN) or recurrent NN (RNN): I

o More flexible over time (vs. RNN) think vanishing
gradients

o More flexible over space (vs. CNN) only local
influence

o Easily parallelizable (good for GPUs)

Attention(Q, K, V) = softmax(:

ok’
\Y
- )

2,

Matrix visualizations

We can represent each input token (embedding) as
vector (yellow)

The output matrix correspond to the blue vectors (same
dimensions)

Each head as a linear transformation corresponding to

matrices (W o Wv’ and WK)

Masking (lower diagonal) to prevent forward attention

Number of parameters for GPT-2

Some constants first (for GPT2)
o Vocabulary size V = 50257
o Embedding size E = 768 (also often marked as dmo

o Max sequence length P = 1024
o Number of decoder layers n = 12
o Number of heads h =12

o Dimension of attention head dhea 0= E/h

Embedding layer: V X E
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Position encoding: P X E
Multi-headed attentions:

o Perhead: 3 X dmodel X dhead

. 2
o ForE = dmo ol and dhea = FE / hyields total 3E

d d

Bias vector 3E
Weighted sum of head with bias E ‘v E
Total n(3E” + 3E + E* + E) = n(4E" + 4E)
Feed forward layers
o Projection into a hidden space of dim H (with typically H = 4E): E X H + H with
bias
o Projection back into embedding space: H X E + E
o Totalin(2 x Hx E + H + E) = n(8E" + 5E)
Layer norms:
o Two per decoder block with 2E parameters each
o Toal: n(4E)
Putting all together (with one final layer norm for GPT-2)

VXE+PxXE+n(4E" + 4E + 8E + 5E + 4E) + 2E

E(VP) + n(12E° + 13E) + 2E

768(50257 + 1024) + 12(12 x 768" + 13 X 768) + 2 x 768 = 124439808

2. Efficient fine-tuning

e Fine-tuning all these parameters can be very expensive
e Different downstream tasks typically require their own fine-tuning
e Using a distinct set of weights for every task can be costly
o Interms of storage
o When switching between tasks
e One solution: Parameter efficient fine-tuning (PEFT)
LoRA: Low-Rank Adaptation of LLMs Pretrained
e Only fine-tune LoORA Adaptors Weights
e Typically only for attention blocks (W 0 and WV) W e R4
e No additional inference costs if adaptors are merged post

trainingh = Wx + BAx = (W + BA)x = W'x
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Quadratic costs in training
The attention matrix scales quadratically with respect to context window / sequence length
Longer and longer context
e GPT2 had a context window of 1024 tokens
e This translated into roughly 340 words (assuming 3 tokens per word)
e Modern LLMs use larger vocabularies -> Less token per word in average
e They also support much larger context windows, which is important to put entire chat history or
long documents as context
o GPT3.5 (i.e., ChatGPT) supported 4096 tokens
o GPT4 started with 8192 tokens but since then increased to 128000 tokens

o Gemini 1.5 Pro support 2 million token
FlashAttention =°°’ i o

'
T
'
'
'
'
'
'

2\ SRAM: 19TB/s (20 MB)
‘Sham

HBM: 1.5 TB/s (40 GB)

e Many approaches to support longer context approximate the

LB T R BT DRAM: 12.8 GB/s H
(>178)

a

Sm(QKV:Nxd|

computation of the exact attention matrix Banimiair & Memery i e

FlashAttention

e FlashAttention achieves fast exact attention computation using

Attention on GPT-2

] Matmul

purely systems optimizations

Dropout

s

] Softmax

Time (ms)

o Careful caching and memory access (on GPU)

Fus
Mask  Kernel
—
] Matmul

o Fusing CUDA kernels into a single operation pyach Favaion

3. Optimization in serving

e These models are typically trained using masked word prediction

e Afterwards they are used in an autoregressive manner

What 3923 o slz 3923
<MASK> 3 - slslzls 1933 “color”
; 5 S
is — = — 374 Slals]2 374
N @ =} = =
the 2 279 slgl=13 279
31218
kv 13180 o 13180 Foreward,
? 30 30 Backward
—

