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The Promise of Recursive Self-Improvement (RSI)

What will happen next??

Predicting the future by
learning from the history




Self-Improving Systems back a decade ago
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AlphaGo (2016)
(Self-play, with human knowledge)

AlphaZero (2018)
(Self-play, No human knowledge)



OpenGo (2018)

Vs top professional players

e i e o

Kim Ji-seok 3590 (#3)

Shin Jin-seo 3570 (#5) 5-0 g

©
Park Yeonghun 3481 (#23) 5-0 >
Choi Cheolhan 3466 (#30) 5-0

Single V100 GPU, 80k rollouts, 50 seconds
Offer unlimited thinking time for the players

0 100 200 300
Vs professional players Move number
Single GPU, 2k rollouts, 27-0 against Trained on 2k GPUs for 2 weeks, No human knowledge
Taiwanese pros. Evaluated with a single V100 GPU

[Y. Tian et al, ELF OpenGo: An Analysis and Open Reimplementation of AlphaZero, ICML 2019]



AlphaZero

Generate
Training data

A

Without human knowledge

v
|< Self-Replays

[D. Silver et al, Mastering the game of Go without human knowledge, Nature 2017]




Generating Self-play Games
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Model + Harness = Self-Improvement

Monte Carlo Tree Search (MCTS):
Search towards the good nodes while keeping exploration in mind

(a) 0.6 / 50 (b) (mean perfot(')l.za:rfcoe / visitation) (C) 0.61 / 51
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2026: What’s the difference?

Abundant world knowledge

Diverse Thinking patterns

Understanding of concepts b

Large Language Models

¢ Human Knowledge / Heuristics
X Machine learned models
Model with General knowledge



Challenges in Recursive Self-improvement

o Data, need more data

@ More data, _ SMARTER MODELS
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‘ 9 Memory, Long Context & Continuous Learning

CONTEXT WINDOW . - 'CONTINUOUS LEARNING

& System prompt Q A QB

& User conversation |
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@ Web pages

Improve Update

Stronger over time!
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EVALUATION COSTS

+/ Benchmarks

&/ Human evals
W Safety tests
/ A/B testing

L@ Smarter efficiency = more intelligence per dollar

A large-scale RSI system with:

. detailed engineering design
. research breakthroughs

N



Data, data and More data
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Data, data and More data

Generating Synthetic Environment/Data Distribution on the Fly

Solver: Learning using RL on the current environments

outcome
N
~ -

Generate hard environment on the fly

min max EQN &~ T Sol [R(q7 a)]
T'Sol

Proper regularization is needed to avoid reward hacking

(e.g., adding quality metrics to make it general-sum game)

[J. Kuba, Language Self-Play For Data-Free Training]



W Data, data and More data

Generating Synthetic Environment/Data on the Fly

AlpacaEval: LSP (no data) vs RL (data) — Win Rates by Dataset
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[J. Kuba, Language Self-Play For Data-Free Training]



W Data, data and More data

Generating Synthetic Environment/Data on the Fly

Box 4: Challenger-Generated Prompts

500 iterations. Create a treasure map on a deserted island using a piece of paper, a pen, and two
different rocks.

1000 iterations. Generate a set of instructions that an 5-year-old can follow to build a simple
bridge using only 10 wooden blocks, a piece of string, and scissors, without a template or any external
aid, within a 10-minute time frame.

1500 iterations. Write a 2048-line assembly code for a subtracting two 16-bit numbers stored in
two consecutive 32-bit registers. The numbers should be stored in the registers and the result should
be automatically saved in a new register.

[J. Kuba, Language Self-Play For Data-Free Training]



& Memory, Long Context and Continuous Learning

Claude Code Memory Architecture

All memories stored as transparent, auditable markdown files

‘. User Memory 0 Feedback Memory
w
Role, preferences, Corrections, validations,
expertise, knowledge approach guidance

n-s Project Memory Reference Memory

Goals, initiatives, Pointers to external
deadlines, active work systems and tools



& Memory, Long Context and Continuous Learning

OpenClaw Hybrid Search from Memory

From user query to ranked results in a single call

Vector Path

Embed query = cosine similarity

via sqlite-vec Post-Process

Weigh
9 13131. teed 9 ° MMR diversity
8 . Temporal decay
0.7 vec + 0.3 text . Top-K limit

Keyword Path
B

Tokenize - BM25 via FTS5
unicode61 or trigram (CJK)

Both paths run in parallel against a SQLite database — vector via sqlite-vec extension, keywords via FTS5 full-text index




Cost and Latency in Context Design

If you change the content at the beginning of KV cache, all subsequent content will have cache miss —> High cost and latency!

