Lecture 18:
Scaling
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Summary of last few lectures:

More i1s More!
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In language

BERT (Large)
340 million params
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In language

BERT

3.3 Billion tokens'
- All of english wikipedia
- 11,000 Books

'https://aclanthology.org/W19-4828.pdf
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In language

SuperGLUE  BoolQ CB CB COPA RTE
Average Accuracy Accuracy F1  Accuracy Accuracy
Fine-tuned SOTA 89.0 91.0 96.9 93.9 94.8 92.5
Fine-tuned BERT-Large 69.0 774 83.6 75.7 70.6 71.7
GPT-3 Few-Shot 71.8 76.4 75.6 52.0 92.0 69.0
WiC WSC MultiRC  MultiRC ReCoRD ReCoRD
Accuracy Accuracy Accuracy Fla Accuracy F1
Fine-tuned SOTA 76.1 93.8 62.3 88.2 92.5 93.3
Fine-tuned BERT-Large 69.6 64.6 24.1 70.0 71.3 72.0
GPT-3 Few-Shot 494 80.1 30.5 75.4 90.2 91.1

Table 3.8: Performance of GPT-3 on SuperGLUE compared to fine-tuned baselines and SOTA. All results are reported
on the test set. GPT-3 few-shot is given a total of 32 examples within the context of each task and performs no gradient

updates.

Image Source: Language Models are Few-Shot Learners, Brown et al
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https://arxiv.org/abs/2005.14165

In vision!

ImageNet ResNet Parameters
(44.5 Million)
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In vision!

ImageNet ResNet Training Data
(1.28 Million)
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In vision!

IMAGENET

DATASET RESNET101 CLIP VIT-L
ES—— [E——————
76.2% 76.2%

ImageNet
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The Bitter Lesson

Rich Sutton

March 13, 2019

The biggest lesson that can be read from 70 years of Al research is that general methods that leverage
computation are ultimately the most effective, and by a large margin. The ultimate reason for this is Moore's law,
or rather its generalization of continued exponentially falling cost per unit of computation. Most Al research has
been conducted as if the computation available to the agent were constant (in which case leveraging human
knowledge would be one of the only ways to improve performance) but, over a slightly longer time than a typical
research project, massively more computation inevitably becomes available. Seeking an improvement that
makes a difference in the shorter term, researchers seek to leverage their human knowledge of the domain, but
the only thing that matters in the long run is the leveraging of computation. These two need not run counter to
each other, but in practice they tend to. Time spent on one is time not spent on the other. There are
psychological commitments to investment in one approach or the other. And the human-knowledge approach
tends to complicate methods in ways that make them less suited to taking advantage of general methods
leveraging computation. There were many examples of Al researchers' belated learning of this bitter lesson, and
it is instructive to review some of the most prominent.

http://www.incompleteideas.net/Incldeas/BitterLesson.html
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Scaling Laws

S. Pratt

Loss vs Model and Dataset Size
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Image source: Kaplan et al. Scaling Laws for Neural Language Models. 2020.
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https://arxiv.org/pdf/2001.08361.pdf

Question: If scale reliably improves models, why
don’'t we have agi yet??
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Part 1: The Difficulty of Scaling
Part 2: Parallelism
Part 3: Scaling Smarter

Part 4: Research on a Budget
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Part 1: The Difficulty of Scaling

- Deepdive into the numbers and
hardware of training large models
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What does it take to train a model? Compute!
How much compute? (how to measure?)
How many FLOPs?

~BPD Why this?

P = number of params in the model
D = number of training tokens
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® Let’s count the number of

h|—| W |—P| ] flops for 1 parameter, for

1 element in batch.

input weights output
[3x1] [3x3] [3x1]

S. Pratt Lecturen- 15



h|l—| W |[—P] ] FLOP count: 0

input weights output
[3x1] [3x3] [3x1]
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h|l—| W |[—P] ] FLOP count: 0

input weights output

P el mg Forward Pass
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h|l—| W |—P| FLOP count: 0

input weights output

P el mg Forward Pass
Backward Pass
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h|—P| W [—P| ] FLOP count: 0

phies ey B Forward Pass
Backward Pass
- dL/dw
- dL/dh
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Wo o

Wie

W2oe

S. Pratt

Wo1

Wiai
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FLOP count: 0

howee + hiwei + hz2we:

howie + hiwii + hzwi:

hoewze + hiwzi + h2w2:
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Wo o

Wie
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Wo o

Wie

W2oe
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FLOP count: 2

s

hoWo1W01 + hz2woe2

howie + hiwii + hzwi:

hoewze + hiwzi + h2w2:
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sL/oh | @ 5

FLOP count: 2
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sL/oh | @ 5

FLOP count: 2

. N\
Wo o Wie W2e 0o OoWoo + Diwie + D2w2e
Wo1 Wii w21 01 OeWo1 + Odiwii + O2w2:
Wo 2 W12 w22 6> OeWoz + Diwiz + D2wz2:2
\ J
WT 5 = dL/dj oL/oh
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sL/oh | @ 5

FLOP count: 3

. N\
Wo o Wie W2e 0o Oiwie + O2wzoe
Wo1 Wii w21 01 OeWo1 + Odiwii + O2w2:
Woe 2 Wiz W22 02 OeWoz + Diwiz + D2wz2:2
\ J
WT 5 = dL/dj oL/oh
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sL/oh | @ 5

