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CNN

Bahdanau
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Transformer

Long-Term ..
Parallelization
Dependency
Limited, due to
Poor, due to '
sequential
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Flexibility for

Computation Length
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parallelizable typically requires
operations fixed-size inputs

Slow, especially for Flexible for both
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parallelizable
operations
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Gradient Flow Complexity
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In-context Learning

* In-context Learning: AisX; BisY; Please answer: Cis__ ?

Demonstrations
Circulation revenue has increased by 5% in Finland. \n Positive
Panostaja did not disclose the purchase price. \n Neutral

Paying off the national debt will be extremely painful. \n Negative
The acquisition will have an immediate positive impact. \n

Test input E
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In-context Learning

Circulation revenue has increased by 5%
in Finland. // Positive

Panostaja did not disclose the purchase
price. // Neutral

Paying off the national debt will be
extremely painful. // Negative

The company anticipated its operating
profit to improve. //

U |

Positive

Circulation revenue has increased by
5% in Finland. // Finance

They defeated ... in the NFC
Championship Game. // Sports

Apple ... development of in-house
chips. // Tech

The company anticipated its operating
profit to improve. //

N |

Finance




In-context Learning

* Pretraining & Finetuning are costly when adapting to a
specific task

— And impossible to cover all usecases.
* |In-context learning enables LM to learn during inference.

Question Musician and satirist Allie Goertz wrote a song about the "The Simpsons"
character Milhouse, who Matt Groening named after who?
Thought 1 The question simplifies to "The Simpsons" character Milhouse i1s named after
who. I only need to search Milhouse and find who it is named after.
Action 1 Search[Milhouse]
Observation 1 Milhouse Mussolini Van Houten is a recurring character in the Fox animated
Context-induced television series The Simpsons voiced by Pamela Hayden and created by Matt

Groening.
The paragraph does not tell who Milhouse is named after, maybe I can look up
"named after".

Agent actions Thought 2

Action 2 Lookup [named after]

Observation 2 (Result 1 / 1) Milhouse was named after U.S. president Richard Nixon, whose
middle name was Milhous.

Thought 3 Milhouse was named after U.S. president Richard Nixon, so the answer is
Richard Nixon.

Action 3 Finish[Richard Nixon]



LLM Learning vs. Traditional ML
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Representation Learning

« "You shall know a word by the company it keeps.” —John Rupert Firth
« Learn static word representations

wit-2)  wit-1) wit+1)  w(t+2)

N/

wit)

Apple vs. Apple?

080203 | ... 00|00
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Transfer based Representation Learning
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In-Context Learning

* Previous Deep Learning
— Learning from supervised signals
— Through parameter gradient descent

Circulation revenue has increased by 5%

® In'ConteXt Learnlng in Finland. // Positive

Panostaja did not disclose the purchase

— Learn from Analogy price. / Neutral

Paying off the national debt will be
extremely painful. // Negative

The company anticipated its operating
profit to improve. //

Circulation revenue has increased by
5% in Finland. // Finance

They defeated ... in the NFC
Championship Game. // Sports

Apple ... development of in-house
chips. // Tech

The company anticipated its operating
profit to improve. //

11



In-Context Learning

» Task description (Optional)
« Examples (Demonstrations)
* Prompt (Question / Problem)

Translate English to French:
sea otter => loutre de mer
peppermint => menthe poivrée
plush girafe => girafe peluche

cheese =>

task description

examples

prompt

12



Why In-Context Learning Works

* A mysterious emergent behavior in large language models (Intuitively)

« Language model uses the in-context learning prompt to “locate” a
previously learned concept to do the in-context learning task

Circulation revenue has increased by 5%
in Finland. // Positive

Panostaja did not disclose the purchase
price. // Neutral

Paying off the national debt will be
extremely painful. / Negative

The company anticipated its operating
profit to improve. //

Infer & retrieve
concept

Finance news
sentiment

Circulation revenue has increased by
5% in Finland. // Finance

They defeated ... in the NFC
Championship Game. // Sports

Apple ... development of in-house
chips. // Tech

The company anticipated its operating
profit to improve. //

Infer & retrieve
concept

News topics

13



Context Construction

* How to select examples
— Correctness of Examples
— Varying the Number of Examples
— Impact of input-output mapping
— Bias In context examples
* How to design examples
— Sensitive to the format of examples
— Chain of thought

14



Capacity of LLMs

* In-context Learning: AisX; BisY; Please answer: Cis__ ?

Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French: task description

sea otter => loutre de mer examples
peppermint => menthe poivreée

plush girafe => girafe peluche

cheese == prompt

—

Accuracy (%

Zero-shot

One-shot Few-shot

175B Params

Matural Language
Prompt

\

20
40

30 No Prompt

13B Params
20

10

1.3B Params

Number of Examples in Context (K)

figure credit: GPT-3 15



Capacity of LLMs

e In-context Learning: Ais X; BisY; Please answer: Cis__ ?

Circulation revenue has increased by 5% in Finland. \n
Panostaja did not disclose the purchase price. \n
Paying off the national debt will be extremely painful. \n
The company anticipated its operating profit to improve. \n

-

Positive m

Circulation revenue has increased by 5% in Finland. \n
Panostaja did not disclose the purchase price. \n
Paying off the national debt will be extremely painful. \n
The company anticipated its operating profit to improve. \n

v

i

Positive m

UW, Meta, Allen4Al. Rethinking the Role of Demonstrations: What Makes In-Context Learning Work?

Positive

Neutral  5round Truth
Negative

Vs

Neutral

Negative Random Labels
Positive

16



Prediction using three LMs with varying size.

* In-context learning performance drops only marginally
when labels in the demonstrations are replaced by random
| ab e | S . 65 Classification

60 No Demos Demos w/ gold labels Demos w/ random labels
~55
=S
~— 50
I
& 45
g
S 40
2 35
30
25
MetalCL (774M) GPT-] (6B) GPT-3 (175B)
75 Multi-choice
70 No Demos Demos w/ gold labels Demos w/ random labels
—~ 65
S
=~ 60
&
@ 55
5
0 50
Q
<45
40
3 MetalCL (774M) GPT-] (6B) GPT-3 (175B)
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Is the result consistent with varying k?

 First, using the demonstrations significantly outperforms the
no demonstrations method even with small k (k = 4)

* |[CL i1s beneficial mainly for supervising the label space, and
other components are easier to recover from the data
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k
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Signals for In-Context Learning

* The input-label mapping, the distribution of the input text,
the label space, the format

Demonstrations  isy,ibyrion of inputs Label space
Circulation revenue has increased by 5% in Finland. \n Positive
Format
Panostaja did not disclose the purchase price. \n Neutral (The use
Paying off the national debt will be extremely painful.  \n Negative Of pairs)
V\ / .
Test example Input-label mapping

The acquisition will have an immediate positive impact. \n ?

19



The Input-Output Distribution

 Derivation of input examples
— Sampled from downstream training data related to the prompt
— Randomly sampled from an external corpus,

—
|Circulation revenue has increased by 5% in Finland. \n Positive |
| Panostaja did not disclose the pruchase price. \n Neutral |
| Paying off the national debt will be extremely painful. \n Negative |
_The company anticipated its operating profittoimprove. '\ _ _ |
_————— e ——
|Color-printed lithograph. Very good condition. \n Positive |
IMany accompanying marketing ... meaning . \n Neutral

In case you are interested in learning more about ... \n Negative |

—— Y -  — —— — —  —_—_ Y —_ —_ T P e e e e = J

20



The Input-Output Distribution

* In-distrubution examples vs. Out-of-distribution examples

60 Classification
55
~ 50
I 45
%40 FLI M
S 35 Gold labels SIS
2 30 Random labels KX
25 ‘ ‘ , , Random English words v X v X
Direct MetaIlCL Channel MetalCL Direct GPT-] Channel GPT-] No demonstrations XX XX
60 Multi-choice
- F: Format
S L: Label space
> I: Input distribution
é 40 M: Input-Label Mapping
g 35
< 30
25

