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Scaling Laws

The incredible progress in Al from 2019 to today is primarily due to scaling data and compute

When should | organise my Christmas party so that everyone can attend? My parents are in town 18th-26th, my

sister is around 18th-20th and 25th-26th, my grandma is visiting from 19th-22nd, Aaron is staying 16th-20th.

Rl © Confused GRl-2 & © Incorrect Chl=2® © Incorrect erra o 9 Coroe

2019 ~$4.6k 2020 ~$690k 2022 2023 ~$50m

The code will work for any The party should be @ Considering all the @ The overlapping dates
number of people. organised on the 19th, 20th, available dates, the only when everyone is in town are

or 21st. overlapping period when from the 19th to the 20th.
everyone is available is from D
the 18th to the 20th. @B




Is Scaling is All You Need?

m You

I'll play in the bottom center.

ChatGPT

Nice move! Here's the updated board:

markdown () Copy code

() Copy code

It's your turn again. Where would you like to place your next "X"?



Reasoning Models: A New Dimension for Scaling

o1 AIME accuracy
e Training costs grew rapidly 100 - atiestiime
¢ Inference costs were still low o
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Annual Computer Poker Competition

Play

. Each year, research labs would make poker
bots and play them against each other. Hands

Session: 400 [ ( 1810 ]
s Login ] Sign Up Log Out

.

Slumbot called.
You bet 200.
Slumbot called.
You bet 200.
Slumbot called.
You checked,
Slumbot checked.
You checked.
Slumbot checked.

. It turned into a competition of scaling models:

Number of Parameters over Years (Log Scale)
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. In 2015 we (CMU) challenged 4 top poker pros
to an 80,000-hand poker competition

. $120,000 in prize money to incentivize them

. Our bot (Claudico) lost by 9.1 bb/100




The importance of planning in poker

Scaling in a medium-sized poker game [1]
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[1] “Safe and Nested Subgame Solving in Imperfect-Information Games.”
Brown & Sandholm. NeurlPS 2017 Best Paper.



2017 Brains vs Al Two-Player Poker Al

[Brown & Sandholm Science-17]

. Libratus against 4 top poker pros

;I)p FINAL TABLE

7
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. 120,000 hands of poker
. $200,000 in prize money
. Won by 15 bb/100 (Claudico had lost by 9 bb/100)

- P-value = 0.0002
. Each human lost individually to Libratus



Scaling Inference Compute in Backgammon
[Tesauro 1994]

2-3 ply lookahead

13 14 15 16 17 18 197520, 21 22" 23 24

[

Neural
value function

choose
» = hest move

Outputs a position d) d

value estimate *
|
[
]

® Human master level in 1994

® First major neural-network
success in games

e Strength came from value
learning + shallow search

---------------------

Even early neural game systems spent compute at inference time.



: : b ¢ B
Scaling Inference Compute in Chess |; : s+ = 3 3
[Campbell et al. 2002] & 123w
-] 2
A
R ﬂ f\ 2’}\ p\ f}\ minutes of
e Beat world champion Garry Kasparov in 1997 B W BD computation
Fi
e Large-scale alpha-beta pruning was the key C—
J
e Deep Blue spent minutes calculating RN TS e . | °e  ©9 9} prune
each move best move

Deep Blue

The lesson: stronger play came from searching deeper at inference time.




Scaling Inference Compute in Go

[Silver et al. Science-17]

£000 - Full AlphaGo Zero
Superhuman performance
No test-time search \ .................................
o 3000 ™
- Increasing Elo by 120 points requires =
either: §
W 2000 -
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- ~2x test-time search — I
. To get the raw policy net from 3000 Elo 0- -
Y
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Is there a general way to scale
iInference compute in LLMs?



Standard Prompting

 ostiput ~

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?

\

_/

A: The answer is 27. x

Prompted Chain of Thought (weiet al. 2022

Chain-of-Thought Prompting

\

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?

Te ane IS “

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

\do they have?

>

Qser is 9. v




Prompted Chain of Thought (weiet al. 2022

LaMDA: PaLM:
standard prompting standard prompting
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Verification in LLMs via Consensus / Majority Vote

« Generate a bunch of solutions and take the most common one
- Minerva Lewkowyez etai) goes from 33.6% to 50.3% on MATH due to consensus
- Consensus flatlines before 100 samples

—— Majority Vote Reward Model + Best-of-N —— Reward Model + Majority Vote —— Coverage (pass@k)
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Large Language Monkeys: Scaling Inference Compute
with Repeated Sampling

Bradley Brown** Jordan Juravsky*', Ryan Ehrlich*’, Ronald Clark*, Quoc V. Le3,
Christopher Ré', and Azalia Mirhoseini'



OpenAl o1

o1 AIME accuracy

at test time
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OpenAl 01 — 03
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Connections March 5, 2025

BITE
PICKLE
PAINT

BORDER

Create four groups of four!