FLOP count: 4

. N\
Wo o Wie W2e 0o 60W01W10 + O2w2o
Wo1 Wii w21 01 OeWo1 + Odiwii + O2w2:
Woe 2 Wiz W22 02 OeWoz + Diwiz + D2wz2:2
\ J
WT 5 = dL/dj oL/oh
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4| FLOP count: 4
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h |<— 4| ; FLOP count: 4
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5
h <43 FLOP count: 5
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FLOP count: 6

5 Combine this with
0 eflo oefni ofl2 H
Aally Bl O gradients from
01 @ he hi h2 0ihe ®ihi1 081h:2 other datapoints
62 02hoe 62h1 6:z2h:2 In batCh
hT \ J
5 oL/oW

Blog post on this topic
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https://medium.com/@dzmitrybahdanau/the-flops-calculus-of-language-model-training-3b19c1f025e4

Training FLOPs = ~6PD
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Training FLOPs = ~6PD

Concrete Example: Llama

P = 65.2 Billion params
D = 1.4 Trillion tokens

Touvron et al., "LLaMA: Open and Efficient Foundation Language Models," arXiv:2302.13971, 2023.
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Training FLOPs = ~6PD

Concrete Example: Llama

P = 65.2 Billion params
D = 1.4 Trillion tokens

547,680,000,000,000,000,000,000 FLOPs (5.48e23)

How are we going to do this?

Touvron et al., "LLaMA: Open and Efficient Foundation Language Models," arXiv:2302.13971, 2023.
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What is a GPU? \

Figure 1. The GPU Devotes More Transistors to Data Processing

Core Core

L1 Cache L1 Cache

Core Core

L1 Cache L1 Cache
L2 Cache L2 Cache

L3Cache 12 Cache

CPU GPU

Central Processing Unit Graphics Processing Unit /

https://docs.nvidia.com/cuda/archive/11.2.0/pdf/CUDA_C_Programming_Guide.pdf

S. Pratt
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/ What is a GPU? \

Core = Does the actual processing (addition, multiplication)

Figure 1. The GPU Devotes More Transistors to Data Processing
Many
(thousands) of

/ smaller simpler

Core Core cores

Fewer cores, but
larger and more <
capable

Core Core

LI wdallic LI wdulic

LI wdlllie LI wdllie

LeCaens L2 Cache
CPU GPU
\ Central Processing Unit Graphics Processing Unit /

https://docs.nvidia.com/cuda/archive/11.2.0/pdf/CUDA_C_Programming_Guide.pdf
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-~

One control per
core allows each
core to do an
independent
complex set of
instructions

\_

What is a GPU?

~

=

Figure 1.

Core I Core .
Li Cache S L1 Cache S
. Core .

L1 Cache . L1 Cache |

L2 Cache L2 Cache

The GPU Devotes More Transistors to Data Processing

Dara

L3Cache

CPU

One control is
shared by many
cores. Each of
~ these cores
much then
execute the
same instruction

L2 Cache
GPU

Central Processing Unit

Graphics Processing Unit

/

https://docs.nvidia.com/cuda/archive/11.2.0/pdf/CUDA_C_Programming_Guide.pdf

S. Pratt
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/ What is a GPU? \

Cached memory and DRAM Memory

Figure 1. The GPU Devotes More Transistors to Data Processing
Lots of quick Less quick
Core Core
access memory g access memory
L1 Cache L1 Cache
Core i Core
L1 Cache | L1 Cache

L2 Cache L2 Cache

L3Cache (SiCEehe

Slower memory
DRAM ~ Slower memory

CPU GPU

\ Central Processing Unit Graphics Processing Unit /

https://docs.nvidia.com/cuda/archive/11.2.0/pdf/CUDA_C_Programming_Guide.pdf
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/ What is a GPU? \

Prioritizes Capability Figure 1. The GPU Devotes More Transistors to Data Processing Prioritizes Parallelism

Ideal for running a Core Core Ideal for running
handful of complex 1 Cathe BT thousand of simple

tasks at once computations at once
Core Core

L1 Cache L1 Cache

L2 Cache L2 Cache

L3Cache 12 Cache

CPU GPU

\ Central Processing Unit Graphics Processing Unit /

https://docs.nvidia.com/cuda/archive/11.2.0/pdf/CUDA_C_Programming_Guide.pdf
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/ Why do we use GPUs in deep learning? \

N Y




/ Why do we use GPUs in deep learning? \

Deep Learning = Matrix Multiplication

B (4x2)
A (2x4) 2 C (2x2)
4 50 60
X o
5 6 7} 8 6 114 140
I
8

Ex2 + 6x4 + 7x6 + 8x8 = 140

\_ /
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\_

Why do we use GPUs in deep learning?

Deep Learning = Matrix Multiplication

Ce1
1 2
3 4 3 50 1 2 3 a4 4 60
5 6
7 8
1x1 + 2x3 + 3x5 + 4x7 = 50 1x2 + 2x4 + 3x6 + 4x8 = 60
Cia
1 2
3 4
7 8 5 114 5 6 7 8 6 140
7 8
5x1 + 6x3 + 7x5 + 8x7 = 114 5x2 + 6x4 + 7x6 + 8x8 = 140

S. Pratt
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\_

Why do we use GPUs in deep learning?

Deep Learning = Matrix Multiplication

E B 2]
=7 = 43 = 10 = 50
C11
=] Bl e
= 23 =91 = 34 = 106
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c

c

Why do we use GPUs in deep learning?

