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The success we dreamed of

Language models that are remarkably capable at solving many
important NLP benchmarks.
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Source: OpenAl Blog

The success we dreamed of

Let n be an even positive integer. Let p be a monic, real polynomial of degree 2n; that is to say,
p(z) =z + ag, 121+ -+ a1z + ag
for some real coefficients ag, . . . , @2, 1. Suppose that p (%) = k2 for allintegers k such that 1 < |k| < n.

Find all other real numbers x for which p (%) = g2,
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The success we dreamed of

Let n be an even positive integer. Let p be a monic, real polynomial of degree 2n; that is to say,
__ p2n 2n—1
p(z) = 2°" + agp 1T + -+ a1z + ag
for some real coefficients ag, . . . , @2, 1. Suppose that p (%) = k2 for allintegers k such that 1 < |k| < n.

Find all other real numbers x for which p (%) = g2,

® Thought for 5 seconds v

To solve this problem, we need to find all real numbers & such that

1 2

p(;) =72

where p is a monic real polynomial of degree 2n, and it is given that
1) _ 1.2

p(3) =k

for all integers k with 1 < |k| < n.
Understanding the Given Information:

1. Given Data Points: We have 2n data points from k = +1, 42, ..., £n, which provide the values p ( ) = k2.

=

2. Polynomial Function: p(a:) is monic of degree 2n, which means its highest-degree coefficient is 1.

Source: OpenAl Blog
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 Comparing the constant term of s(x) using z = 0:

Evaluating m(0) and h(0):
m(0) = (—1)"(n!)%.
h(0)=-0+c=c
Since s(0) = m(0)h(0):

1= (~1)"(nl)%,
which gives:

1
O 5 ) T () L )

* Forn even (since nis even), (—1)" = 1,so0 ¢ > 0.

Finding Additional Solutions:
Solving h(z) = 0:

—224+e¢e=0 — z?=¢c — x=+1

n!?

since ¢ = )

Conclusion:

The additional real numbers x satisfying p (%) = g2

The leading term of m(z)h(z) is (z*")(—2?) = —z?"*2

, ensuring the degrees match.

$$ s(0) = pr(0) - 0 = 1, where pA(x) = xM2n} p\left(\frac{i}{x}\right) $$.

arex = £ 1.
n.
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Scaling Laws: A Low-risk Recipe

7 | 4.5;
6 SN —— L=(D/5.4-1013)70.09
3.9
o Kaplan et al. 2020;
8 3.6 among others
)
1 3.3
2 )
3.0
L = (Crinf2.3 - 108)~0:050
10 107 105 1073 107! 101 108 109
Compute Dataset Size

{ More data (and compute) leads to better models. }
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Meanwhile, whispers ot a bubble ...

OpenAl’s Sam Altman sees Al bubble \"L

. : . CNBC
forming as industry spending surges 06 15, 200
Warning: Qur Stock Market e et ock B
o ) OPINION
s Looking Like a Bubble Ot 14, 2075

Ehe New ork Times

Is There an A.l. Bubble?

The Daily

Nov. 20, 2025

And What if It Pops?
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Making sense of the “bubble” concerns

* The progress is real. However, many challenges remain.

* There may be various reasons:
e Profit-cost mismatch,
 Future regulations,
* Lack of enduring moats,
. etc.

» Expectation-capabilities mismatch: Investors bet on rapidly
improving capabilities.
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Limits of scaling “laws”

7 4.2
61 —— L=(D/5.4-1013)-0.095
3.9
Linear Q ., |
Kaplan et al. 2020;
k7 B3 among others
P 3
3.0
L = (Cmin/2.3 - 108)~0:050
10-° 1077 10=°> 1073 107! 10! 108 10°
Compute Dataset Size
Exponential Exponential

{Diminishing returns w/ scaling (compute, data, human supervision.) }
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Limits of scaling “laws”

Test Loss

2

1079

4.2 ]

L= (D/54 g 1013)—0.095

3.91
3.61
301
3.01
L = (Crpi/2:3# 10%)79920
107 10> 1073 10— 10! 108 102
Compute Dataset Size
_—

[Which data? How is it distributed?}

Kaplan et al. 2020;
among others
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Today: Deconstructing Scaling Laws

Test Loss
I

L (Crainf2:3 108)~0:050

2
102

107 10-5 10-3 10-!
Compute

10!

4.2

3.9

3.6

3.3

3.0

21

—_— L= (D/54 o 1013)—0.095

108 109
Dataset Size
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Roadmap

1. Scaling is distribution-dependent
2. Learning emerges beyond human language

3. LLMs show belief inertia
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Wait ... How did we get here?



Language Models

Input Output
text text

[Bengio et al. ‘04, Peters et al. ‘18, Raffel et al. ‘20, Brown et al. ‘20, many others]



Language Models: Pre-training

Input
text

Output
text

Bengio et al. ‘04, Peters et al. ‘18, Raffel et al. ‘20, Brown et al. ‘20, many others
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Language Models: Next-Token Prediction

Johns Hopkins ,
University is i Baltimore
niversity Is in .