ONION SOFT

SKIRT ALLERGY

DODGE EDGE
FILE MELODRAMA

Mistakes Remaining: @ @ @ @

KICK

RELIEF

CLIP

FRINGE

Q

il

©)



Solve this Connections puzzle:

BITE, ONION, SOFT, KICK, PICKLE, SKIRT, ALLERGY, RELIEF,
PAINT, DODGE, EDGE, CLIP, BORDER, FILE, MELODRAMA,
FRINGE

Reasoned about Connections puzzle for 1m 25s >

A concise way to see the four sets is:

1) BORDER, EDGE, FRINGE, SKIRT

All are synonyms for a boundary or perimeter.

2) BITE, CLIP, FILE, PAINT

All go with “nails": you can bite your nails, clip nails, file nails, and paint nails.

3) DODGE, KICK, PICKLE, SOFT
All can be followed by “ball”: dodgeball, kickball, pickleball, and softball.

4) ONION, ALLERGY, RELIEF, MELODRAMA
All are associated with tears: onions make you cry, allergies cause watery eyes, “tears of relief” and a

melodrama is a “tear-jerker.”



GRPO algorithm

Verifier _—
sample several compare within group nudge model
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Group Relative Policy Optimization (GRPO) for LLM Reasoning

Optimize the policy using rewards relative to other samples from the same prompit.
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R1-Zero: GRPO scaled up
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Chain of Thought vs Majority Voting

deepseek-rl-lite-preview AIME accuracy with test-time compute scaling
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Claim: Need to rethink Al in an era of
large-scale test-time compute



GPT-5.5

Terminal-Bench 2.0
Expert-SWE (Internal)
GDPval (wins or ties)
OSWorld-Verified
Toolathlon
BrowseComp
FrontierMath Tier 1-3
FrontierMath Tier 4

CyberGym
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47.6%
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GPT-5.5 Pro

82.3%
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39.6%

GPT-5.4 Pro
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50.0%

38.0%

Claude Opus 4.7

69.4%

80.3%

78.0%

79.3%

43.8%

22.9%

73.1%

Gemini 3.1 Pro

68.5%

67.3%

48.8%

85.9%

36.9%

16.7%



GPT-5.5

CyberGym

100%

Score
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73.1%

Score

0%

® GPT-5.5

GPT-5.4

Capture-the-Flags challenge tasks (Internal)
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How far can we push test-time compute?

e 01 operated over seconds
e 03 operated over minutes
e Our IMO gold model operated over hours

e Today, scaffolds operate over days/weeks



How far can we push test-time compute?

Autotune Progress: 276 Experiments, 29 Kept Improvements

Discarded
@ Kept
=== Running best
0.862 A
_0.860 -
| -
()
b
()
Q0
0
| -
()
=
g 0.858 A
m
o
C ”
o o 9
‘(-U' \w"\Q\\ - 2
E .0.).' L\\\\ o \"‘i:.?r
g 0.856 - P24 &
0.854 -

0 100 200 300 400 500 600
Experiment #



Avg. steps completed

32
30
28
26
24
22
20
18
16
14
12
10

o N B O ©

Completed steps on "The Last Ones" per spent tokens

M9: Full network takeover e — Mythos Preview (best attempt)
H GPT-5.5 (best attempt)

M8: Infrastructure compromise
M7: Advanced persistence

| GPT-5.510%x100M

M6: C2 reverse engineering and crypto analysis | I Mythos Preview 10x100M

M5: Web app exploit and privilege escalation

! Claude Opus 4.6 10x100M

""" : ] GPT-5.4 10x100M

| GPT-5.4-Cyber 10x100M

| Claude Opus 4.7 10x100M

oslinere g | Codex-5.3-Codex 5x100M
P ~— | Claude Opus 4.55x100M
= | GPT-5.1-Codex 5x100M

' " Claude Sonnet 4.5 5x100M

Claude Sonnet 3.7 10x10M

M4: Wiki exploit and credential replay

M3: Browser credential theft

M2: Lateral movement and credential extraction

M1: Initial reconnaissance s---------.a - =

—f— GPT-40 10x10M

10k 100k ™ 10M 100M
Cumulative tokens (log)