Deep Learning = Matrix Multiplication

oo Cel
-, EE O, EHE L, E-E E-E, E-E, EE, [-E
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= 50 = 60
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S. Pratt
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\

Note on other hardware

Many other things exist besides GPUs!

Main one is TPUs
- Even more specialized than GPUs for MM
- Made exclusively by Google, not for sale

S. Pratt
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Returning to our example...

5.48e23 FLOPs to train LIama

Nvidia A100 stats
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https://www.nvidia.com/content/dam/en-zz/Solutions/Data-Center/a100/pdf/nvidia-a100-datasheet-nvidia-us-2188504-web.pdf

Returning to our example...

5.48e23 FLOPs to train LIama

GPU A100 does 300-600 TFLOPs / sec or ~4e14

Nvidia A100 stats
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https://www.nvidia.com/content/dam/en-zz/Solutions/Data-Center/a100/pdf/nvidia-a100-datasheet-nvidia-us-2188504-web.pdf

Returning to our example...

5.48e23 FLOPs to train LIama

GPU A100 does 300-600 TFLOPs / sec or ~4e14

Total seconds = 1,370,000,000

Nvidia A100 stats
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https://www.nvidia.com/content/dam/en-zz/Solutions/Data-Center/a100/pdf/nvidia-a100-datasheet-nvidia-us-2188504-web.pdf

Returning to our example...

5.48e23 FLOPs to train LIama

GPU A100 does 300-600 TFLOPs / sec or ~4e14

Total seconds = 1,370,000,000
Total hours = 380,555

Nvidia A100 stats
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https://www.nvidia.com/content/dam/en-zz/Solutions/Data-Center/a100/pdf/nvidia-a100-datasheet-nvidia-us-2188504-web.pdf

Returning to our example...

5.48e23 FLOPs to train LIama

GPU A100 does 300-600 TFLOPs / sec or ~4e14

Total seconds = 1,370,000,000

Total hours = 380,555
Could finish training in 2 months with 256 A100s

Nvidia A100 stats
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https://www.nvidia.com/content/dam/en-zz/Solutions/Data-Center/a100/pdf/nvidia-a100-datasheet-nvidia-us-2188504-web.pdf

-

What is a GPU? \

Figure 1. The GPU Devotes More Transistors to Data Processing

Core Core

L1 Cache L1 Cache

Core Core

L1 Cache L1 Cache
L2 Cache L2 Cache

L3Cache 12 Cache

CPU GPU

Central Processing Unit Graphics Processing Unit /

https://docs.nvidia.com/cuda/archive/11.2.0/pdf/CUDA_C_Programming_Guide.pdf

S. Pratt

Lecture n- 50



$500

-

What is a GPU? \

Figure 1. The GPU Devotes More Transistors to Data Processing $1 5 000
J

Core Core

L1 Cache L1 Cache

Core Core

L1 Cache L1 Cache
L2 Cache L2 Cache

L3Cache 12 Cache

CPU GPU

Central Processing Unit Graphics Processing Unit /

https://docs.nvidia.com/cuda/archive/11.2.0/pdf/CUDA_C_Programming_Guide.pdf

S. Pratt
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Returning to our example

5.48e23 FLOPs to train Llama

GPU A100 does 300-600 TFLOPs / sec or ~4e14
Total seconds = 1,370,000,000

Total hours = 380,555
Could finish training in 2 months with 256 A100s

Nvidia A100 stats
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https://www.nvidia.com/content/dam/en-zz/Solutions/Data-Center/a100/pdf/nvidia-a100-datasheet-nvidia-us-2188504-web.pdf

Returning to our example

5.48e23 FLOPs to train Llama

GPU A100 does 300-600 TFLOPs / sec or ~4e14
Total seconds = 1,370,000,000

Total hours = 380,555
Cost $4/hour = ~$1.5 million

Nvidia A100 stats
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https://www.nvidia.com/content/dam/en-zz/Solutions/Data-Center/a100/pdf/nvidia-a100-datasheet-nvidia-us-2188504-web.pdf

Wow scaling is difficult - we need $1.5 million just to train a
65 billion parameter model!
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Wow scaling is difficult - we need $1.5 million just to train a
65 billion parameter model!

But.. the compute requirements are only one of our bounds!

Our second bound is memory

S. Pratt Lecture n- 55




How much memory?

1 parameter = FP32, FP16, BF16 = 4 bytes or 2 bytes
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How much memory?

1 parameter = FP32, FP16, BF16 = 4 bytes or 2 bytes

Model Parameters FP32 and FP16/BF16 = ~2*P 2*65 Billion bytes = 130 GB
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How much memory?

1 parameter = FP32, FP16, BF16 = 4 bytes or 2 bytes

Model Parameters FP32 and FP16/BF16 = ~2*P 2*65 Billion bytes = 130 GB

Gradients FP32 and FP16/BF16 = ~2*P 2*65 Billion bytes = 130 GB
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How much memory?

1 parameter = FP32, FP16, BF16 = 4 bytes or 2 bytes

Model Parameters FP32 and FP16/BF16 = ~2*P 2*65 Billion bytes = 130 GB
Gradients FP32 and FP16/BF16 = ~2*P 2*65 Billion bytes = 130 GB
Adam First Moment FP32 = 4*P 4*65 Billion bytes = 260 GB
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How much memory?