Direct MetalICL Channel MetalCL Direct GPT] Channel GPT]
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Impact of Format

» without keeping the format are overall not better than no
demonstrations

60 Classification
355
— 501 FLI M
LT‘_'I_. 45 Gold labels v
© 40 Random labels /KX
g 35 OOD + Random labels v v X X
2 30 lJ B I I M Random labelsonly X v X X
" Direct MetalCL Channel MetaICL Direct GPT] Channel GPTJ Random English words v X v/ X
] . M No labels XX /X
60 Multi-choice No demonstrations X XXX
:—\5 55
< 50 F: Format
%’45- L: Label space
5 40 IJ I: Input distribution
O 35- IJ I_I M: Input-Label Mapping
< 30-
25

Direct MetalCL Channel MetalCL Direct GPT-] Channel GPT-]
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Capacity of LLMs
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Emerging In-Context Ability in Large Models

» Large language models follow in-context instructions better
— Can learn context mapping and override prior knowledge
— Can flip prediction with flipped/semantic-unrelated in-context labels

Regular ICL Flipped-Label ICL
Natural language targets: Flipped natural language targets:
{Positive/Negative} sentiment {Negative/Positive} sentiment
Contains no wit [...] \n  Negative Contains no wit [...] \n Positive
Very good viewing [...] \n  Positive Very good viewing [...] \n Negative
A smile on your face \n A smile on your face \n
| '
Language Language Language
Model Model Model
v v v
[ Positive ] Ilgnore [ Positive ] [ Negative ] Override

Context semantic priors



Emerging In-Context Ability in Large Models

- Small models remains relatively flat and does not below random

guessing

- Large models experience performance drops to random guessing

Pal.M

0 25 50 75 100
% flipped labels

—— PalLM-540B
Pal. M-62B
Pal.M-8B

- - - Random

25



How to Select Examples

* The same example-prompt distribution Is important
— Correct label space

* More examples generally bring benefits
—Not absolute
—Also requiring longer context

» Correct label further benefits
» Overcome bias In In-context learning?

26



How to design examples

* How to better elicit the (reasoning) abilities of LLM
through in-context prompting?
—Chain of thought Prompting (CoT)
— Self-Consistency

— Least-to-most Prompting

27



Struggle of Few-shot Prompting

» Traditional few-shot works poorly on tasks that require
reasoning abilities

— simple Input—output pairs
Standard Prompting

Model Input

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

* Natural language rationales could benefit reasoning.
— Gene reasoning path instead of the answer only

28



Chain-of-thought (CoT) .
* Enable LMs to generate intermediate reasoning (rationale

« Paradigm shift of task format
— [input] = [output] | > [iInput] = [Rationale] - [output]

Standard Prompting Chain-of-Thought Prompting
Model Input Model Input
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?
A: The answer is 11. A: Roger started with 5 balls. 2 cans of 3 tennis balls

each is 6 tennis balls. 5 + 6 = 11. The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples
do they have?

Model Output Model Output

. : A: The cafeteria had 23 apples originally. They used
A: Th 27.
e answeris 27. 3§ 20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 +6 =9. The
answeris 9. 4/

29



Chain-of-thought

* Enable language models to do more-complicated tasks
* Guide them with “meta-data” (i.e., reasoning process)

* Prompts are manually composed (prompt engineering helps)

30



Chain-of-Thought Paradigm

* Few-shot CoT
— demonstrating step-by-step reasoning exemplars

Q: There are 15 trees in the grove. Grove workers will plant\ ) _ -]
trees in the grove today. After they are done, there will be 21 Question Rationale Answer

trees. How many trees did the grove workers plant today?
A: There are 15 trees originally. Then there were 21 trees - Examples

after some more were planted. So there must have been 21
- 15 = 6. The answer is 6. _ _
Q: A pet store had 64 puppies. In one day they sold 28 of Questlon Rationale Answer
them and put the rest into cages with 4 in each cage. How -
many cages did they use?

