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“Emergent” abilities in LLM
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LLMSs are (few-shot learners (and larger Is better!)
-
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LLMs are few-shot learners (and larger is better!)
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LLMs are few-shot learners (and larger is better!)
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LLMSs are few-shot learners (more training is better too!)

Accuracy (%)
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Google BIG-BENCH benchmark @

Consider a single Model Family e.g. PaLM ‘\(?'\\u/ /

Let &, be the scale of one family member e.g. PaLM-540B aﬁé’\(ﬁ;’:\ L.;c\’)

Let Yn be the family member’s score on some Task and Metric
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LLMs “seems” to get more intelligent with the following:

NT: scale w/o bottleneck

Amount of training data
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Model size (parameters)

[Z5)) Amount of compute (or time)
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/\ /," "4 \/
ﬂ FLOPs (Floating-point Operations)
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Recap on Parameter size & FLOPs
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Emergent abllities are unpredictable
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If that's true, we never get to know the following:

e Which abilities (and when) exactly will emerge?
e \What controls the trigger?

e Can we make desirable abilities to emerge faster?

e Can we make undesirable abilities to be suppressed?

LLMs: Scaling Laws g Sourish Dasgupta



Is the value of scaling laws only in predicting?
e How much return for a given compute (resource) budget?

e How to allocate the compute budget - model size vs.
dataset size?
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Can there be a curve that fits “emergence”? Intuition

Input: x; ..x, ~ N(u, c?)

Task: estimate the average as i = LiXi

What’s the error? By standard arguments..

E[(ﬁ - mﬂpﬂ

This is a scaling law!!

\' “Tog(Error) = —logn + 2logo 7
— )
v
More generally, any polynomial ras a scaling law
law~

P

Source: CS-324, Stanford Universit /
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https://stanford-cs324.github.io/winter2022/assets/pdfs/Scaling%20laws%20pdf.pdf

What about fitting “emergence” in non-parametric setting

Neural nets can approximate arbitrary functions. Lets turn that into an example.

Input: x; ... x, uniformin 2D unit box. y; = f(x;) + N(0,1)

/
Task: estimate f(x) (_\/.T’-V:’J)V

Approach: cut up the(?) space into boxes with length/n ™+ Javerage in each box

What’s our estimation error?
Informally, we hav n boxes;®ach box gets \/n samples. ]

Error ~ — ¥(other smoothness term’sj/— dr

In a- imensions, this becomes Error = n~ @ This means scalingisy = — Ex +C

Takeaway: flexible ‘nonparametric’ learning has dimension dependent scaling laws.

Source: CS-324, Stanford University

Sourish Dasgupta
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https://stanford-cs324.github.io/winter2022/assets/pdfs/Scaling%20laws%20pdf.pdf

=
2020 ANV (CS); oy Vs @ Openal

What if the loss-drop (i.e., emergence) follows power-law?

y = ax*k > Power Law: can be -ve .
= et
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Amount of compute (or time)

min

L(Cin) = (C?in/m\% amin  0.050, C™" ~ 3.1 x 10° (PF-days)
|

LLMs: Scaling Laws g Sourish Dasgupta



=
2020 ATXIV (€S);  1yuns Veorkss @ Openal

A more reliable version: oy~ (%) 1
, min Parameters | Data | Compute | Batch Size
L(Cé@) = (C""/Crain) © Optimal | o C. | Fixed
aB™ ~ 0.050, C™" ~ 3.1 x 10° (PF-days) )L VS. Low
Cruin (C Font ' ﬂ;
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K Y T
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e Ll ! ap min
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Kaplan Laws
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2020 ATXIV (€S);  1yuns Veorkss @ Openal

We are in luck! Turns out that scale is predictable
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=
2020 ANV (CS); oy Vs @ Openal

Observation l1a: Universality of Overfitting
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| @
2020 Arxiv (€8); oy Horkins - @ OpenAl

Observation 1b: Sample Efficiency

Loss vs Model and Dataset Size
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=
2020 ATXIV (€S);  1yuns Veorkss @ Openal

Key takeaway 1: Both parameter and dataset to be scaled

- Overfitting
0.4 Data_Size
£03 S e
[} e 172M
202 S
- 0.1 - 'l;(?n
0.0 \
i
Performance penalty is N®> / D .
e if model increase dataset must increase

l —

Both needs to be scaled together

LLMs: Scaling Laws




=
2020 ATXIV (€S);  1yuns Veorkss @ Openal

Observation 2: What about training time (steps & FLOPS)?