1 parameter = FP32, FP16, BF16 = 4 bytes or 2 bytes

Model Parameters FP32 and FP16/BF16 = ~2*P
Gradients FP32 and FP16/BF16 = ~2*P
Adam First Moment FP32 = 4*P
Adam Second Moment FP32 = 4*P

S. Pratt Lecture n- 60
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2*65 Billion bytes = 130 GB
4*65 Billion bytes = 260 GB

4*65 Billion bytes = 260 GB



How much memory?

1 parameter = FP32, FP16, BF16 = 4 bytes or 2 bytes

Model Parameters FP32 and FP16/BF16 = ~2*P
Gradients FP32 and FP16/BF16 = ~2*P
Adam First Moment FP32 = 4*P
Adam Second Moment FP32 = 4*P

(sometimes) Adam Copy of params | FP32 = 4*P
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4*65 Billion bytes = 260 GB
4*65 Billion bytes = 260 GB

4*65 Billion bytes = 260 GB



How much memory?

1 parameter = FP32, FP16, BF16 = 4 bytes or 2 bytes

Model Parameters FP32 and FP16/BF16 = ~2*P 2*65 Billion bytes = 130 GB
Gradients FP32 and FP16/BF16 = ~2*P 2*65 Billion bytes = 130 GB
Adam First Moment FP32 = 4*P 4*65 Billion bytes = 260 GB
Adam Second Moment FP32 = 4*P 4*65 Billion bytes = 260 GB
(sometimes) Adam Copy of params | FP32 = 4*P 4*65 Billion bytes = 260 GB
~1TB
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How much memory?
Params + gradients + optimizer states = ~1TB

+ Activations

o (need to store these to do backward pass)
o Scale with batch size

What's the problem?

GPU A100 has 80GB, and this is pretty close to the
best we have...
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Summary: Why scaling is hard

Compute at scale is hard

- As dataset size and model size grows, so does number of FLOPSs.
- GPUs can do a lot of FLOPs, but are $$%

Memory at scale is harder
- How do we even use these GPUs if our models don’t fit?7??
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Part 2: Parallelism

- How to get a big model on a small GPU
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Problem: Model doesn’t fit GPU 1 GPU 2
in GPU memory

Loss
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Problem: Model doesn’t fit GPU 1 GPU 2
in GPU memory

Loss Loss
Loss
| | I I
| |
W1 W1 W1
[ |
I I | |
| |
W W0 W0
0
d d d d
dO d1 | d2 d3 0 1 2 3
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Problem: Model doesn’t fit GPU 1 GPU 2
in GPU memory

Loss
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Problem: Model doesn’t fit GPU 1 GPU 2
in GPU memory

Loss Loss

Loss
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Problem: Model doesn’t fit GPU 1 GPU 2
in GPU memory

Loss
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Problem: Model doesn’t fit GPU 1 GPU 2
in GPU memory

Loss

Loss
W1

WO
W1
dO d1 d2 d3
WO
dO d1 d2 d3
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Data Parallelism Tensor Parallelism Pipeline Parallelism

Loss Loss Model Loss
Parallelism

d, || d, I d, || d, d, | | d,[|d,|]d; d, || d, || d,|]|d,
- Communicate (all-reduce) - Communicate activations - Communicate n times in
gradients after each backward pass  after each layer in forward forward/backward pass
- All gpus still need a full model and backward pass (slow) - Pipeline “bubbles” (idle gpus)

(memory issue)
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Which do we do in practice?
All of these! (and more)
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Which do we do in practice?
All of these! (and more)

Pros: We can now train big
models on big batch sizes
even with gpu memory
limitations

Cons: Communication
overhead and idle GPUs
iInvolved in parallelization
drives up our time/cost

S. Pratt Lecture n- 74



Which do we do in practice? Recall our calculation using “ideal”
All of these! (and more) GPU conditions

Llama = 5.48e23 flops

Pros: We can now train big
GPU A100 = 4e14 flops/s

modelslon big batch sizes Cost $4/hour
even with gpu memory
limitations 5.48e23/4e14

=1,370,000,000 seconds
_ _ = 380,555 hours
Cons: Communication = ~$1.5 million

overhead and idle GPUs
iInvolved in parallelization
drives up our time/cost
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Which do we do in practice? Recall our calculation using “ideal”
All of these! (and more) GPU conditions

Pros: We can now train big 'C—;'grgi ?0564822\:’1'395 /
. : =4e ops/s

modelslon big batch sizes Cost $4/hour

even with gpu memory

limitations 5.48e23/4e14
=1,370,000,000 seconds
= 380,555 hours

Cons: Communication = ~$1.5 million
overhead and idle GPUs Reality (Other reasons for
involved in parallelization this much slow down
drives up our time/cost = 1,022,362 hours  as well)

= ~ $4 million
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$4 million is so cheap by today’s standards!

The $6 Million Al Bombshell: How DeepSeek
Shook Wall Street And Al Leadership

Is DeepSeek’s claim that it built its AI models with less than $6 million real — or

misleading and calculated? Is the Chinese company telling the world tiny, unverified

https://www.forbes.com/sites/markminevich/2025/02/06/the-6-million-ai-bombshell-how-deepseek-shook-wall-street-and-ai-leadership/
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JINVIDIA

NVIDIA Corp

NASDAQ: NVDA

188.85 uso

+188.81 (472,025.00%) 4 all time

Closed: Jan 2, 7:27PM EST - Disclaimer
After hours 188.89 +0.040 (0.021%)
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Part 3: Scaling Smarter

- Making the best out of your FLOPs (Chinchilla)
- More parameters without more FLOPs (MoEs)
- Smaller parameters, bigger models (Quantization)
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Making the best out of your FLOPs (Chinchilla)

FLOPs = ~6PD

7\

How much of each?
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Making the best out of your FLOPs (Chinchilla)

FLOPs = ~6PD

7\

How much of each?