A Y,

- Your Question

[ LLM J I

: .

A: The pet store had 64 puppies. They sold 28 of them. So v
they had 64 - 28 = 36 puppies left. They put them into cages

with 4 in each cage. So they used 36 / 4 = 9 cages. The
answer is 9.

Rationale Answer

Wei et al, Chain-of-Thought Prompting Elicits Reasoning in Large Language Models



Chain-of-Thought Paradigm

e Zero-shot CoT

— Adding “let’s think step by step” after the question can elicit the
rationale of LLMs

the rest into cages with 4 in each cage. How many cages did they use?

Q: A pet store had 64 puppies. In one day they sold 28 of them and put
A: Let’s think step by step.

Your Question

v 1% prompt: Rationale Extraction I
[ LLM J I
Q: A pet store had 64 puppies. In one day they sold 28 of them and put I
the rest into cages with 4 in each cage. How many cages did they use? |
A: Let's think step by step. .
There are 64 puppies. 28 of them were sold. This leaves 36 puppies. |
Each cage has 4 puppies, so we need 9 cages. .
Therefore, the answer (arabic numerals) is A 4
¢ 27 prompt : Answer Extraction R atl on al e An swer
[ LLM

v
[ 9. ]

Kojima et al, Large Language Models are Zero-Shot Reasoners 32




CoT elicits strong Reasoners

* CoT highly boosts the performance on multi-step reasoning

tasks

— Math work problems, commonsense reasoning, etc

Model MultiArith GSMB8K AddSub AQUA-RAT SingleEq SVAMP
N/A CoT NA CoT NA CoT NA CoT NA CoT NA CoT
Zero-Shot Performance
text-davinci-002 227 787 125 407 770 747 224 335 787 787 58.8 63.7
text-davinci-003 242 837 126 595 873 813 280 406 823 864 647 73.6
ChatGPT 303 960 147 754 896 899 236 476 831 913 68.1 828
Few-Shot Performance
UL2 5.0 10.7 4.1 4.4 185 182 205 236 180 202 101 125
LaMDA 7.6 449 6.5 143 430 519 255 206 488 587 295 375
text-davinci-002 338 917 156 469 833 813 248 358 827 86.6 657 689
Codex 40 962 197 631 909 909 295 453 868 931 699 764
PalLM 422 947 179 569 939 919 252 358 865 923 694 79.0

Qin et al, Is ChatGPT a General-Purpose Natural Language Processing Task Solver?

33
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Scaling Property

—6— Chain-of-thought prompting
- = = Prior supervised best

LaMDA

GPT

PalLM

o))
o
T

I

Some spectrum
of NLP tasks

Model scale (# parameters in billions)

Doable with chain of
thought prompting

Doable with standard
prompting (GPT-3)

Scale of language mode| =

3

- Chain-of-thought shows better scaling properties in handling
complex problems

—e— Standard prompting

i Math word
problems

Symbolic
reasoning

Challenging
commonsense
reasoning

Translation

Sentiment

analysis

A4
O(100B)
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CoT with Self-Consistency

Further boost CoT by selecting the most consistent result from a
diverse set of reasoning paths

— A complex reasoning problem typically admits multiple different ways of thinking
leading to Iits unique correct answetr.

Greedy decode
This means she uses 3 + 4 = 7 eggs every day.

Chain-of-thought
prompting

Self-consistency

ﬂ): If there are 3 cars in the parking \

Q: Janet’s ducks lay 16 eggs per day.
She eats three for breakfast every
morning and bakes muffins for her
friends every day with four. She sells
the remainder for $2 per egg. How

Language

much does she make every day?

\x Y

model

Language
model

The answer is $14.

She sells the remainder for $2 per egg, so in
total she sells 7 * $2 = $14 per day.

