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CSE/DSC 291: Deep Learning Systems
Spring 2026

LLM, diffusion, and case studies

Optimizations and Parallelization

Basics



Big Picture: Where We Are
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Runtime

* “Bafching”
* Checkpointing and rematerialization
* Swapping

* Quantization, Mixed precision, and Pruning



Run the graph: gradient descent with minibatches
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Disambiguate the Term “Batch”

* |n deep learning training
®* Batch
* Mini-batch
* Micro-batch
INn optimization and gradient descent:
* Full-batch gradient descent
* stochastic gradient descent
* |n big data processing
®* Batch/offline processing

* Streaming/online processing



Disambiguate the Term “Batch”

Term

Batch

Mini-Batch
Micro-Batch
Batch Processing

Micro-Batching

Context
Deep Learning
Deep Learning
Deep Learning
Big Data

Big Data

Meaning

A group of training samples processed together

A smaller subset of a dataset used per training iteration
A split of a mini-batch, often used for pipeline parallelism
Processing large datasets in bulk

Processing small groups of events in short time windows



Dataflow Graph

Autodiff

Next: Learning Goals

* Memory and Scheduling
* Checkpointing and rematerialization
* Swapping

* Memory and Compute
* Quantization

* Mixed precision



Recall: data movement path

blockO block3 Shared memory: 64 KB per core
threadO thread1 threads
Registers Registers

GPU memory(Global memory):

Shared memory

TX3080 10GB
TX3090 24GB
100 40/80 GB

> 10 3

Global memory

RAM

Disk




Our Goal on Memory

* Fit the workload on limited memory and ensure
peak memory < available memory
Nofte:
* Normally, we do not heed to min (memory)
* We do not need to min(max(memory))
* We just need max(memory) < available memory

* Unless otherwise specificized



Source of Memory Consumption

o 2 y
—— .y ) | (e Sources of memory consumption
| * Model weights
el et e e [ntermediate activation values
ot — * Optimizer states
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Methods to Analyze Memory

* Size
* How large the memory Is
* Lifetime:

* When will this memory be needed and when not



Start with Inference: Lifetime®?

input linear relu linear loss

O—O—0——{

We only need O(1) memory for computing the final output of a N

layer deep network by cycling through two butfers

Lifetime of
* weights
® activations?e

* Optimizer statese



Estimate size: Popular floating point standards

Sign 1 bit
Exponent B bits Precision 23 bits

Fes2 NN EEEEE

Exponent 8 bits Precision 7 bits

BFloatie 1111111

Exponent 5 bits Frecision 10 bits

Feic [ I I

*  What does exponent and fraction control in float point representation?
*  What's the difference between bf16 and fp 162

e  Will come back to this in detail later



Estimate the weight size: GPT-3 as an example

Model Name Nparams Mlayers @model TMheads dhead DBatch Size  Learning Rate
GPT-3 Small 125M 12 768 12 64 0.5M 6.0 x 10~¢
GPT-3 Medium 350M 24 1024 16 64 0.5M 3.0 x 104
GPT-3 Large 760M 24 1536 16 96 0.5M 2.5 x 1074
GPT-3 XL 1.3B 24 2048 24 128 1M 2.0 x 104
GPT-3 2.7B 2.7B 32 2560 32 80 1M 1.6 x 104
GPT-3 6.7B 6.7B 32 4096 32 128 2M 1.2 x 1074
GPT-3 13B 13.0B 40 5140 40 128 2M 1.0 x 10~4
GPT-3 175B or “GPT-3” 175.0B 96 12288 96 128 3.2M 0.6 x 10~ ¢

* Model weights: 175B, each param =16/ 32 bits =2 / 4 bytes
® 1/75B*2 /4 =350G / 700G
®* Rule of thumb: check precision, and N*2 (16bits) or N*4 (32bifs)



Estimate the activation size

* Conv2d activation:
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/

* [nput: bs, Nnc, wi
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Estimate the activation size: MLP

* Matmul activation

® [nput: bs*m * n

® Outfput:bs*m * p
® Activation size:

®* bs*m * p * sizeof(element)



Estimate the activation size: Transtormers

X = "that
]
X
X
‘ see \
girl
run
X
—
300 wide

attention
head

O

([O«x-

®* fransformer activation

R ®* Input: bs * h * seq_len
o | * Output: bs * h * seq_len
-7 .. * Activation size:

X, WERETS * bs*h*seqg len™

sizeof(element)