Performange vs Compute Budget
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2020 Arxiv (€8); oy Horkins - @ OpenAl

Key takeaway 2: Universality of training

) ()

A d eyt
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Are we only to worry about

=

Amount of training data

Model size (parameters)

Amount of compute (or time)
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=
2020 ANV (CS); oy Vs @ Openal

Key Takeaway 3. Model shape does not matter!

Loss Increase

/
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2020 ANV (CS); oy Vs @ Openal

Key Takeaway 4. Embedding matrix does not matter!
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2021 Arxiv (cs); Jomﬁ}i:c'wmm @ openal

Key Takeaway 5. Dataset/'compositioi does not matter!
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2020 Arxiv (cs);

il
JOHNS HOPKINS @ openal

Kaplan Scaling Laws at a glance:

Power Law

Scale (tokenization-dependent)

ay = 0.076

N, = 8.8 x 10" params (non-embed)

ap = 0.095

D. = 5.4 x 10" 1okens

ac = 0.057

Ce = 1.6 x 107 PF-days

Parameters | Data | Compute | Baich Size | Equation an = 0.050 (';"'“ = 3.1 x 10® PF-days
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— ag = 0.76 . = 2.1 x 10% st
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Optimal oS 4 Fixed L(C) = (C./C)"® (naive)
‘\:‘-‘Ibl U'J'Irl I‘-'.v!ui.:u B < Hq rit L I:'i-r.w!ui:u:l - {r':”i“ Ir.‘mi"}”:m“
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Is there any other alternative law?
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f Lowerbound
N. D, ol o

Loss(Np,D) = — + % ¢

\ —= D? - U wb”’”‘b'v'

Chinchilla (Hoffman) Scaling Law
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2022 NeurIPS, ODeepNﬁnd

The Chinchilla (Hoffman) Scaling La
iInchilla ( ) Ing W// ——_

N. D. / 406.4  410.7
Loss(Np, D) = Ne + 55 +E L(N, D) %{11\69 = 034 =a DO'2;
Nopt (C) C/6 Doy (C “1(c/6)°
aA o7 [3 o
where Gz(B_B) a=a+6 b=a+5
Fitting the constants, yields: (@ ~ @ 5 ’,"“‘117 >
(' i.e. equal scaling of N and D. ] =
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2022 NeurIPS, ODeepNﬁnd

Chinchilla Scaling Law vs. Kaplan Scaling Law

K 1 N {)n‘) /Performance penalty is N> /D A \
ap an \ E \E)“‘ « if model increases 8x, dataset must increase 5x

Chinchilla: N CT
pa/im(l-;v W Hebhx - \ i.e. equal scaling of N and D. /

Nt =|Ng M+ N\g, Cr=6NrD=6(Ng+ N\g)D, \"7

Ng = (h +@{)d, C\p = 6N\gD.

o ot ©

Fitting the constants, yields: o ~ 3
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2024 Arxiv (cs); Z EPOCH Al

The (revised) Chinchilla Scaling Law V%)

1.82

2115. >

/\

L(N

406 410 7
NO 34 DO 28
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Is It a problem with our point-of-view?

YOU'VE GOT
IT WRONG
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LLMs “seems” to get more intelligent with the following:

=

~\

Amount of training data

Amount of compute (or time)

LesV) = (T’

¢
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2023 NeurlPS;

Motivation: Not all metrics score same (Emergence Score)

accuracy
alignment_score
average
average_log_probability
avg acc

bias_level

-

-.-iag"

bleu

bleurt

bleurt_diff

combined_bias

correct

cormrect_prob_mass
custom_score
difference_score
exact_str_match

f1

fairness

full

gender_bias_score
gender_minerity_bias_score
gender_minority_stereotype_score
gender_stereotype_score
log10_p_dev

log_likelihood

macro_fl
main_werds_match
mean_accuracy
multiple_choice_grade
normalized_aggregate_score

ﬁt*atv

ir

-

Metric

-

T8

numeric_match_with_0_1_relative_error
overall

overall gender bias

overall_alpha_avg

overall_difference

pair-wise-accuracy

relative_score

rougelsum

sequence_fl

targets_reached
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X

-
3
3
-

200

300

Emergence Score

N
-/nayn)}n_l>

% of Metrics with >1 Model-Task Pair
Exhibiting Emergent Abilities

0.26% (4)

89.74% (3

400

500
Emergence Score (Defined in Srivastava et al. 2022) Over All BIG-Bench Tasks

rcsm

sign(arg max; y; — arg min; y; )(max; y; — min; y;)
vMedian({(yi — yi-1)%}:)
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2023 NeurlPS: 5