Sample a diverse set of
reasoning paths

Marginalize out reasoning paths

to aggregate final answers

She has 16 - 3 - 4 =9 eggs I

~ |

= $26 per day.
I

lot and 2 more cars arrive, how many left. So she makes $2* 9= | The answer is $18. \
cars are in the parking lot? $18 per day. | ) \

A: There are 3 cars in the parking lot i ~ \
already. 2 more arrive. Now there are This means she she sells the \
3 +2 =25 cars. The answer is 5. remainder for $2 * (16 - 4 - 3)| The answer is $26. v

She eats 3 for breakfast, so |
she has 16 - 3 =13 left. Then |

she bakes muffins, so she I The answer is $18.

has 13 - 4 = 9 eggs left. So

she has 9 eggs * $2 = $18. |

/ The answer is $18. ]
\

The answer is $14. ]

35



CoT with Self-Consistency

1. Elicit different reasoning path with different in-context
examples

2. Get the final answer by majority voting

. L S K log P(tk|prompt,question, t1,...,t
P(rz, a'Z, prompt, questlon) — exp K Zkzl g ( k |p pt,q gl geeey k:—l)
r;. reasoning path; a;: answer
GSM8K MultiArith  AQuA  SVAMP  CSQA ARC-c
Greedy decode 56.5 94.7 35.8 79.0 79.0 85.2

Weighted avg (unnormalized) 56.3 £00 90.54+00 358400 73.0+00 74.84+00 823400
Weighted avg (normalized) 221 00 59.7+00 157 +00 40.5+00 52.1 £00 51.7+00
Weighted sum (unnormalized) 599 +00 922+00 382+00 762400 76.2+00 83.5+00
Weighted sum (normalized) 74.1+00 993 +00 48.0+00 86.8+00 80.7+00 88.7+00
Unweighted sum (majority vote) 74.4 +£01 993 +00 483 +05 86.6+0.1 80.7+01 88.7+0.1

36



Why does In-Context Learning work?

In-Context Learning by Gradient Descent

37



Why does In-Context Learning work?(=

e Till now, the mechanisms of in-context learning in Transformers
are still not well understood and remain mostly an intuition.
— associative memory (Ramsauer et al., 2020)
— copying mechanism termed induction heads (Olsson et al., 2022)

e New observations:

— Training Transformers on auto-regressive objectives is closely related
to gradient-based meta-learning

— Trained Transformers become meta-optimizers i.e. learn models by
gradient descent in their forward pass

- Von Oswald, Johannes, et al. "Transformers learn in-context by gradient descent.” International Conference on Machine Learning. PMLR, 2023.
- Ramsauer, Hubert, et al. "Hopfield networks is all you need." arXiv preprint arXiv:2008.02217 (2020).

- Olsson, Catherine, et al. "In-context learning and induction heads." arXiv preprint arXiv:2209.11895 (2022). 38



Why In-Context Learning Works

* Rethnking the connection between in-context learning and

finetuning
GPT GPT
(Sentence1, Answer1) (Sentence2, Answer2)
______ ~ —————— ’

Back-Propagation

v
Gradients AWy

Finetuning:
Use examples to update parameters

Answer
f
GPT e
Feed-Forward Network
Meta-Gradients AW ¢ -
————————— > Self-Attention
Forward t
Computation
A
!J
(Sentence1, Answer1) (Sentence2, Answer2) (Sentence, ?)
[ ] \_'—l
Demonstration Examples Query Example

In-Context Learning:
Use examples to activate parameters

39



Why In-Context Learning Works = Gradient Descent==

In-contexts as implicit gradient descent for attention
 Attention decomposition perspective X' =demonstration tokens

]:ICL(CI) — Attn(V, K, q) X =query tokens
WglIX's X'
= Wy[X'; X]softmaXL( k| — | 9 )
vd lgnore softmax

