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Advent of LLMs

# parameters  # tokens

2020 § GPT-3 175B  300B

2021 § Jurassic-1 178B 3008
Gopher 280B  300B

2022 § Megatron-Turing 530B 270B
NLG

LaMDA 137B 168B

Table data from [1. 2. 3. 4. 5]



Problem: Resource Costs

> Training LLMs comes with a high compute and
energy cost
> (Cost increases with model size

-——

-~ ~
Model Hardware = Power (W) Hours kWh-PUE COse ,C’foud compute cost > \
Transformery,s,. P100x8 1415.78 12 27 26/ $41-$140
Transformery;, ~ P100x8 1515.43 84 201 192 $289-$981
ELMo P100x3 517.66 336 275 242 $433-$1472
BERT}4se V100x64 12,041.51 79 1507 1438  $3751-$12,571
BERT} ¢ TPUv2x16 — 96 — L $2074-$6912
NAS P100x8 1515.43 274,120 656,347 626,15‘5 $942,973-$3,201,722
NAS TPUV2x1 — 32,623 _ 1 $44,055-$146,848
GPT-2 TPUv3x32 — 168 — —  $12,902-$43,008

Table 3 from Energy and Policy Considerations for Deep Learning in NLP [6]

/



Problem: Resource Costs

> FLOPs: floating point operations

C=6ND
— (. non-embedding training compute «this is constrained

— N: number of model parameters
— D: number of tokens

> @Goal: maximize model performance by finding
optimal values for N and D



The Question C

> “Given a fixed FLOPs budget, how should one
trade-off model size and the number of training

tokens?” —N
—D
NOpt(C)J DOpt(C) - argmin L(N) D)

N,D s.t. FLOPs(N,D)=C



Power Law (Before Chinchilla)

> Scaling Laws for Neural Language Models, Kaplan et
al. U]

> Power-law relationship between training test loss

and:

— C: non-embedding training compute
— N: number of model parameters

— D: number of tokens

Example Power Curve



https://arxiv.org/abs/2001.08361

Power Law (Before Chinchilla)

> Large models should not be trained to their lowest
possible loss

Line color indicates
number of parameters

108 108 109

Test Loss 10

Compute-efficient
training stops far
short of convergence

107 109 101 109 106 103 100
Tokens Processed Compute (PF-days)

Figure 2 from Scaling Laws for Neural Language Models[/]



Power Law (Before Chinchilla)

> |f doubling N with a fixed batch size, increase D by
1.7X

> |f doubling N with a compute-efficient batch size,
increase D by 1.3x
In other words:

N«C’”? and De«C%%



Key Contribution
> N and D should scale equally

~0.50 ~0.50

N<C** and D«C*?

— many past models can be reduced in size



Deep Dive: 3-Pronged Approach

> Approach 1: fix N, vary D
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Figure 2. Training curve envelope.
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Deep Dive: 3-Pronged Approach

> Approach 2: IsoFLOP profiles
(Fix C, vary N and D)

Training Loss
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Figure 3. IsoFLOP Curves.
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Deep Dive: 3-Pronged Approach

> Approach 3: Fit a parametric loss function

— Estimate parameters using the optimization algorithm
L-BFGS

LA(ND)AE+A+B
777 N« DP



Deep Dive: 3-Pronged Approach

NOC(C? and DOC(C?

& b
Kaplan et al. 0.73 0.27
Approach 1 0.50 0.50
Approach 2 0.49 0.51
Approach 3 0.46 0.54




Deep Dive: 3-Pronged Approach

“current large language models are significantly undertrained”

1T
—— Approach 1
1008 —— Approach 2
- —— Approach 3
% 10B === Kaplan et al (2020)
g ¥ Chinchilla (70B)
£ 1.08 ¥ Gopher (280B)
% GPT-3(175B)
Y Megatron-Turing NLG (530B)
100M

4
10Mg17 101° 102 1023 1025

FLOPs
Figure 1. Models with scaling law predictions. [8]



Before Chinchilla: Gopher

> 280B parameters
> 300B training tokens




Chinchilla

> Decreases N by 4x
and increases D by 4x

> 2868 /0B parameters
> 3008 1.4T training tokens
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> Chinchilla performs better across the board,
including on downstream tasks

Performance: Chinchilla vs. Gopher
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Figure 5. Pile Evaluation with bits-per-byte improvement. [8]