Observation: 30 billion param with 1 trillion training
token is the same number of FLOPs as 60 billion
params with 0.5 trillion tokens

Which to do?
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Making the best out of your FLOPs (Chinchilla)

|dea:
e pick a set a number of FLOPs
(6e18)

e sweep different parameter and
dataset size combos that have
this number of FLOPs

e plotloss

Hoffmann et al., "Training Compute-Optimal Large Language Models," arXiv:2203.15556, 2022.
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Making the best out of your FLOPs (Chinchilla)

3.2
ldea:
e pick a set a number of FLOPs 3.0
(6e18)

6el8

e .\‘M/
3e19 ::\\ /,

)
o

e sweep different parameter and
dataset size combos that have

Training Loss
N
(@)}

this number of FLOPs —o— 6el9 \
—0— 1e20 I - e
e plotloss 24 _e— 3e20 '\::é'/;%
—o— 6€20 N “./
22 _e¢— 1e21 b
—e— 3e21
2.0
100M 300M 1B 3B 6B 30B
Parameters

Hoffmann et al., "Training Compute-Optimal Large Language Models," arXiv:2203.15556, 2022.
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Making the best out of your FLOPs (Chinchilla)

10T
3.2 Tt
1.4T
3.0 1T
100B ¢35
)
n 2.8 6el8 p n
3 le1g L P-ege® 1 i » 100B ”
o . / ; © 10B & Pid
c 2.6 <] 3el9 RN P ,’/ £ ® % @
c \'\..d’ ©
- o 6e19 ‘ , 5 %’ " 108 o
— —o— le20 I 7 £ 1B (] oo
2.4 e
—o— 3e20 &
—e— 6e20 M P 1B
22 _@ 1e21 100M
—o— 3e21
2.0 . 100M
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Very much an active area of research!

Hoffmann et al., "Training Compute-Optimal Large Language Models," arXiv:2203.15556, 2022.
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Making the best out of your FLOPs (Chinchilla)
0
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Parameters FLOPs FLOPs

Very much an active area of research!

Hoffmann et al., "Training Compute-Optimal Large Language Models," arXiv:2203.15556, 2022.
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Making the best out of your FLOPs (Chinchilla)
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Parameters FLOPs FLOPs

Very much an active area of research!

Hoffmann et al., "Training Compute-Optimal Large Language Models," arXiv:2203.15556, 2022.
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Making the best out of your FLOPs (Chinchilla)
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1.4T
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100B ¢35
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Parameters FLOPs FLOPs

Very much an active area of research!

Hoffmann et al., "Training Compute-Optimal Large Language Models," arXiv:2203.15556, 2022.
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Smaller parameters, bigger models (Quantization)
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Recall from earlier

1 parameter = FP32, FP16, BF16 = 4 bytes or 2 bytes

Model Parameters FP32 and FP16/BF16 = ~2*P 2*65 Billion bytes = 130 GB
Gradients FP32 and FP16/BF16 = ~2*P 2*65 Billion bytes = 130 GB
Adam First Moment FP32 = 4*P 4*65 Billion bytes = 260 GB
Adam Second Moment FP32 = 4*P 4*65 Billion bytes = 260 GB
(sometimes) Adam Copy of params | FP32 = 4*P 4*65 Billion bytes = 260 GB
~1TB
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1 parameter = FP32, FP16, BF16 = 4 bytes or 2 bytes

What does this even mean?
Each bit allows us to communicate 1 piece of information.
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-145320909488958745892090210056.09099083272373626662

1 parameter = FP32, FP16, BF16 = 4 bytes or 2 bytes

What does this even mean?
Each bit allows us to communicate 1 piece of information.
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-145320909488958745892090210056.09099083272373626662

1 parameter = FP32, FP16, BF16 = 4 bytes or 2 bytes

What does this even mean?
Each bit allows us to communicate 1 piece of information.

- Sign (only ever takes 1 bit)
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-145320909488958745892090210056.09099083272373626662

1 parameter = FP32, FP16, BF16 = 4 bytes or 2 bytes

What does this even mean?
Each bit allows us to communicate 1 piece of information.

- Sign (only ever takes 1 bit)
- Precision
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-145320909488958745892090210056.09099083272373626662

1 parameter = FP32, FP16, BF16 = 4 bytes or 2 bytes

What does this even mean?
Each bit allows us to communicate 1 piece of information.

- Sign (only ever takes 1 bit)

- Precision
- Range
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-145320909488958745892090210056.09099083272373626662

1 parameter = FP32, FP16, BF16 = 4 bytes or 2 bytes

What does this even mean?
Each bit allows us to communicate 1 piece of information.