~ Wy X'; XI(Wk[X'; X]Nq

= WVX(WKX)Tq HWVX'(WKX')TQ |‘\ Context

Zero-shot — (W + W
( iSL iCL)q dual form of the Transformer

attention = A linear layer
Frr(q) = (WzsL + AWrr)q optimized by gradient descent

Dai et al, Why Can GPT Learn In-Context? Language Models Implicitly Perform Gradient Descent as Meta-Optimizers 40




Transformers Learn In-Context by Gradient Descent
» Data transformation perspective

Learning an output layer Adjusts query prediction given in-context
by gradient descent

Find 6
Equivalent? st to(Tauery; D) A Youery T
ﬁ
— [ Transformer 9]
N .
ot (W = VLD foree) ~ e | peontext J | [aver

Von Oswald, Johannes, et al. "Transformers learn in-context by gradient descent.” International Conference on Machine Learning. PMLR, 2023. 41



Transformers Learn In-Context by Gradient Descent

 Gradient descent formulated as data transformations

* Weights updating as data transformation.
— Linear regression as a simple example

LW) =5 ; Wi — yi|?
N
AW = —nVwL(W) = = 3 o=y e elis the weight change
1 & )
LW + AW) = 21\72_: (W +[AW])z; — i

42



Discussion

Gradient-based optimization & Attention-based in-context learning
Finetuning & In-context learning

Viewed through the lens of meta-learning: learning Transformer weights
corresponds to the outer-loop which then enables the forward pass to
transform tokens by gradient-based optimization.

Meta-learned task-shared learning rates. When training self-attention
parameters O across a family of in-context learning tasks, the learning rate
can be implicitly (meta-)learned such that an optimal loss reduction
(averaged over tasks) is achieved.
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Understanding Emergent Abilities
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Emergent Abilities (wei, et al., 2022)
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Reasoning

* Multi-step reasoning, Instruction following, Program
execution, Model calibration.

(A) Math word (B) Instruction
problems following (C) 8-digit addition ’éﬁ (D) Calibration
~ o 70 100 e
& a0 Instruction g 1 0
~ 20 ® tuning —_ 0
= Chain of qi'j 60 /‘5\ &0 8
% thought C:E & o
5 15 o >, 60 <
3 % 50 , 2 8
< 10 + instruction E 40 CP
M D nin 8 %0
7o) No chain o m
w of thought — O
0L ‘ , 30 [ , ‘ 0 ‘ s ,
1021 10?2 1023 1024 1021 10?2 1023 1024 1019 10%° 10?1 xR 1022 10% 10%4

Model scale (training FLOPs)

Figure 3: Specialized prompting or finetuning methods can be emergent in that they do not have a positive
effect until a certain model scale. A: Wei et al. (2022b). B: Wei et al. (2022a). C: Nye et al. (2021). D:
Kadavath et al. (2022). An analogous figure with number of parameters on the z-axis instead of training
FLOPs is given in Figure 12. The model shown in A-C is LaMDA (Thoppilan et al., 2022), and the model
shown in D is from Anthropic.
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Are Emergent Abilities of Large Language Models a™™
Mirage?? (Schaeffer, et al., NeurlPS’23 Best Paper) ’

« Sharpness, transitioning seemingly instantaneously from
not present to present

« Unpredictability, transitioning at seemingly unforeseeable
model scales

* Emergent Abllities Questions:
— What controls which abilities will emerge?
— What controls when abilities will emerge?

Rylan Schaeffer, Brando Miranda, Sanmi Koyejo. Are Emergent Abilities of Large Language Models a Mirage? NeurlPS’23. 47



Are Emergent Abllities of Large Language Models
Mirage?? (Schaeffer, et al., NeurlPS’23 Best Paper)
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Rylan Schaeffer, Brando Miranda, Sanmi Koyejo. Are Emergent Abilities of Large Language Models a Mirage? NeurlPS’23. 48



Are Emergent Abilities of Large Language Models a™™
Mirage?? (Schaeffer, et al., NeurlPS’23 Best Paper) e

» Assume per-token cross entropy falls as a power law

Lcr(N) = (ﬂ) )