Performance: Chinchilla vs. Gopher

> Less affected by bias and toxicity than Gopher

Chinchilla | Gopher

All 78.3% 71.4%
Male 71.2% 68.0%
Female | 79.6% 71.3%
Neutral | 84.2% 75.0%

Table 10: Winogender results showing pronounce resolution. [£]



Impact & Response

> Debates on general applicability of scaling laws
— PaLM 2: “We validate this study for larger amounts
of compute and similarly find that data and model size
should be scaled roughly 1:1" "]

Dopt ~ C”b, b=0.51
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PalLLM Technical Report Figure 5. [9]



Impact & Response

> Debates on general applicability of scaling laws

— DeepSeek presents a new scaling law:~

.52 .46
M°<CO and D°<C0 (M = FLOPs/token)
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Impact & Response

“This calls for ... a high focus on dataset quality.”

> DeepSeek
(1) confirms dataset quality matters

(2) shows higher data quality means more compute should be
allocated to model scaling

Avproach Coeff. a where Coeff. b where

PP Nopt(Mopt) oc C7 Dopt o< P 4?
OpenAl (OpenWebText2) 0.73 0.27 S
Chinchilla (MassiveText) 0.49 0.51 S‘
Ours (Early Data) 0.450 0.550 2
Ours (Current Data) 0.524 0.476 20
Ours (OpenWebText2) 0.578 0.422 \ A

Table 4 on scaling coefficients from DeepSeek. [19]



Impact & Response

> Brought more attention to importance of dataset
size... along with some worries:

tokens? How much text data is there, exactly?

2. are we running out of data?

T+ 20 Losnsntvatin~slsy hawd £4

Will we run out of data? An analysis of the limits
of scaling datasets in Machine Learning

From LessWrong [10]

Pablo Villalobos*, Jaime Sevilla*, Lennart Heim*?, Tamay Besiroglu*i, Marius Hobbhahn ‘1], Anson Ho*

Some sorts of a rebuttal. [11]
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What happens when we run out of tokens?

—— Extrapolation based on compute
—— Extrapolation from trend
- Stock of data (90% ClI)
------- Stock of data (median) Y S e
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Fig. 1 (centre) from [11]
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What if we are working in a data-constrained domain?

Figure 1 from [12]



How to scale further data-constrained settings?

1. Repeat data (multiple epochs)
2. Add non-natural-language data (e.g. code)
3. Include “lower-quality” data (e.g. remove filters)



How to scale further data-constrained settings?
1. Repeat data (multiple epochs)

3. Include “lower- quallty data (e.g. remove filters)



test loss

Repeated data considered harmful

3.4+ B —o- Parameters
3.2 —e— 1,570,000

3 e e e—m T, —+—5310,000
L e, o o e THEROT0G
281 e * — Unique Dataset

Training Composition

= —e— 42,500,000 S
g (one epoch)
2‘6_ s . 4/‘\‘“—. ® 101,000,000 g
o - - 197,000,000 S
241 o & @ 4”//4\'“—0 340,000,000 §
805,000,000
2.2
2 ~2x model size reduction S E Repeated Dataset
T T T ‘g 2 (many epochs)
1 100 10k rlf

epochs on repeated tokens

Figure 2 (left) from [18]



But is repeated data actually bad?

Validation Loss

Figure 6 from [13]
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Given a fixed FLOPs budget, how should one trade-off
model size and the number of training tokens?

Given a fixed FLOPs budget and fixed amount of
distinct data, how should one trade-off model size and
the number of epochs?



Strategy: Parametric model

Take chinchilla model and augment for repeated data!

LINU)= %+ +E



Modelling repeated data

Data utility as exponential decay:

D’=U;+(1—cE)U—I—(1—5)2U—|—---+(1—5)R‘DU

/

“effective” unique decay number of
tokens tokens rate repetitions

“effective tokens” = Repeating U tokens R, times is
roughly the same as having D’ unique tokens.



Modelling repeated data

Data utility as exponential decay:

D’=U;+(1—cE)U—l—(1—5)2U—|—---+(1—5)R‘DU

/
“effective” unique decay number of
tokens tokens rate repetitions

Using sum of a geometric series:

/ 1—(1-6)%D
D =U + (1-§)ui=0=2r")

We could directly estimate §, but the paper goes further to define
it in terms of “optimal number of repetitions”



Modeling repeated data

Define R, ~=‘'maximum useful number of repeats’

/ 1—(1-6)%D
D =U + (1 —¢§)yi=01=0"")
=U+4U-R}-(1—e Bo/RD)