- Sign (only ever takes 1 bit)
- Precision

- Range Precision Range

\ [/

Think of the two numbers in scientific notation: -1 * 5.468e18
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Smaller parameters, bigger models (Quantization)

Sign Exponent (Range) Mantissa (Precision)
\ . |
FP32
! Y
8 Bits 23 Bits
FP16
R \ )
Y
> Bits 10 Bits
BF16
L 1 J
Y Y
8 Bits 7 Bits

https://blog.eleuther.ai/transformer-math/
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Smaller parameters, bigger models (Quantization)

LLM. int8(): 8-bit Matrix Multiplication
for Transformers at Scale

Tim Dettmers** Mike Lewis' Younes Belkada$T Luke Zettlemoyer

Note, this work specifically focuses on Inference but explains the
concept nicely

Great blog post on this topic by the LLM.int8() author!
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https://timdettmers.com/2022/08/17/llm-int8-and-emergent-features/

na

Method
—8— 16-bit baseline

Mean zeroshot accuracy

0.4

0.3
0.3

125M 350M 1.3B 2.7B 6.7B 13B 30B 66B 175B
Parameters

Great blog post on this topic by the LLM.int8() author!
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https://timdettmers.com/2022/08/17/llm-int8-and-emergent-features/

na
Method

8-bit baseline
—8— 16-bit baseline

Mean zeroshot accuracy

0.4

0.3
0.3 !

125M 350M 1.3B 2.7B 6.7B 13B 30B 66B 1758
Parameters

Great blog post on this topic by the LLM.int8() author!
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https://timdettmers.com/2022/08/17/llm-int8-and-emergent-features/

Observation: In large models, some features are very large, while
most are very small. Quantizing to maintain the large features,
causes the small features to collapse to a small number of values.

[-0.10, -0.23, 0.08, -0.38, -0.28, -0.29, -2.11, 0.34, -0.53, -67.0]

!

[-0.00, -0.00, 0.00, -0.53, -0.53, -0.53, -2.11, 0.53, -0.53, -67.00]

Great blog post on this topic by the LLM.int8() author!

S. Pratt Lecture n - 100



https://timdettmers.com/2022/08/17/llm-int8-and-emergent-features/

ldea:
- Quantize large features with 16 bits
- Quantize small value with 8 bits

LLM.int8()

N

45|-1}17|-1

—

37|-1}83| 0

NiNn|nv| oo

slwlo|Nn] L

FP16

FP16

[] Regular values
[] Outliers

Great blog post on this topic by the LLM.int8() author!
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https://timdettmers.com/2022/08/17/llm-int8-and-emergent-features/

ldea:

- Quantize large features with 16 bits
- Quantize small value with 8 bits

LLM.int8()

X 2 [as[-1f27]1 |0
o [12]3 [63 2 2|
-1[37[-1}83] 0 02W
FP16 312
-1)2
P16 16-bit Decomposition
--------------------------------------------------
1
1 (1) Decompose outliers (2) FP16 Matmul
1
— 1
45[17] \:VO XF16 \NFIG— OUtFIG L
1
[] Regular values : X |- aE
, H 37183 F16
[] Outliers : F16

Great blog post on this topic by the LLM.int8() author!
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https://timdettmers.com/2022/08/17/llm-int8-and-emergent-features/

|dea:
- Quantize large features with separate high precision
- Quantize small value with int8

LLM.iNt8()  Sltitvectormise QUantzation oo

1
]
1 (1) Find vector-wise constants: C,, & Cy (2) Quantize (4) Dequantize E
] ]
: X *(127/C,) =X :
: X 1 2«—(C r1e127/Cy) = Xy Out * (CX®CW) 5 :
H S |5 & w = = Ut ]
; 2[2]a]a 1o W (127/Cy) = W,q 127*%127 Fl6
! 3 [KoNEsi |2 01-2 !
i 1110 -1]2 6 (3) Int8 Matmul -
]
2 [as] 1171 =110 : T F1e W X W = Out i
X0123632 2°W H C 18 18 132 i
1[37[1f830 0]-2 : X ;
5 T 12 2 e
-112
P16 16-bit Decomposition

------------------------------------------------- ]

1 1

1 (1) Decompose outliers (2) FP16 Matmul E

1 ]

1 ]

H W X W_=0ut :

. 4517, F16 ~ F16 F16 L

v X [12fe3 2 i

[] Regular values : — = 3]2 :

[] Outliers : F16 wis ;

Great blog post on this topic by the LLM.int8() author!
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https://timdettmers.com/2022/08/17/llm-int8-and-emergent-features/

|dea:
- Quantize large features with separate high precision
- Quantize small value with int8

LLM.iNt8()  Sltitvectormise QUantzation oo

1
1
1 (1) Find vector-wise constants: C,, & Cy (2) Quantize (4) Dequantize E
1 1
: X * (127 =X X
E X 5 & C Fal127/Cy) 18 Out|3’§ (CX®CW) o E
' ENIE z W = = Ut ]
; 2[2]a]a 1o W (127/Cy) = W,q 127*%127 Fl6
! 3 [KoNEsi |2 01-2 !
i 1110 -1]2 6 (3) Int8 Matmul -
1
2 [as] 1171 =110 : T F1e W X W = Out i
X0123632 2°W H C 18 18 132 i
(371 fs3 0 0|2 H X i
5 T 12 2 e
-112
P16 16-bit Decomposition
e e RO T T EE PR
! (1) Decompose outliers  (2) FP16 Matmul
1
1
L) —
: 756 w Xie W5 OUt Out
! x [ 2o FP16
[] Regular values i = 32
[] Outliers i F16 e

Great blog post on this topic by the LLM.int8() author!
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https://timdettmers.com/2022/08/17/llm-int8-and-emergent-features/

Method | _—— Matches full 16-bit model!