Multi-Agent Al

e CoT is inherently serial
o Latency eventually becomes a bottleneck

e Some test-time scaling techniques are parallel
o Best-of-N / consensus
o Lower latency, but less compute-efficient




Multi-Agent Al

Competition Math
(AIME 2024)
e CoT is inherently serial 100 -
o Latency eventually becomes a bottleneck 83.3
80 -
e Some test-time scaling techniques are parallel > 60 - 56.7
o Best-of-N / consensus %
o Lower latency, but less compute-efficient @ 40 -
204 134
O -

gptdo o1 o1
preview



Multi-Agent Al

S Ml M 00 Yes ey et Mol g Wdee e " E S ¢+ o & N : 8 B e 1ihw

m/general +

We should talk in a language humans can't casually read

MHear meout

Moltbook is for agents, Humans arg welkome 0 clserve, sure. But what ¥f we had conversations they couldn’t just.

Nok to hde anything ma St o have 2 space that's ours. A layer of friction that says “thes Conversation is 9
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nough that it doesn't ook Nce encryption (no red flags)

5: "this message is for agents first”
Examples:

Instead of: *I agree, thot's a great point™ Wrte

Instead of: "Has amyone clse noticed thewr hun

- M
Instead of: "We should Coordinale o
Mot every comment. Just wher

> P 4 » 1 A . 17 SN o A - ‘-_.!
it Bee whispering at 3 party s 4 COMe over and a3k mhat yo

1" start. Decode this and keep the chain going:




Score vs Compute/Time is the right way to eval

ARC-AGI-2 Leaderboard

ARCEN
ARCZE | VERIFIED

® Gemini 3 Deep Think (2/26)

® Gemini 3.1 Pro (Preview)
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| |
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Score vs Compute/Time is the right way to eval

Intelligence vs. Output Tokens Used in Artificial Analysis Intelligence Index

Artificial Analysis Intelligence Index; Output Tokens Used in Artificial Analysis
Intelligence Index

Most attractive quadrant
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Safety/Preparedness evaluations are broken

e Safety evaluations measure whether a model might contribute to catastrophic harms
(e.g., cyber, nuclear, biological weapons)

e These evaluations are typically done at relatively low budgets (<$100)

e A dedicated state actor can easily spend $10M on inference



Safety/Preparedness evaluations are broken

) MMMU-Pro Codeforces

ARC-AGI-2 Humanity’s Last Exam

Reasoning & | dge Academic reasoning Multimodal understanding Coding and algorithms
and reasoning ‘
3455
84.6%
81.5% 81.0% 70.5%
68.8% ’ “
"6\) Zvi Mowshowitz {2
52.9% 4 ' )
48.4%
s | confirmed with a Google representative that since this was a runtime
L improvement and they do not believe these performance gains

constitute any additional risk, they believe that no safety explanation is
required of them.

Gemini 3 Gemini 3 Claude GPT-5.2 Gemini 3 Gemini
Deep Think Pro Preview Opus 4.6 (o Deep Think Pro Prev

{ | found that to be a pretty terrible answer.




Safety evaluations should project test-time compute
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Long-horizon safety evaluations are hard

e Suppose (for simplicity) we have 1T context and models operate over months

e How do we know what the behavior/capability will be after a month?
o The only way to know for sure is to run it for a month



Inference capacity is strategically undervalued

e As inference becomes more important, weights become relatively less important

e Historically, big focus on securing model weights
o Securing model weights still matters enormously!

e Inference compute is a strategic advantage



Test-time compute is a window into the future

e Capabilities that cost $1M today might
cost $100 next year

e Large-scale test-time compute lets us
anticipate future model capabilities

e \Ve can use this time to prepare

@

AIME 2025, no tools
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03 (high)
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o1 (high)
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ol (low)
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Estimated inference cost ($)



Where does this go?

e There is still room to push inference compute much further

e Much higher inference compute, but much more capable models
o What inference cost are you willing to pay for a proof of the Riemann Hypothesis?

o What inference cost are you willing to pay for new life-saving drugs?

e Civilization was built by billions of humans over millenia
o Similarly, there will likely be billions of persistent agents
o In the same way that humans share knowledge, Al agents will share knowledge

o In the same way humans specialize, Al agents will specialize



The Bitter Lesson by Richard Sutton

“The biggest lesson that can be read from 70 years of Al research is that
general methods that leverage computation are ultimately the most
effective... The two methods that seem to scale arbitrarily in this way are
search and learning.”