Autoregressive inference

What 3923 mld|2 ®
EN = Bl 3
color 5 1933 g1 1% 3 3 Output
B 5 glz2]18]¢2 i Toke
is 3 374 Sleolglz | o
Q
the 2 279 12 l=z1% 5 791 “The”
slels | 5
sky 13180 ol B @
? 30
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What 3923 o g1z o
color 9:' 1933 g §‘ g % g_ Output
is — E — 374 = = % s o B Token
the g 279 "21 g z |3 g_ 13180 “sky”
sky 13180 Szl @
? 30
The 791
%
o
What 3923 o g1z oy
color = 1933 s151%15 § Output
= o = [} o 3
is — KN — 374 & % % s SN — Token
the 8 279 21z lzl3 g 374 “is”
S E2 e 5
sky 13180 . BN B ®
? 30
The 791
sky 13180
1
T
What 3923 o sz @
is — § —_ 374 =3 e s —» Token
the B 279 HHBE : <E0S>
s12121° =
sky 13180 bl N 3 G
? 30
The 791
sky 13180
is 374
blue 6437
13
Key-value (KV) caching
e We don’t need the previous token (input or output) to o -
—
{oef ks
compute new new token representation ) i = B
e We use a KV cache to store the key and values for each - 4 i
head and layer N -
4.“q‘|.. N N
: e | L
e Note that a KV cache is not a KV store, but can be stored P = &
T e "%" I -
linearly [
4 i

e But it must be stored in memory and can grow quickly
vLLM and PagedAttention
o The KV cache can grow quickly for large context models especially when
o Serving multiple requests in parallel
o Deploying more complex decoding strategies
e vVvLLM is a distributed serving engine using an abstraction over the KV store to make sure that
o Blocks are efficiently fetched from disk and pushed to GPU or CPU memory

o Subsequent blocks are stored in the same page on disk (for efficient read / write)
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e PagedAttention achieved this by abstracting the KV cache into logical and physical blocks (like
virtual memory access in OS)
e By carefully managing the state of physical KV blocks, it can
o Explore parallel decoding strategies
o Try complex decoding strategies like beam search
o Serve concurrent requests in parallel

=— Existing systems —— vLLM

&
=)

o
2
v
o
o
9 30 Physical KV blocks
KV E : _,_\ (an GPU DRAM)
Parameters Cache 5 Parameter size @quey | Promet: *Four scora and soven years ago our” Block 0
(26GB, 65%) (>30%) s \l/ SE A e 80k 1 yoars Cago |* our [Bbern
%a 1.2k Logleal KV blocks ;,"' Block 2
S oaxd" ¥ Block0 | “Four |“scors [Pand | Seven %T::i o Biock 3 [Brougt
Others 5 sockct Poms oo Powr Torenl amber | "% | [/
E lock 1 | years | ago | our thers (053 @ /¢ Biocks
£ 0.4k - it e
NVIDIA A100 40GB H Block 2 | SeE B 1) Bloks
E g 8lock 3 = =1\ Bios
= e 10 20 30 40 Y o B
Balch size (# requests) M Block7 |~ Four | score | and | sewen
Block &
Worker 0
- 8 Ry
Engine Shard 0 o
Block 0 .
@ B:: | Ref count: 2 1 e
Worker 1 : : | OP || o |
KV Cache Manager s T Logical KV blecks | E\m{coﬂy-uwwﬂﬂ 'wl Logical KV blocks
ache el ;
N . e - — e
Block 1 | ywars | ago | our fmm%su,au Ilen yoars | ago | our |mothers|
1
Block tables e ", Block 5 |‘
\ |
Worker N - 1 | Bl |
CPU Block GPU Block Cache Model = *Block 7 | Four | score | and | seven
Allocator Allocator Engine Shard N - 1 | (32= Block B
Speculative decoding ‘
m'm'w .
e Even with these optimizations, running inference on a very large in e ot ot . (R
’ e~ Target model
[ e \
: : B e bEa b L B
LLM (to achieve high accuracy) can be too costly RER S =

Stepl: Autoregressive generation Step2: Parallel verification

e A smaller model might be much faster but typically achieves fewer

Speculative Decoding in vLLM

Lookehead Scheduler
(schedule more fhan 1 lots)

good results ——— Fpps——
e Speculatie decoding uses a target model to verify proposed tokens by | [ s [ e [ 552
I R P @ e
small model (much faster) R T

Lol

e Also supported in vLLM (with careful scheduling)
IV. Retrieval-augmented generation (RAD) & Vector search

1. Retrieval-augmented generation (RAG) overview

e Vector database and retrieval play a key role in the pipeline
e Various RAG algorithms of drastically different workload

e Multiple system components on heterogeneous hardware
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#3% User question:

What are Thomas Edison's A
[ most notable inventions? LLM XY}

Knowledge database
3 These inventions, including the

é‘?é texts E phonograph, the motion picture

=e=) vectors = camera, and the electric ...