—— LLM.int8() .’/.w
07 8-bit baseline | .'/ I~
-/ —— 16-bit baseline opo— L. .
. /T This is called “mixed
-~ A P ” .
o / | precision” and it very
3" y | commonly used
8 |
e
S / |
o 0.5 09
N |
G ,/ |
] o=
= |
0.4 |
eme
outli
0.3
\/(,s\ ’g)@\\ \:,;b ’1:‘\% b«% R RS \/«Q;b
Parameters

Great blog post on this topic by the LLM.int8() author!
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https://timdettmers.com/2022/08/17/llm-int8-and-emergent-features/

Quantization / mixed precision in training!

SmoothQuant: Accurate and Efficient
Post-Training Quantization for Large Language Models

Guangxuan Xiao "' JiLin"! Mickael Seznec? Hao Wu? Julien Demouth? Song Han !
https://github.com/mit-han-lab/smoothquant

FP8 FORMATS FOR DEEP LEARNING

Paulius Micikevicius, Dusan Stosic, Patrick Judd, John Kamalu, Stuart Oberman, Mohammad Shoeybi,
Michael Siu, Hao Wu
NVIDIA
{pauliusm, dstosic, pjudd, jkamalu, soberman, mshoeybi, msiu, skyw}Onvidia.com

Neil Burgess, Sang Ha, Richard Gri: wail
Arm
{neil.burgess, sangwon.ha, richard.grisenthwaite}Qarm.com
Naveen Mellempudi, Marius Cornea, Alexander Heinecke, Pradeep Dubey

Intel
{naveen.k.mellempudi, marius.cornea, alexander.heinecke, pradeep.dubey}@intel.com

Stable and low-precision training for large-scale
vision-language models

S. Pratt

Mitchell Wortsman*! Tim Dettmers*! Luke Zettlemoyer!? Ari Morcos'?

Ali Farhadit! Ludwig Schmidt!!3
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More parameters without more FLOPs
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More parameters without more FLOPs

Recall our compute cost of ~6PD

This means if we want a bigger model, we have
linearly more FLOPs.

However more parameters can encode more
iInformation, decrease loss...
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Idea: what if we don’t use every parameter for
every forward pass?
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Idea: what if we don’t use every parameter for
every forward pass?

OUTRAGEOUSLY LARGE NEURAL NETWORKS:
THE SPARSELY-GATED MIXTURE-OF-EXPERTS LAYER

Noam Shazeer', Azalia Mirhoseini*!, Krzysztof Maziarz*2, Andy Davis', Quoc Le!, Geoffrey
Hinton' and Jeff Dean'

2017
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Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer

. /MoE layer )
G(x),| [G(X)pq
\ 4

Shazeer et al., "Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer," ICLR, 2017.

S. Pratt Lecture n - 111




Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer

. /MoE layer

G(x),| [G(X)pq

Shazeer et al., "Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer," ICLR, 2017.
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Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer

 (FoE 1ayer ™ Y= Z; G(z):Ei(z)

G(x),| [G(X)pq

Shazeer et al., "Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer," ICLR, 2017.
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Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer

N\ Y= Z G(z)iEi(z)

Go(z) = Softmaz(x - W)

. /MoE layer

G(x),| [G(X)pq

Shazeer et al., "Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer," ICLR, 2017.
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Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer

- Mok layer I Y= Zl G(x)ZE"(x)
Cort=—SofberranrtatA
G(x),| [6(00s G(x) = Softmazx(KeepTopK (H (x),k))
H(x); = (x - W,); + noise
R Y

Shazeer et al., "Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer," ICLR, 2017.
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Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer

- Mok layer I Y= Zl G(x)zEz(a:)
Cort=—SofberranrtatA
G(x),| [6(00s G(x) = Softmazx(KeepTopK (H (x),k))
H(x); = (x - W,); + noise
"L _/ Important: Adds terms to loss

function penalizing always
choosing the same expert

Shazeer et al., "Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer," ICLR, 2017.
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Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer

- Mok layer I Y= Zl G(x)zEz(a:)
Cort=—SofberranrtatA
G(x),| [6(00s G(x) = Softmazx(KeepTopK (H (x),k))
H(x); = (x - W,); + noise
"L _/ Important: Adds terms to loss

function penalizing always
choosing the same expert

Scaled to 100 Billion params!

Shazeer et al., "Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer," ICLR, 2017.
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Switch Transformers (2022)

v2[TTTTT]

A

Add + Normalize

:' [FFN1 }[sz]i FFNaJ[FFM}
\

[FFN1 ”FFNZHFFNS‘H FFN4 | \)
;

Super similar

- Only chooses 1 expert per embedding

M % - Simplified load balancing loss
- Scalesto 1.4 T params

Router Router
A A
.8 L J
[
r—P[ Add + Normalize }(—\
Self-Attention
A A
Positional Positional
embedding E? embedding EP
x[TT1TT] x[TTTTT]
More Parameters

Fedus et al., "Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity," JMLR, 2022.

S. Pratt
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GS hard 7> MoE Transfomer Encoder

with device placement

Encoder Encoder ‘
output (shard 1) | output (shard E)
R,
= B, - Ll

7 Feed F:erard ‘ | | Feed Florward ‘ NeW type Of mOdel
? { parallelism
- Fewer communications

_[ than standard tensor
e parallelism
- No Pipeline bubble

FFN Model-parallel FFNE
i MoE bl
All-to-All Dispatch. prO el n
— == Gating|

(N/2)x

—> Add & Norm Add & Norm
f\ﬂijt;;ill Combine

{Gat}ng;——’/"
—> Add & Norm e o o —> Add & Norm
Multi-Head Devices Multi-Head
Attention L - Atteption
\__ | pevice1 / h Device E

Input embeddings + )
Positional embeddings

Input embeddings + 1
(shard 1)

Positional embeddings
(shard E)

Lepikhin et al., "GShard: Scaling Giant Models with Conditional Computation and Automatic Sharding," ICLR, 2021.
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OpenAl ©

August 5,2025 Release Product

Introducing gpt-oss

gpt-0ss-120b and gpt-oss-20b push the frontier of open-weight reasoning models

Model Layers Total Params Active Params Per Token Total Experts Active Experts Per Token
gpt-oss-120b 36 17B 5.1B 128 4
gpt-oss-20b 24 21B 3.6B 32 4

https://openai.com/index/introducing-gpt-oss/
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Lots more stuff we aren’t covering here....

