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"technological singularity"



GOAL

=]

example
“be good Examples
at math” e (training set)

S X

L(4y) — Benchmark



v L(Ap) > L(A4y1) v



Almost No Human in the Loop

Absolute Zero:

Update parameters to R-Zero: Ritps://arxiv.erg/abs/2568.03862
minimize loss [’ Self-Questioning: https://arxiv.org/abs/2508.03682
L
Proposer A‘ Solver Verifier
C e e (o)
v L v

Update parametersto
minimize loss [

SPICE:
Ritpsii/arxiv.org/abs/2510.24684

https://arxiv.org/abs/2512.02472



System Message:

You are an expert competition-math problem setter. FIRST, in your private scratch-pad, think
step-by-step to design a brand-new, non-trivial problem. The problem could come from
any field of mathematics, including but not limited to algebra, geometry, number theory,
combinatorics, prealgebra, probability, statistics, and calculus. Aim for a difficulty such that

fewer than 30% of advanced high-school students could solve it. Avoid re-using textbook
clichés or famous contest problems.

R-Zero: https://arxiv.org/abs/2508.05004

## Task: Create a Python Code Snippet (where custom classes are allowed, which should be defined
— at the top of the code snippet) with one Matching Input

Using the reference code snippets provided below as examples, design a new and unique Python code
~ sSnippet that demands deep algorithmic reasoning to deduce one possible input from a given
output. Your submission should include both a code snippet and test input pair, where the
input will be plugged into the code snippet to produce the output, which that function output

be given to a test subject to come up with any input that will produce the same function
output. This is meant to be an I.(}. test.

P 2 B

Absolute Zero:
https://arxiv.org/abs/2505.03335



Al Agent = Harness + LLM

p A
@© Harness @ RS A
OpenClaw Claude h
—p | —P Cowork —> GPT
<+ | <€+ Claude Code <+ ..
Hermes h LG o
% J

Al Agent A




Al Agent = Harness + LLM

P Harness & FEEmil
OpenClaw ﬁ Claude
Cowork —>
GPT
Claude Code 4 .
Hermes h Gemini

Al Agent A







How to improve harness?

??77?




h is prompt

Prompt Optimization

h L(AH,h’H) _> _> }‘l,
» | |
Think step by step. 72 Take a deep breath.

https://arxiv.org/abs/2309.03409



I have some texts along with their corresponding scores. The texts are arranged in ascending order
based on their scores, where higher scores indicate better quality.

text:

Let’s figure it out!
score:

61

text:
Let’s solve the problem.
score:

63
(... more instructions and scores .. .)
The following exemplars show how to ¢

text, then read the input and give an out
from the given output, and we say your

https://arxiv.org/abs/2309.0340¢

input:

Q: Alannah, Beatrix, and Queen are preparing for the new school year and have been given books
by their parents. Alannah has 20 more books than Beatrix. Queen has 1/5 times more books than
Alannah. If Beatrix has 30 books, how many books do the three have together?

A: <INS>

output:

140

(... more exemplars ...)

Write your new text that is different from the old ones and has a score as high as possible. Write the
text in square brackets.




h is prompt

x| |x|o

-é&);es Ma!fi;( y

GEPA
https://arxiv.org/abs/2507.19457

Filtered Pool (Pareto Frontier)

=
=)

p———Choose Strategy to create new candidate




h iS memo ry MmMana ge ment https://arxiv.org/abs/2602.07755

Meta Agent

Sample Memory

Design and i3
3 Evaluction Log
Memory Design VJ‘>[ i I""“]

Archive
@ \g

090 Oy Tnplnert
B
- .
’ e CLs




https://arxiv.org/abs/2505.22954

h is workflow

0.50 1 Average of Archive =
—=— Best Agent
0.45 1 —®— Lineage to Final Best Agent ,
o History-aware
% 0.40 { More granular file — _ Ppatch generations
O editing via string and ranking
wn replacement 1
L I
£ 0.35 / \
S Multiple patch
8 Auto-summarize 5
J S generations and
u'J 0.30 Non-empty patch on context limit vanking
g validation and retry |
Y 0.251 e
0.20 - More granular file
viewing via lines

0 10 20 30 40 50 60 70 80
Iterations



A L(A)

OO—»O—»O—»O ......
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0 O o 1%
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SWE-bench
Score

O 10 tasks (no basic functionality)

O 60 tasks

200 tasks (score= 0.4 and
top two of archive then)

* Final best agent

https://arxiv.org/abs/2505.22954



Declarative Self-improving Language
PI’DgI‘amS |n PYthon (DSPy) https://arxiv.org/abs/2310.0371

4

HDSPy

DSPy: Programming—not prompting—Foundation Models

https://github.com/stanfordnlp/dspy



Al Agent = Harness + LLM

-
¥ Harness @ FES
OpenClaw ” Claude b‘
Cowork —
GPT
Claude Code — -
Hermes h Gemini 0
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Al Agent A




Retrieval-Augmented LLM Agents: |
. . https://arxiv.org/abs/2603.1827
Learning to Learn from Experience o