2. Various RAG algorithms and pipelines

Thomas invented
phonograph, motion
picture camera, ...

Pipeline 1: RAG with internet-scale retrieval
Argument: Smaller model + hyper-scale retrieval = Larger model

10x model size saving given similar generation quality [1,2]

Retrieval | LLM | LLM
1ev Prefix Decode

W/\

Internet-scale corpus with two trillion tokens according to DeepMind [1]

Pipeline 2: RAG for long-context processing

Answering questions of user-defined long context in real-time Divide the document into many passages
[ N 4
L : Encode each passage into a vector using a BERT-style model
Naive solution: include documents in the prompt (e.g., 1M tokens)
Possible but very costly, e.g., 60 USD / million token for GPT4 D:;il;zze } Retrieval — IJ'_rI;IzIx I D:tmﬂe

RAG solution: retrieve relevant passages

Significant lower cost with comparable quality [1,2] Small model (e.g., 100M~1B) + small databases (1K~1M vectors)
Pipeline 3: RAG with iterative retrievals

Multi-hop reasoning style, initiating retrievals during generation [1,2]

Retrieval —| Prefix Decode

User Query:

“In what year did the company that invented CUDA go public?”

Step 1: “Which company invented CUDA?”

Retrieved answer: “NVIDIA developed and introduced CUDA in 2006.”
Step 2: “When did NVIDIA go public?”

Retrieved answer: “NVIDIA went public in January 1999.”

Pipeline 4: RAG with rewriter and reranker
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Query rewriter: a generative model to rephrase user questions [1]

Retrieval reranker: an encoder model to score retrieved documents [2]

ReWrite ReWrite
|

1~ Retrieval —=| ReRank [—=| Prefix [—| Decode
(prefix) (decode)

Original query (conversational): "Tell me about when NVIDIA started selling shares.”

Rewritten query for retrieval: "When did NVIDIA have its IPO?"

ReWrite ReWrite
|

(orefix) (decode) —=| Retrieval | ReRank [1=| Prefix —=| Decode

A general RAG system pipeline

Model components + Retrieval configurations

% Regular LLM serving

Database| | _| Rewrite Rewrite || | oot ieval > Rerank s LLM LLM

Encode (prefix) — (decode) Prefix Decode

Optional models in addition to the main LLM

3. Vector search and retrieval
e Given
o A query vector q € R’

. d
o A collection of database vectors D = {x_,x_, -, xN} CR

1’72
o . . d d
o A similarity (or distance) function sim: R X R = R

e Vector search aims to find the top-k nearest neighbors of q in D, defined as ar gxeDtop-k sim(q, X)

e Common similarity / distance functions

Cosine similarity: sim(g, z) = |{f””z“
Inner product: sim(g,z) = ¢' =
Euclidean distance: dist(g, z) = ||g — z||2

Vector search is approximately nearest neighbor search

20



IVF-PQ: a popular vector search algorithm in RAG

Inverted-file

(IVF) index:

Product quantization (PQ):