Estimate the activation size: Transtormers

Model Name Nparams Mlayers @model TMheads dhead DBatch Size  Learning Rate
GPT-3 Small 125M 12 768 12 64 0.5M 6.0 x 10~¢
GPT-3 Medium 350M 24 1024 16 64 0.5M 3.0 x 104
GPT-3 Large 760M 24 1536 16 96 0.5M 2.5 x 1074
GPT-3 XL 1.3B 24 2048 24 128 1M 2.0 x 104
GPT-3 2.7B 2.7B 32 2560 32 80 1M 1.6 x 104
GPT-3 6.7B 6.7B 32 4096 32 128 2M 1.2 x 1074
GPT-3 13B 13.0B 40 5140 40 128 2M 1.0 x 10~4
GPT-3 175B or “GPT-3” 175.0B 96 12288 96 128 3.2M 0.6 x 10~ ¢

GPT-3 Transtformers per-layer activation (assuming seq_len = 1):
®* bs *seqglen *d_model: 3.2M * 12288 =39.321B=78/156 G
®* Note: For each operator inside a transtormer layer, we also have

activations. We'll come back to this later.



Estimate the Optimizer State Size: Adam

* Adam Opftimizer: What is the memory added?

Algorithm 1: Adam, our proposed algorithm for stochastic optimization. See section 2 for details,
and for a slightly more efficient (but less clear) order of computation. g7 indicates the elementwise
square g; ® g;. Good default settings for the tested machine learning problems are « = 0.001,
B1 = 0.9, B2 = 0.999 and € = 10~%. All operations on vectors are element-wise. With 3¢ and 3%
we denote (31 and 35 to the power £.

Require: o: Stepsize
Require: 3, 3> € [0,1): Exponential decay rates for the moment estimates
Require: f(6): Stochastic objective function with parameters 6
Require: 0,: Initial parameter vector
mo < 0 (Initialize 1% moment vector)
vo + 0 (Initialize 2" moment vector) Taal - £y
t < 0 (Initialize timestep) Ophmlzer STOTe' fIrST
while 0, not converged do .
e t+1 moment estimate
gt + Vo fi(0:—1) (Get gradients w.r.t. stochastic objective at timestep t)
my < B1-my—1 + (1 — (1) - g; (Update biased first moment estimate)
v < Po v + (1 — Ba2) - gf (Update biased second raw moment estimate) (me(] n)

my < my /(1 — B%) (Compute bias-corrected first moment estimate) o, .

vy < vy /(1 — B%) (Compute bias-corrected second raw moment estimate) \ Qp’rlmlzer state: second
O — 0; 1 —a-my/ (\/’E + ¢) (Update parameters) .

end while moment estimate

return 6, (Resulting parameters)

(variance)



Estimate the Optimizer State Size¢

* Gradient w.r.t. parameters: N * sizeof(element)
* First moment: N * sizeof(element)

* Second moment: N * sizeof(element)

* |In total:

* 3N * sizeof(element)



Lifetime of activations at fraining

[

®* Because the need to keep infermediate value around for the
gradient steps. Training a N-layer neural network would require
O(N).



Memory Overview

* Parameters: 175B * (fp32) = 350 / 700 G
* Activations:
* At the transtormer boundary: (N=96) * 78 / 156 G = 7488 / 14976
G

® (This Is not accurate because transformers is a composite layers.)
* Optimizer states: (precision: fp32) *3* 176B=(12) * 175G



Reduce memory

* Single Device (today)

* Parallelization (next week)



Reduce activation memory

Step O:

-
Step 1: j:—- —
—{

Step 2: I::’I

ldeaq:

* The activation is not needed again unftil the backward pass comes

®* Discard some of them and recompute the missing intermediate nodes In
small segments



Reduce activation memory

Step O:

Step 1

Step 2: I::’I

* Opftion 1: discard nothing
* Memory +, compute --

* Option 2: discard all and recompute for each layer

* Memory --, compute++
* We want to strike a balance®e

L
L=
—[




Reduce activation memory

Forward computation

]
|

Gradient per segment
with re-computation

For a N layer neural network,
if we checkpoint every K layers

D . R
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Memory cost =

/

Checkpoint cost
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o (%) +000

AN

Re-computation cost

Q: In this case: what is the total recomputation

Pick K =

VN



Memory dynamics

RAM used (GB)
— N @)
(- (- (-

-

Time
Retain all Rematerialize
activations activations



N practice

torch.utils.checkpoint

Checkpointing is implemented by rerunning a forward-pass segment for each checkpointed segment during backward
propagation. This can cause persistent states like the RNG state to be more advanced than they would without
checkpointing. By default, checkpointing includes logic to juggle the RNG state such that checkpointed passes making use of
RNG (through dropout for example) have deterministic output as compared to non-checkpointed passes. The logic to stash
and restore RNG states can incur a moderate performance hit depending on the runtime of checkpointed operations. If
deterministic output compared to non-checkpointed passes is not required, supply preserve_rng_state=False to
checkpoint or checkpoint_sequential to omit stashing and restoring the RNG state during each checkpoint.