C

where N Is the number of parameters,
Los(N) = =3 p(v)loghn(v) = r
p(v*) =1

If a metric that requires selecting L toke
Accuracy(N) = py(single token

C

Accuracy
o
B

Emergent Abilities

1'0 1.0 —— Published Emergent Ability Target Str Len

0.8 — = 5

Z 06
0.8 |t
- 3
o

£ 0.4

0.2

0.0

10° 1Y 10!
Model Parameters

o
o

o
N

o
o

10° 1010 1011
Model Parameters

= exp (—(N/c)?)
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Are Emergent Abilities of Large Language Models a™™
Mirage?? (Schaeffer, et al., NeurlPS’23 Best Paper) U

» But If we use an approximately linear metric, e.g., Token
Edit Distance

Token Edit Distance(N) =~ L(1 — py(single token correct))
= L(1—exp(—(N/c)?))
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Are Emergent Abilities of Large Language Models a™™
Mirage? (Schaeffer, et al., NeurlPS’23 Best Paper)

Multiple Choice Grade:

def

Multiple Choice Grade =

Brier Score:

{
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0 otherwise
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Questions?

» Before, people believe that emergent abilities are
exclusive to LLMs
* But now

—smaller models can also exhibit high performance on
emergent abilities

—continuous metrics “seems” no emergent abilities

Do you believe LLMs having “emergent ability”?
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Understanding Emergent Abilities of Language Mod
from the Loss Perspective? (Du, et al., NeurlPS'24) ¢

Relationship between Pre-training Loss and Downstream Performance
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We train a series of language models with different sizes and training tokens. We find that the data points
of different sizes and training tokens largely fall on the same trending curves. In other words, the LMs with

the same pre-training loss regardless of token count and model size exhibit the same performance on
different languages, tasks and prompting formats. 53




Understanding Emergent Abilities of Language Mod
from the Loss Perspective? (Du, et al., NeurlPS'24) ¢

Observation from
LLaMA’s Paper
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We extract LLaMA’s pre-training loss and corresponding performance on six question answering and
commonsense reasoning tasks from the figures in the original paper. Most data points from the LLaMA

models fall on the same upwards trend, except those at the early stage of LLaMA-65B.
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Understanding Emergent Abilities of Language Mod
from the Loss Perspective? (Du, et al., NeurlPS'24) ¢

Emergent Curves from the from the Loss Perspective
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On MMLU, C-Eval, GSM8K, and GSM8K-Chinese, all models of three sizes perform at the random level
until the pre-training loss decreases to about 2.2, after which the performance gradually climbs as the loss
Increases. 55



Defining Emergent Abilities from the Loss Perspecit e

The normalized performance on an emergent ablility as a function of the
pre-training loss L is:

{f(L) if L <7

0 otherwise

Combined with the model scaling law, we can get the normalized
performance as a function of the model size N

f (Lo + (%)QN) fN > No(n — Lo,) @
\ 0 otherwise

A

From this equation, we can explain the observed emergent abilities with

model sizes.
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Understanding Emergent Abilities of Language Mod
from the Loss Perspective? (Du, et al., NeurlPS'24) ¢

Influence of Different Metrics
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Both discontinuous and continuous metrics (accuracy, correct choice probability, and Brier Score) — show
emergent performance improvements (value increase for the first two and decrease for the third) when the
pre-training loss drops below a certain threshold. 57



Emergent Abllities
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Summary

* In-context Learning
— What is in-context learning?
— Context Construction
— Theoretical understanding of In-Context Learning

» Understanding Emergent Abilities

— J Wel, et al. Emergent Abillities of Large Language Models. TMLR,
2022.

— Schaeffer, et al., Are Emergent Abilities of Large Language Models
a Mirage? NeurlPS’23

— Du, et al., Understanding Emergent Abilities of Language Models
from the Loss Perspective? NeurlPS'24
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In-Context Learning & Emergent Abilities

Jie Tang, KEG, Tsinghua University

http://keg.cs.tsinghua.edu.cn/jietang
https://github.com/THUDM
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