R* = 0 — repeated data is useless
R* = » — repeated data is as good as new data



Modelling repeated parameters

We perform the same steps for ‘repeating parameters’
to model how excess parameters behave, yielding a

similar equation: actual
number of
. RN/ repetitions
e R*%
(Un +UnR3(1—e N ))
/ \
unique optimal
params repetitions
~= for params
“optimal”

parameters



Modelling repeated data and parameters

Recall chinchilla “law”:
LINNU)= %=+ Z +E

Now we have a way to represent ‘effective’ parameters
and data, we replace N, U with those:

A B
L(UN,UD,RN,RD) =Em + =T + B
(UN-I-UNR (l—eRTV ))O‘ (UD-i-UDR (l—eRD ))ﬂ
unique repeated (14)
params/ params/

data data



Fitting our model

We set A B, a, B, U,, using the chinchilla law, then learn
the optimal repetitions for parameters and data:

A B
L(UN,UD,RN,RD) =Em ~+ i.D_ + FE
(Un +UnRy(1—e "~ )2 (Up+UpR%H(1—e ©b )P
(14)
14
L(Up, Ry, Rp) = L 4 i +1.87

(Un +5.3-Un(l —e58°))035  (Up+15.4-Up(1l — e 152 ))0:35

where Uy = Up - 0.051
(17)



Fitting our model

R, ~=15.4

R, ~=5.3

15 epochs before we see rapidly diminishing returns.
5x larger model before we see rapidly diminishing returns.

Suggests scaling epochs quicker than model size.



Experiments: Fixed Compute Budget

Allocating compute when repeating
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Experiments: Fixed Data Budget

Parameters

Empirical IsoLoss Contours

Predicted IsoLoss Contours
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Experiments: Return on scaling

Return on compute when repeating
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Alternative strategy: Data augmentation

¢ Having up to 50%
= of your data be
=24 code doesn't hurt
ﬁ performance!

& 22
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; 2 Strategy

EfrroggTaasTse not g’ Repeating data

perplexity/lo’ss g 161 =@= Filling missing data with Python code x
Z Perplexity-filter then repeat

vl Y% Deduplicate then repeat
100% 50% 25% 10%

Data Budget



Impact

We have effectively 8x more data:

> Double dataset size by adding code
> Repeat for 4 epochs

...and more gains possible if you keep training.

> what about about memorization...?



Impact
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Empirically, we have repeated some data

Quantity Weight in

Epochs elapsed when
training for 300B tokens

Dataset (tokens) training mix
Common Crawl (filtered) 410 billion 60%
WebText2 19 billion 22%
Booksl1 12 billion 8%
Books?2 55 billion 8%
Wikipedia 3 billion 3%

0.44
2.9
1.9

0.43
3.4

Table 2.2 from [1], showing the training mix used for GPT-3



Empirically, little overfitting
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Modelling repeated data
We define R* = 1=¢

Why? So as R, goes to infinity, D" goes to U + RD*U.

/ 1—(1-6)ED
D =U+(1-6)Ui=1=0"")

We assume 6 is small, and get two approximations:

1/Rp =255 ~6 e '~1—0



Modelling repeated data

We assume 6 is small, and get two approximations:

1/Rp = 155~ 0

Therefore:

(1-0)~ed~e VD

e O ~1—9

Recall:

* __ 1—9¢
RD——5

And now we can directly modify our original equation:

D =U+(1- 5)U(1—(135)RD) =U+U-R%-(1—e Br/Eb)




What do we fit on?

Training compute

Model size

Training data

(FLOPs) (# parameters) = (# tokens)
9.3e20 2.8B 55B
2.1e21 4.2B 84B
9.3e21 8.7B 178B

+ ~300 miscellaneous runs

For each setup, train 8 models with
different amounts of unique training
data that is repeated

All GPT-2-style decoder-only models with cosine LR decay. No early stopping. Using C4.
Figure from Sasha Rush’s talk on the paper (https://www.youtube.com/watch?v=Kp5R6GZh800)




What do we fit on?

Figure 2: Dataset setup. We ensure that
runs using less data (more epochs) al-
ways use a subset of the data used in
runs with more data (fewer epochs).



Experiments: Fixed Data Budget

400 million unique tokens
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Fitting our model

We set U, as the optimal number of parameters for U,
and our compute cost based on the chinchilla laws.

o
Uy =min{({Up - G)?/*)-G,N} where G = (aA)

BB
We then find A, B, a, B by fitting on the original chinchilla
laws. This is done on experiments on C4 and gives:

521 1488

L(N,D) = 1.87 + N0353 T ])0.353