Bengio et al. ‘04, Peters et al. ‘18, Raffel et al. ‘20, Brown et al. ‘20, many others
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Language Modeling # Following User Intents

Explain gravity to a 6-year-old.

Explain “space elevators” L M Explain black-holes to a 6-year-old.
to a 6-year-old. Explain big bang to a 6-year-old.

L Ms are not “aligned” with user intents. J

Training language models to follow instructions with human feedback, Ouyang et al. 2022 24



Language Modes — Post-training

« "Aligning” LMs with our intents embedded in instructions.
* Supervised Fine-tuning (Behavior cloning) in labeled data.

Summarize this article ... Summary: ...

Explain “space elevators” LM Imagine a normal elevator
to a 6-year-old. that you ride to space ...

Answer the question: ... Answer: 320 °F

Weller et al. 2020. Mishra et al. 2021; Wang et al. 2022, Sanh et al. 2022; Chung et al. 2022, many others
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Language Modes — Post-training

« "Aligning” LMs with our intents embedded in instructions.
* Supervised Fine-tuning (Behavior cloning) in labeled data.
* Reinforcement Learning on preference data or verifiers.

Explain “space elevators” _ .
to a 6-year-old. LM It is basically .... @

Christiano et al. 2017; Stiennon et al. 2020; Ouyang et al., 2022; many others
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The Overall Recipe for Modern LLMs

* Almost all the modern models follow this recipe:

Pre- Post-hoc

training alignment
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Time travel to ~2019




Challenge: Incompatible Datasets

 Question-answering datasets carried different assumptions

Dataset-groups for answering questions

Multiple-Choice Reading- Yes/No

questions Compreh.ensmn Questions
questions



Result: We were stuck with dataset-specific models

* Despite having pre-trained models, everyone kept training
task-specific models.

Dataset-groups for answering questions

Multiple-Choice Reading-_ Yes/No
questions Comprel"!enSIon Questions
questions
There are MANY tasks — J l’ \’ Task specific assumptions
this is not scalable! < < < prevent generalization!

et af \af
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Research questions: How can we build a system that
tackles a variety of language tasks?

—_ -

Dataset-groups for answering questions

Multiple-Choice Reading-_ Yes/No
questions Compreh.ensmn Questions
questions
<

@
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UnifiedQA: A Single Unified Model for QA

EMNLP-Findings’20

UNIFIEDQA: Crossing Format Boundaries with a Single QA System
Daniel Khashabi® Sewon Min? Tushar Khot!  Ashish Sabharwal!
Oyvind Tafjord’! Peter Clark'! Hannaneh Hajishirzi'>

! Allen Institute for Al Seattle, U.S.A.
2University of Washington, Seattle, U.S.A.

Abstract
Extractive [SQuAD]
Question answering (QA) tasks have been Question: At what speed did the turbine operate?
. . Context: (Nikola_Tesla) On his 50th birthday in 1906, Tesla demonstrated
posed using a variety of formats, such as ex- his 200 horsepower (150 kilowatts) 16,000 rpm bladeless turbine. ...
< tractive span selection, multiple choice, etc. s UL e Bl i

“UnifiedQA: Crossing Format Boundaries With a Single QA System.” Khashabi et al. EMNLP-Findings 2020



UnifiedQA: A Single Unified Model for QA

Dataset-groups for answering questions

» Outperformed dataset-specitic models

100 m Dedicated Models E UnifiedQA
90
8o
70
60 i
5o=*
"o(} "o 4 g&} ‘%/ Qs\( O 4
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“UnifiedQA: Crossing Format Boundaries With a Single QA System.” Khashabi et al. EMNLP-Findings 2020



UnitiedQA: Impact

» Empirical success:
* Its superior performance was reproduced on subsequent datasets.

Answer F}
Model
ode Span  Abstractive  Overall
LED-base 54.20 24.95 44.96
o T5-large 65.59 290.11 60.03
@ UnifiedQA-large 67.23 28.92 61.39

Qasper [Dasigi et al. 21]

Model Average
Random Baseline 25.0
RoBERTa 27.9
ALBERT 27.1
. GPT-2 324
gy UnifiedQA 48.9
GPT-3 Small (few-shot) 25.9
GPT-3 Medium (few-shot) 24.9
GPT-3 Large (few-shot) 26.0
16x larger |GPT-3 X-Large (few-shot) 43.9

MMMLU [Hendrycks et al. "21]

Zero-Shot

EM F1 FZ-R

Human Performance 79.99 89.87 92.33
T5-Base (UnifiedQA) 5775 69.90 76.31
T5-Large (UnifiedQA) 64.83 75.73 80.59

W T5-3B (UnifiedQA) 66.77 7698 81.77
T5-11B (UnifiedQA) 51.13 66.19 71.68

GPT-3 53.72 67.45 7294

QAConv [Wu et al. '21]
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UnitiedQA: Impact

» Empirical success:
* Its superior performance was reproduced on subsequent datasets.
« Even today, it is being used by industry.

i Consensus
https://consensus.app



UnitiedQA: Impact

» Empirical success:
* Its superior performance was reproduced on subsequent datasets.
« Even today, it is being used by industry.