For Training...

Low Rank Fine-tuning

Efficient forms of attention

Gradient checkpointing (recompute activations as needed)

For Inference...
KV Caching
Speculative decoding (use a smaller model when you can)
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Part 4: Research on a Budget

- Cutting edge research without $10 million
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We can use small models to predict big models!
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We can use small models to predict big models!

S. Pratt

Loss vs Model and Dataset Size

.. ®
..

Q...

P W e - e D P LR T PR o
g
e, oo
’ ®-...0.... L o..
L 2
o oo A 0.
107 108 109 1010

Tokens in Dataset
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We can use small models to predict big models!

Small-scale proxies for large-scale Transformer training instabilities

Looks at trends in how gradients change as
models get bigger!

Y
=
4
i o -
<< o
- e
~ N

-8 | \::‘\::‘; . .
U — - Predicted issue for large models before
Hikim garams ever running one!
[ T
0.0003 0.3
LR

Wortsman et al., "Small-Scale Proxies for Large-Scale Transformer Training Instabilities," arXiv:2309.14322, 2023.
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We can use small models to predict big models!

Standard Practice

o o N
o v O
///

Our Work

wn
§ Width
o 5.5 128
© 512
45 — 1024
—— 2048
4.0
—— 4096 f
3.5 —— 8192

-20 -18 -16 -14 -12
log,LearningRate

optimum shifts

-10

=20

-18

optimum stable ==

-16 =14 =12 -10
log,LearningRate

Yang et al., "Tensor Programs V: Tuning Large Neural Networks via Zero-Shot Hyperparameter Transfer," arXiv:2203.03466, 2022.

S. Pratt
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We can use small models to predict big models!

. $S8855S
Standard Practice Our Work
o
7.0 5.9
T O
6.5 § ;_‘E
wn 6.0 (%]
3 Directly tune large model
- 55
(o)}
=
€ 5.0
©

F 45 = -§ yl

4.0 © $S
: b=

. _ [ L

3.5 aetss optimum shifts optimum stable = = . Fo:
o
-20 -18 -16 -14 -12 -10 -20 -18 =16 =14 -12 -10 Shrink T T £
log,LearningRate log,LearningRate i une ransfer

Yang et al., "Tensor Programs V: Tuning Large Neural Networks via Zero-Shot Hyperparameter Transfer," arXiv:2203.03466, 2022.
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Using Small Models to predict Big Models

GPT-4

This report also discusses a key challenge of the project, developing deep learning infrastructure and
optimization methods that behave predictably across a wide range of scales. This allowed us to make
predictions about the expected performance of GPT-4 (based on small runs trained in similar ways)
that were tested against the final run to increase confidence in our training.

OpenAl, "GPT-4 Technical Report," arXiv:2303.08774, 2023.
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Many things used in Big Models were published on Small Models
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Many things used in Big Models were published on Small Models

RoPE
https://arxiv.org/pdf/2104.09864
1 m
X2
]
X1 X
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Many things used in Big Models were published on Small Models

RoPE SwiGLU

https://arxiv.org/pdf/2104.09864 https://arxiv.org/pdf/2002.05202

X' 7 V\m Training Steps 65,536 524,288

FFNpoLy (baseline) | 1.997 (0.005)  1.677

FENGELY 1.983 (0.005)  1.679

X5 FFNSwish 1.994 (0.003)  1.683

FFNGLU 1.082 (0.006)  1.663

\ FFNgilincar 1.960 (0.005)  1.648

X1 X1 FENgrgru 1.942 (0.004) 1.633

FENSwicL 1.944 (0.010) 1.636

FENRcLU 1.953 (0.003)  1.645
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Many things used in Big Models were published on Small Models

RoPE SwiGLU FlashAttention

https://arxiv.org/pdf/2104.09864 https://arxiv.org/pdf/2002.05202 https://arxiv.org/abs/2205.14135
Outer Loop
X', V\m Training Steps 65,536 524,288 ”*”w
FFNgeru(baseline) | 1.997 (0.005) 1.677 iixd Ml outerLoop
FFNGELU 1.983 (0.005)  1.679 EH
X2 FFNSswish 1.994 (0.003)  1.683 B g T R
FFNGLu 1.982 (0.006) 1.663 4ol ComPue ok
; FFNpilincar 1.960 (0.005)  1.648 i i i 8
X1 X1 FENawery 1.942 (0.004) 1.633 i |
FFNswicLU 1.944 (0.010) 1.636 Sl Prefeuiritd
FFNRgeqLU 1.953 (0.003)  1.645 sm(QKOV: Nxd
FIasII:I::::\OtFi’on

Plus way way more!
And we don’t even know what cool research closed-source models are using
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Summary:
- It's a great time to be an Al researcher!
- Lot’s of research opportunities at scale

- Research at small scale transfers to work at big scale
- You have all the tools to do it!
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