compression of vectors

prune the search space lossy
| query d
| s I it | I
. o PO T EEL Seuhts Sorh sheh st
® v
| - K o ———b— o — -
e ] R e e .
7 § by ==—0=-==-%- y bt LR
— 1 1 I |
| e T
® o b, ~-#---2- - gt -2.
. e & & b + | ] | I
| | database a8 a; ag a,
| * yactols ® quantized vectors
Product quantization (PQ)
Training
Original database vectors Database sub-vectors Original database vectors Database sub-vectors
Yo= (113,72, ..., 25.9] ® Vou You Yoo ¥,=[11.3,-7.2,...,259] Yoo Yor | ** | Yooa
N N N N
Vua= 117,02, .., 6.3] Viro | Yurs Yeor o Yua=[-11.7,02, ..., -6.3] Yuso | Yurs | = [
. ~~ 4 e \ N ’ @ !
D D*=D/m D D*=D/m
Quantized vectors: PQ codes Sub-vector centroids Quantized veciors: PQ codes ST BIED
17 I 89 I |255 Cyp | Cy, | e Ii::”.,| 17 I 89 | l 255 Can Cos I = |can-4
N m N M
55 |131 I I 26 cuw]cunl i Icmnnu 55 I‘lBW | l 2 S c“"'l |c”"°’"
[
D*=D/m D*=D/m
QOriginal database vectors Database sub-vectors
¥,=[11.3,-7.2, ..., 25.9] Yoo | Yau | = | Yaa
N . N
Vi = [-11.7,02,..., -63] Viera | Yuog | ot [Yorgn
\ AT @
D / D*=D/m
Quantized vectors: PQ codes Sub-vector centroids
17 1 80 [ - [266| @ [ Gl [ = [co
N -— M
55 | 181 | ~ | 26 Cpro | Chpry | = [Curprs
D*=D/m
Searching
Quantized vectors: PQ codes Sub-vector centroids Quantized vectors: PQ codes Sub-vector centroids
17 [ 89 | [ 255 o [ G | - [oups 17 | 89 | | 255 c . .
y M N M
55 [ 181 [ | 2 o [ Cuns [ - [Cusp 65 | 181 | - | 26 Couro | Curg | = [ Cunon
—— ® —~—
Query vector D*=L/m Query vector D*=D/m
[ q | Distance lookup table [ q | Distance lookup table
@l o) ] 9, I [dﬂ.D‘-‘ dy, 01
Query sub-vectors c Query sub-vectors Cc
I T | e [0 [ [Oom (el a = [a]—> [Ewltn] - [
—— ——
D*=D/m scalar D*=D/m scalar

21



Quantized vectors: PQ codes Sub-vector centroids

17 | 89 | - | 266 Cop | Cox | - | Cop

N M
55 I 181 I I 26 Cu10 | cM—n] ot |cm-m--n
Query vector ® Dr=D/m

[ q | Distance lookup table

doo ] dy, I i I Ao

Query sub-vectors C
La | a | == | G | i ] du-ml 200 Id.u.;m
——
D*=D/m scalar

Graph-based vector search
e Key idea: a neighbor of a neighbor is likely to be a neighbor
e Nodes = data points (vectors)

e Edges = links to other “close” nodes

entry point

Graph Construction: KNN-graph + pruning (global construction)
e Compute the exact KNN graph
e Prune edges using heuristics: e.g., keep diverse directions, not just the closest points (e.g., angular
separation)
e Advantages:
o High recall due to global optimization
e Disadvantages:
o Requires all data up front
o Can be slow and memory-intensive for large datasets
Graph Construction: Incremental insertion (online construction)
e For each new point, perform a search
e Connect to the top nearest nodes
e Possibly prune to maintain diversity
e Advantages:
o Can be done online (supports dynamic updates)
o More memory-efficient; no need to compute full KNN graph

e Disadvantages:
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o Quality depends on insertion order and search quality

Graph Construction: Traversal

Select an entry point in the graph, e.g., a fixed point or a random selection
QueueA:candidate nodes to visit
QueueB:existing nearest neighbors
Iteratively pop candidates from queue A and insert results to queue B
End condition
o Not enough high-quality candidate nodes to visit

o All the nodes in queue A are further away from the query compared to queue B

Hierarchical Navigable Small World (HNSW)

e Limitations of a regular graph Layer=2
o Search can get stuck in local minima - greedy walks \ .
can't escape to better regions i TE
° Slow search in large graphs: More nodes -> longer et g | g
walks Za ‘E
e Key Idea of HNSW: Add a Hierarchy - j : g
o Upper layers: sparse, long-range links (quick overview '% s
of space)
o Lower layers: denser, short-range links (local precision)
e Randomly assign a maximum layer to each point
e Insert top-down: for each layer, connect the node to nearest neighbors using heuristic rules (e.g.,
diversity).
e Traverse the upper layer first before moving to the layer below
V. Related readings
1. (Optional) Varuna: Scalable, Low-cost Training of Massive Deep Learning Models
2. (Optional) MODYN: A Platform for Model Training on Dynamic Datasets With Sample-Level
Data Selection
3. (Optional) THEMIS: Fair and Efficient GPU Cluster Scheduling
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https://www.microsoft.com/en-us/research/uploads/prod/2022/03/varuna-eurosys22.pdf
https://arxiv.org/pdf/2312.06254.pdf
https://arxiv.org/pdf/2312.06254.pdf
https://www.usenix.org/system/files/nsdi20-paper-mahajan.pdf
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