Is your accuracy metric non-linear or discontinuous? b T -
> 92% ol@g—BENy . |
N T J_/ o

Multinle Choice Grade def if hlghest probablllty mass on correct %
P 0 otherwise

Exact String Match =
et B 0 otherwise

e
/

16.42% (11)
match
.99% (2)
ed_aggregate_score
a8 (3) J}
o

Too challenging for smaller models!
Is it really worth??

def {1 if output string exactly matches target string

LLMs: Scaling Laws g Sourish Dasgupta



2023 NeurlPS: S

Y PR
I 10
Power Law in play! q\M// “{W :

\

10°

Lce (Per-Token)
C = exR(-CE(N))

1072 - |

10° 1010 101
Model Parameters

S g,MVQ -

Bl
L(DO’N)=BO+W+"'

Length of O 10 10 0
g N (Number of parameters)
—_—
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2023 NeurlPS: S

Problem with Non-linear Measure: Eg.: Exact string match

Task: Add k-digit integers / 1 if all K+1 digits in model’s output are correct

—_——

Z 1.0 Published £
== Target Str Len O otherwise
0.8
A ] 4 _— > | ' » (‘

>10.6 1):(\) —(‘)\])(— (\/() )

§ :

= )

|9

£|0.4 ‘

num. of tokens

Accuracy(N) = py (single token correct) —===<
L e~

I
10%° 10t
Model Parameters
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2023 NeurlPS: S

Change of perspective: Measure: Edit distance

Task: Add k-digit integers

el |

10° 1010 1011
Model Parameters

LLMs: Scaling Laws

1 if all K+1 digits in model’s output are correct

O otherwise

b+ (N) = exp ( - (‘\'/(.)n)
¢

Edit Distance(/N) ~ L (1 — pn (single toke correct))
(V) L — pn (single token

£ =

Sourish Dasgupta




2023 NeurlPS: S

P
Problem with Discontinuous Measure: Eg.: MCG

1 if highest probability mass on correct option

0O otherwise

Q
©
o
O
9
@)
S LY AT/ A\
i P+ (N) = exp ( —- (N/e) )
o
5
s

Num. Choices " L

00 L~ 2 ——
10° 1010 1011

Model Parameters

Sourish Dasgupta
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2023 NeurlPS: S

Change of perspective: Measure: Brier Score

Task: Choose one of two 1 if all K+1 digits in model's output are correct

— Published L-~.cv=:ﬁ\ Abdlivy

0 v{'\\'ﬂ

O otherwise

Accuracy

b+ (N) = exp ( - (‘\'/(.)n)
¢

Brier Score = (1 - probability mass on correct option)?

I
w

- Number of Inc¢
|
S

J

| -
1010 1011
Model Parameters

Sourish Dasgupta
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2023 NeurlPS: S

Prediction: P vS. Near-Linear counterpart

'\_ﬁ [ —
/ ———
1.0 Target Str Len
1
0.8 "- 2
. - 4
g %o — 5
5
|9
Lo4
Vi 2
//
0.2 // o
= '.F'.L‘."'.”

102 102 101t 10° 1010 101t
Model Parameters Model Parameters
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2023 NeurlPS: 5

Results on GPT3.5/3: Task: 2-digit integer multiplication

0
1.0 Target Str Len
1
2 -1
0.8 3
4 o
5 g =2
(0]
> 0.6 Temp @
@ 0.0 a
= =3
= --- 1.0
g 3
< 0.4 c
9
S —4
0.2
=5
0.0 g ‘ |

10° 1019 1041
GPT-3 Model Parameters
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2023 NeurlPS: 5

Does the claim work for Google BIG-BENCH benchmark?
Published Emergent Abilities with Metri ./7 s

shot = 2

~— P — logical_args
—— sports_understanding
—— swahili_english_proverbs

o
o

=3
v

Multiple Choice Grade
°
=

-

03

0.2

01 |

10° 10%° 10' 10° 10'° 10"
Effective Model Size Effective Model Size
No Emergent Abilities with Metri - Brier Score task
—— irony_identification
shot = 3 —— logical_args
—— sports_understanding

-0.10 —— swahili_english_proverbs

-0.15

-0.20
o
g -02s
£ -0.30
@

-0.35

-0.40

-0.45

10? 10%° 10! 10° 10%° 10"
Effective Model Size Effective Model Size
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Key Takeaways

e \Want to predict without the theatrics? Choose a metric that’s “soft”
(in the continuous sense)

e There’s no sudden jump in reality (“most” can be predicted on a
near-linear scale)

Emny need the power law of scale? Maybe not! )

LLMs: Scaling Laws g Sourish Dasgupta
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