 Conceptual progress:
* Helped alleviated the conceptual barriers for building broader models.

* Inspired follow-ups works to extend it further.
[Aghajanyan et al.'21, Gupta et al.'21, Jiang et al.21, Aribandi et al. 21, ...]



Beyond unified QA:

Unified Models Across Different Tasks

* There are variety of goals that one can accomplish via language.
$

Translation Summarization

Write an essay in which ... Translate it to ... Write a summary of ...

[ Hypothesis: Task “instructions” are enough to induce sharedness among them. ]
38




Behavior Cloning w/ Instructions
Enables Generalization

* One of the (if not the) first results that showed that one can
build generalist systems with “instruction-tuning”.

m
v 4

40 3
8 .
i+ GPT3[Brownetal.'20] 1200x larger
4 B i — — — — i — — e e e g e —— — — —
830
c
§ with Instructions
c -
> 20 i .
c . without Instructions
o —0 ®
(] N
@)
% .

10 =
g .
(@]
o # of observed tasks
Q

............................................................. >

o 10 20 30 40 50

"Cross-Task Generalization via Natural Language Crowdsourcing Instructions.” Mishra, Khashabi, Baral, Hajishirzi, arXiv 2021 5



Natural-Instructions: Impact

* One of the (if not the) first results that showed that one can
build generalist systems with “instruction-tuning”.

 One of the first datasets that enabled this line of research.

SUPER-NATURALINSTRUCTIONS:
Generalization via Declarative Instructions on 1600+ NLP Tasks

©Yizhong Wang? ¢Swaroop Mishra® *Pegah Alipoormolabashi* *Yeganeh Kordi®
Amirreza Mirzaei* Anjana Arunkumar® Arjun Ashok® Arut Selvan Dhanasekaran?
Atharva Naik” David Stap® Eshaan Pathak® Giannis Karamanolakis'® Haizhi Gary Lai'!
Ishan Purohit'? Ishani Mondal'® Jacob Anderson® Kirby Kuznia®> Krima Doshi® Maitreya Patel?
Kuntal Kumar Pal> Mehrad Moradshahi'* Mihir Parmar® Mirali Purohit!® Neeraj Varshney?®
Phani Rohitha Kaza® Pulkit Verma® Ravsehaj Singh Puri® Rushang Karia® Shailaja Keyur Sampat®
Savan Doshi® Siddhartha Mishra'® Sujan Reddy'’ Sumanta Patro'® Tanay Dixit'® Xudong Shen?’
Chitta Baral® Yejin Choi*> Noah A. Smith':> Hannaneh Hajishirzi’> Daniel Khashabi?!

1 Allen Institute for AI 2Univ. of Washington 3 Arizona State Univ. *Sharif Univ. of Tech. > Tehran Polytechnic *PSG College of Tech. “IIT Kharagpur
8Univ. of Amsterdam °UC Berkeley *°Columbia Univ. !*Factored Al *?Govt. Polytechnic Rajkot **Microsoft Research 1Stanford Univ. 1°Zycus Infotech
16Univ. of Massachusetts Amherst *” National Inst. of Tech. Karnataka *8TCS Research *°IIT Madras 2°National Univ. of Singapore 21Johns Hopkins Univ.

Task Instruction
Abstract

Definition

022

. “... Given an utterance and recent dialogue context containing past 3
How well can NLP models generahze to a va- utterances (wherever available), output ‘Yes’ if the utterance

40



Natural-Instructions: Impact

* One of the (if not the) first results that showed that one can
build generalist systems with “instruction-tuning”.

 One of the first datasets that enabled this line of research.

* Motivated further efforts to building general-purpose systems.

Pre- Post-hoc

training alignment

41



Back to today!




Roadmap

1. Scaling is distribution-dependent
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The long tail — most things are infrequent

Popularity

Head : Long Tail
|

Items
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The long tail — most things are infrequent

* Nassim Nicholas Taleb suggests that biological & social
dynamics lead to asymptotic distributions.

» Examples:
* Wealth,
* popularity,
 number of sales of books,
 number of views on social media,
* frequency of a word,
* many other social phenomena ...
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