Declarative knowledge

[ information || Input | ==—lp-

Memory, RAG
better harness

= | output |

Procedural knowledge

[ input | =P = | output |




Retrieval-Augmented LLM Agents: _
. . https://arxiv.org/abs/2603.1827
Learning to Learn from Experience o

[ information || Input | ==—lp-

Memory, RAG
better harness

(i

[information ][ Input ] |

Memory, RAG
better harness




Fine-Tuning and Prompt Optimization:
Two Great Steps that Work Better
Together

https://arxiv.org/abs/2407.10930

mistral-7b-instruct-v@.2 1lama-2-7b-chat 1lama-3-8b-instruct
Strategy

HotPotQA GSM8K Iris HotPotQA GSM8K Iris HotPotQA GSM8K Iris

Baseline Strategies

Vanilla Zero-shot 1'7:2 40.3 26.0 13.2 24.0 0.0 31.6 72.7 48.0
Prompt Optimization (II) 33.8 46.4 373 333 260 56.7 46.9 779 793
Weight Optimization (©) 229 40.7 29.3 12.2 24.0 - 34.8 e A3
IT—1II 33.8 47.7 59.3 32.6 247  64.0 46.5 776  82.0
0 —0 24.0 428 38.0 13.0 24.1 - 344 4.1 393
BetterTogether Strategies

II—-0© 36.3 47.3 30.7 32.7 273 26.7 42.8 776 44.0
e — Il 33.0 48.3 66.7 (2 26.6 - 43.6 789 78.7

19011 37.6 46.8 32,7 34.8 26.3 653 46.7 770 793







AIME — BeyondAIME
Easy-to-Hard Generalization

Agent Evolution Tree Eval on BeyondAIME

D N y
’ - ‘“"’.‘_‘_l“' § 0.41
@‘mﬁ:“:—_ éo.ao-
n . @ == 2039
- f'—'- ED.BB*
e

’- o 5 10 15 20 25
https://arxiv.org/abs/2602.14697 - pt Batch Iterations

mmmss Evolution + RL == RL Only wsssss= Prompt Evolution
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H A= 48t : Test Time Training (TTT)

[ Input ]—> g '_> -’[ output ]

T update

Crpst Jppr @ ) e O 7 ) (omput )

v update T




H A= 48t : Test Time Training (TTT)

[ input |=P» e '_> = | output |
T update
[ Input ].> —> ¢ ) -»[ output ]
update T




H A= 48t : Test Time Training (TTT)

b, -

Wei-Ping Huang Guan-Ting Lin

https://arxiv.org/abs/2406.11064

1:54:30
https://youtu.be/EnWz5XuOnl
Q7?si=jDgXiXkWWKkhIsPFr&t=6

872

Standard Test-Time Training (TTT)

()
|nput 1 —_— 4 2 TP seccsnnnnnnnnnensn —_— Output 1

7 Fine-tune

o0 o.L0
|nput 2 —_ % FIP sesvnnnnnnnnnnnnn, ' ) D — Output 2
i Fine-tune Al
o2 .0
|nput 3 — e TIPF ceccccccccnnncnnnsn £ ; —_— Output 3
Fine-tune ; ')

[ERAATERRRRDATEIR2025] 5 838 | BAEENLESE (Fine-tuning
Model Editing, Model Merging, Test-Time Training)



Post-Training &

Forgetting
Zal#REIE S

https://youtu.be/Z6b5-77EfGk

?si=kAyl0Z2Me9-8jFLh (ERNAIRR TR E (2025)] 7558 | ERAATERNEIISR(Post-Training) 5

HERHE



a =Y \E‘J..ﬁ \Eb‘t
NS ©
&'& B CE2VE S TR https://arxiv.org/abs/2605.09315




B
g)
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SREN A

]

4‘
W)
«

~
-~

X

g

i
Tt

@~ Vanilla evolve
300 4 <= CPE (ours)
Complexity overhead
+35%

280 — ®
wv
)
£
'g 260 4
w
[}
°
o
Y 240 4
=
A=)
k¥,
S

220 4
= +9%

200 4

Round 0 Round 1 Round 2 Round 3

7/

Simple-task retention ratio

90% A

85% A

80% A

75% A

70% 4

65% A

https://arxiv.org/abs/2605.09315

. GPT-5 mini CPE (ours)

GPT-5.1 CPE (ours)
@

. GPT-5 mini Vanilla

GPT-5.1 Vanilla evolve
GPT-5.1 CPE (ours)

GPT-5 mini Vanilla evolve
GPT-5 mini CPE (ours)

PT-5.1 Vanilla

20%

22%

24% 26% 28% 30% 32% 34% 36%
Complex-task performance after evolution



Improvement module controls how to
improve.




How to improve harness?

update h

https://arxiv.org/abs/2505.22954



How to improve harness?

update h

_>

https://arxiv.org/abs/2505.22954



How to improve “improve harness”?

£




HvperAqgent https:/arxiv.org/abs/2603.19461
YPerAag
Godel Agent htips://arxiv.orglabs/2410.04444

hl’



HyperAgent https://arxiv.org/abs/2603.19461



Paper Review + Robotics Reward Design
e e o o °o o o ©
- ~N w F w o -4 ?

