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Transformer
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Scaling Attention Blocks (Transformer) = LLM
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Emergence (&)
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Emergent Abilities of Large Language Models

Jason Wei!

Yi Tay!

Rishi Bommasani
Colin Raffel?
Barret Zoph!
Sebastian Borgeaud *
4

2

Dani Yogatama
Maarten Bosma'
Denny Zhou'

Donald Metzler !

Ed H. Chi!

Tatsunori Hashimoto?
Oriol Vinyals*

Percy Liang?

Jeff Dean'!

William Fedus !

! Google Research Stanford University *UNC Chapel Hill *DeepMind

Reviewed on OpenReview: htips://openreview.net/forum?id=yzkSU5zdwD

Abstract

jasonwei@google. com
yitay@google. com
nlprishi@stanford. edu
craffel@gmail. com
barretzoph@google. com
sborgeaud @deepmind. com
dyogatama@deepmind. com
bosma@google. com
dennyzhou@google. com
metzler@google. com
edchi@google.com
thashim@stanford. edu
vinyals@deepmind. com
pliang@stanford. edu
jeff@qgoogle.com

liamfedus@google. com

Sealing up language models has been shown to predictably improve performance and sample
efficiency on a wide range of downstream tasks. This paper instead discusses an unpredictable
phenomenon that we refer to as emergent abilities of large language models. We consider an
ability to be emergent if it is not present in smaller models but is present in larger models.
Thus, emergent abilities cannot be predicted simply by extrapolating the performance of
smaller models. The existence of such emergence raises the question of whether additional
scaling could potentially further expand the range of capabilities of language models.

Emergent abilities of LLMs are a pleasant surprise!

Not present in smaller models but present
only in large models

*Prompt engineering, in-context learning
* Zero-shot, few-shot learning

*Logical processing, problem solving
*Reasoning

Emergent abilities couldn’'t have been guessed

*Can't predict them simply by extrapolating
performance of smaller models
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Historical Example

ARPANET (circa 1977)

@LINCOLN
MIT-1PC

Simple, Experimental Network
Limited nodes (4-100)
Research institutions only
Basic packet switching

Proof of concept

Internet 2000

; . Switzerland
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: . Netherlands

: . Russian
Federation

. Sweden
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B usA

. Unknown

Complex, Emergent Ecosystem
» Billions of connected nodes

* Global digital civilization

* Emergent behaviors

* Transformed humanity
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s Are Emergent Abilities of Large
C o u n te r p O I nt Language Models a Mirage?

Rylan Schaeffer Brando Miranda Sanmi Koyejo
Computer Science Computer Science Computer Science
Stanford University Stanford University Stanford University

rschaef@cs.stanford.edu brando9@cs.stanford.edu sanmi@cs.stanford.edu

Abstract

Recent work claims that large language models display emergent abilities: abilities
not present in smaller-scale models that are present in larger-scale models. What
makes emergent abilities intriguing is two-fold: their sharpness, transitioning
seemingly instantaneously from not present to present, and their unpredictability,
appearing at seemingly unforeseeable model scales. Here, we present an alternative
explanation for emergent abilities: for a particular task and model family, when ana-
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Minsky 1986

T ——

Marvin Minsky
(1927-2016)

“What magical trick makes us
intelligent? The trick is that there is

no trick. The power of intelligence
stems from our vast diversity, not
from any single, perfect principle.”

—M. Minsky, 1986

u‘\i}v N Intelligence (mind) emerges from many small,
K & specialized processes (agents)
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270 brilliantly original essays on. . .how the mind works."
—lsaac Asimov, Information Week

M ARY I N MINS K

COFOUNNDER OF THE ARTIFICIAL INTELLIGENCE LABORATORY MIT




Minsky 1986 (conr)
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Minsky 1986 (conr)
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Agentic Al

LLM-based
Deep Research, Operator, Agents SDK
*Language Models as Agent Models [Andreas 2022]

Computer Use, Model Context Protocol

What is missing in LLM?

Google Disfp esreaiien, Agpitzagent Pretetel «Communication, memory, learning, embodiment, ...

*Minsky 1986 had already told us about these

SRR Al Agent Service

LLM Powered Autonomous Agents [Weng 2023]

Y[=1{s Il Agent Framework

Short-term memory Long-term memory
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Search () [+ v > Chain of thoughts
...more < Action »| Subgoal decomposition
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Where Are We Heading?
Emergent Abilities of Agents

Agentic Al as a means for computing with LLMs at scale

Recent breakthroughs Caution Required

* A world model? Social behavior modeling /A Must be well coordinated and governed

via multi-agent simulations /\ Autonomous decision making is dangerous

Multi-agent collaboration improves reasoning A Safety, safety, safety!

Decision making, tool uses and multiple modalities A Security, security, security!

Specialized "Reasoning LLMs”

Still, I'm expecting a bigger surprise: A much bigger, much more pleasant surprise from computing
agentic Al at scale than a doomsday for earth!
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