"activation_checkpointing”: {
"partition_activations": false,
"cpu_checkpointing”: false,
"contiguous_memory_optimization": false,
"number_checkpoints": null,

"synchronize_checkpoint_boundary": false,

"profile"”: false

}




Discussion of Activation Checkpointing

* |[tis also called: rematerialization, recomputation

* Q: When to and not to enable it¢

* Q: Optimal checkpointing policy
* Which layer fo checkpoint at?
* Could influence memory cost because layer out has different sizes
* Could influence the recompute cost because the computation

between two checkpoints could be different
® Cons: Only applies to activations!



Gradient Accumulation

O ——

L=

]

¢ QAc’riva’rion memory is linear to batch size

* Can we still compute using the given batch size but

with limited memory

Vo =V, ({x;}?,...)

0 =0 -

- VO

fort=1-

mb

VO +=V,({x}",...)
0=0+V0



Gradient Accumulation in Practice

optimizer =
NUM_ACCUMULATION_STEPS

optimizer =
for epoch in range

: Q for 1idx, sample in enumerate(dataloader
for epoch in range(...):

; : ) _ inputs, labels = sample
for 1, sample in enumerate(dataloader):

inputs, labels = sample 4 Forward Pass
outputs = model(inputs

# Forward Pass # Compute Loss and Perform Back-propagation

outputs = model(inputs) loss = loss_fn(outputs, labels
# Compute Loss and Perform Back-propagation
loss = loss_fn(outputs, labels) # Normalize the Gradients

loss = loss / NUM_ACCUMULATION_STEPS
loss.backward

loss.backward()
# Update Optimizer

optimizer.step() if (Cidx + 1) % NUM_ACCUMULATION_STEPS == @) or (idx + 1 == len(dataloader

# Update Optimizer
optimizer.zero_grad() optimizer.step

optimizer.zero_grad

Q: potential cons of gradient accumulation?



Alternative Method: Move to DRAM

SN SRAM: 19TB/s (20 MB)
SRAM

LSS HBM: 1.5 TB/s (40 GB)
HBM

\ETI N Gl [T DRAM: 12.8 GB/s
(CPU DRAM) (>1TB)



CPU Swap

* Swapln: swap from CPU DRAM to HBM
* SwapQut: swap from HBM to CPU DRAM

* This applies to both weights and activations!

SwapOut SwapQOut  SwapOut
DU RN

Swapln  Swapln  Swapln




Discussion

* When will this work and when will this not work?e

SwapOut SwapOut SwapOut
— T ———
DU NN

Swapln  Swapln  Swapln




Summary of Memory Optimizations

* Gradient checkpointing

* Trading compute for memory
* Gradient accumulation

®* Reduce "effective” batch size
* CPU Swapping

* Use lower-level memory hierarchy



Which of the following is not one of the main sources of memory
consumptione

.. Intermediate acftivation values
. Model weights
.. Optimizer states

.. Iraining code



Which of the following statements is false about gradient
checkpointinge

. Applying gradient checkpoinfing during model training could save
GPU memory

. Gradient checkpointing applies to both model weights and activations

.. The location of gradient checkpointing affects how much re-
computation and memory are needed

.. It1s possible to discard some of the activation from memory since they
are only needed during backward pass



Given this tfable of model configurations, what is the activation size
of GPT-3 2.7B (using fp 16 for all activitations and checkpointing at

the transtormer layer boundary)e

A.
B.
C.

D.

/031.25GB
201.34GB
152.59GB
305.18GB

Model Name Nparams Tlayers Omodel Mheads Ohead DBatch Size Learning Rate
GPT-3 Small | 25M 12 168 12 <4 ().5M 6.0 = 104
GPT-3 Medium 350M 2 1024 16 e 0.5M 3.0 x 1071
GPT-3 Large T60M 24 1536 16 U6 0.5M 2.5 x 104
GPT-3 XL 1.3B 24 2048 24 128 | W 2.0 = 1071
GPT-3 2.7B 2.7B 32 2560 32 &0 | M 1.6 x 10~
GPI-36.7B 6. 78 32 4096 32 1258 2M 1.2 % 104
GPT-3 13B 13.0B 40 5140 40 128 2M 1.0 = 101
GPT-3 175B or “GPT-3" 175.0B 06 | 2288 06 | 28 1.2M 0.6 x 10~




How to Choose/Tune Memory Optimization

Determine desired

training batch size
batch, e.g., 64

> frain with bs = 64

Yes!

—

(JCT) is expected

If the job completion time

SUCCESS

Parallelize

No

Turn on swapping -

| (next week)

fail? —

OOM? -

|

Yes!

|

Try largest possible micro

bs with grad-accum: 32-
>16->8...

|

fail?

Largest possible micro bs
+ turn on grad ckpt

No!

Success
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