-
°

Performance of Best Agents on:

Training tasks

|— DGM-H (random parent selection)
|~ DGM-H (madifiable parent selection)

| —— DGM-H (score-child-prop parent selection)

40

Iterations

60

80

100

0.6

05

04

03

0.2

01

0.0

Test tasks

DGM-H
{rangom parent
selection)

DGM-H DGM-H
(meodifiable parent (score-child-prop
selection) parent selection)

https://arxiv.org/abs/2603.19461



How to improve “improve harness”?
Learning to Self-Evolventtps://arxiv.org/abs/2603.18620

fine-tuned

_> h' L’(Ah’)

-------- L(Ah) — L’(Ah’)



Update Parameters

update 6

ﬁ
g' =6 —T]VQL

<« v




R R AR BT

Tt )

BRI A f2 2

52:17
https://youtu.be/sO6MSAGN4gM?
si=1VAKFCUUheM3kgaz&t=3137




Update Parameters

https://arxiv.org/abs/2603.08640
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U p d ate P dirdim Ete I's https://github.com/karpathy/autoresearch

Autoresearch Progress: 83 Experiments, 15 Kept Improvements

Discarded
1.000 1 © Kept
e "
A Running best
R
@
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@
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Learn to “Update Parameters”

Alpha Evolve
https://deepmind.google/blog/alphaevolve-a-gemini-pow
ered-coding-agent-for-designing-advanced-algorithms/
Shinka Evolve
https://arxiv.org/abs/2509.19349

[ algorithm |[ score | =e——jpp- =P | new algorithm |




Learn to “Update Parameters”

Self-Adapting LLMs (SEAL)

RL Outer Loop Iterationt

. ' Test
SE, — Optimize ,C,( 0, B )—> 0; > Mgy -

Test Ans
(x5 M 6, SE, - Optimize L( 5, @) )-> o) > M6 -

. Test 2 A
SE, — Optimize ,C( - 91,)—3‘ o, == - IME| - & «

(s2m, 5, %)

ward

https://arxiv.org/abs/2506.10943



Learn + How to Learn




Learn + How to Learn




Learn + How to Learn

V.Y
NS

f

9t1+1 = F(Htl oM )

9t1
%-»

9t2+1 = F(th F¢t’+1)




Meta Learning

Meta Learning:
Learn to learn

What'is learnable in a

learning algorithm?

Hung-yi Lee ’

What does “meta” mean? meta-X = X about X

(#42335252021] 5T2E Meta Learning (—) - T2 R RIERL T — [i%2352382021) T2Y Meta Learning (=) - B &7 Meta
BHhE=ESE

https://youtu.be/xoastiYx9JU?si=7rW7ULj1Zwj1MzNS https://youtu.be/QE8Eh-wm1Ts?si=Y-A9SEafbre6-zhf



Learning to (Learn at Test Time):

RNNSs with Expressive Hidden States
https://arxiv.org/abs/2407.04620




Transformer
A9 5% = & 1P

[ XAIBF TRIBE235235(2025)] 5BMUEE : Transformer BB XEERTIE 2 43
Transformer BER B EM

https://youtu.be/gjsdVi90yQo?si=voyQ4GivpFn8SXIC



;
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Contextual
Update
Learning

Core
Attention
v
®
L 2
In-context
Learning

&

“ Learnable Data-Independent Weights

Persistent
Memory
Fixed

Titans
https://arxiv.org/abs/2501.00663

g Gradient Flow Gradient Flow

Nested Learning
https://arxiv.org/abs/2512.24695 Gradient Flow
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Intrinsic Motivation
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Intrinsic Motivation

H

=

“be good
at math”




Intrinsic Motivation

 Curiosity-driven
 Empowerment

H

[ GOAL

“be good
at math”

https://arxiv.org/abs/1705.05363
https://arxiv.org/abs/1810.12894
https://arxiv.org/abs/2505.17621
https://arxiv.org/abs/1509.08731
https://arxiv.org/pdf/2506.06725



Intrinsic Curiosity Module

B
I
¢(51+1)_' diff

¢ is useful features
related to actions

P(sg41)

Feature ‘
Ext

d with EverCam

https://youtu.be/-5cCWhu00aM?si=-# Nt wewo camdermy com

&t=547 DRL Lecture 7: Sparse Reward
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fik =t S e <2

L BSARE 2438 3. A 4. KBERIL
LEREFREEME - REWMENHMILEERHD MR S 184K - HBBRRETH MK
HILENRTREREOHNILE - RESRRRE - REMESE  H¥H - HECRTFHNES
MEEAMBT-R - EENEGHUBHTX - EME "Ri989EAL,
EETREOAR ( Runaway Evolution) -+
(Blio : EFHMRABBM -

RTFE) -

MILE R REME — MZBi2 REMHREE - REBESE -
RERENHELE ESaR BEFREEH RARR - BHEMERT



Fik = 42 2
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https://zh.wikipedia.org/zh-tw/%E6%A9%9F %E6%A2%B0%E5%85%AC%E6%9
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