CONTEXT @ step n CONTEXT @ step n+1

Instruction Instruction

-~

Cache Hit

Observation 1

Action 2 Action 3

: Cache Miss
="

Action 3

Observation 3

Observation 2

CONTEXT @ step n CONTEXT @ step n+1

o Keep your prompt prefix stable.

Action 1 Make your context append-only.

Observation 1

Cache Hit

Observation 3

S mmmmRARRRRRRRRRRRERREERLEEAL AL EAAnaay .

Action 2

Observation 2

Action 3

fix(cache): compact newest tool results first to preserve prompt
- cache prefix #58036

Il B odysseusO merged 2 commits into openclaw:main from bcherny:cache/context-guard-reverse 3 16 hours ago

) Conversation 3 -o- Commits 2 [E) Checks 33 Files changed 3 +14 -8 888
x V * bcherny commented 5 days ago Contributor Reviawers
No reviews
Problem
Assignees
compactExistingToolResultsInPlace (src/agents/pi-embedded- ° odysseus0
runnerj/tool-result-context-guard.ts:111) iterated front-to-back. When
. . . . context exceeded 75%, it replaced the oldest tool results with
https://manus.im/blog/Context-Engineering-for-Al-Agents-Lessons-from-Building-Manus [conpacted: +..1 placeholders first. This rewrote messages (k] for small Labele
k, invalidating the provider prompt cache from that point onward on every @ -

turn past the threshold.


https://manus.im/blog/Context-Engineering-for-AI-Agents-Lessons-from-Building-Manus

Accuracy

Long-lasting Issues in Long Context

20 Total Retrieved Documents (~4K tokens)
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Long-lasting Issues in Long Context

Memory Retrieval Memory Evolution Memory Condensation
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Token length bin [Y. Zhao et al, AMA-Bench: Evaluating Long-Horizon Memory for Agentic Applications]



Continuous Learning

TTT-Discover

Mathematics Kernel Eng. (TriMul) Algorithms (AtCoder) Biology
Erdés’ Min. Overlap (1) A100 (1) H100 (]) Heuristic Contest 39 (T) Denoising (T)
Best Human 0.380927 [20] 4531 ps 1371 ps 566,997 [56] 0.64
Prev. Best Al 0.380924 [50] N/A N/A 558,026 [37] N/A
TTT-Discover 0.380876 2198 pis 1161 ps 567,062 0.71
. Best from
5th Human = TTT-Discover Best Human TTT-Discover
(3655s) [ Best-of-N (1371ps) (1161ps)
~ Ty Best-0f-25600 : ~ T : i
0 (5352ps) i ~ T, 04 o, !
: : : <y
! precision core operations -
Slowest GPUMode TriMul Competition Kernel Runtime (H100) Fastest

]ﬂ (0) = IEs~reuse(H) [log IE“Nﬂg(-ls) [eﬁ(S)R(s,u)]]

Fine-tune a model that favors maximal rewards

(Want maximal performance rather than average performance)

The fine-tuned model becomes specific to the
task (loss of diversity)

[M. Yuksekgonul et al, Learning to Discover at Test Time]



Back to Games

“Grandmaster-Level” Chess Without Search

Lichess Elo
Agent Train Search Input Tournament Elo  vs. Bots vs. Humans Puzzle Acc. (%)
9M Transformer (ours) SL FEN 2025 (£18) 2054 - 88.9
136M Transformer (ours) SL FEN 2259 (£16) 2156 Blitz game-only 94.5
270M Transformer (ours) SL FEN [2299 (£15) 2299 | 2895 95.4
GPT-3.5-turbo-instruct SSL PGN - 1755 - 66.5
AlphaZero (policy net only) RL PGN 1777 (£25) - - 56.1
AlphaZero (value net only) 2™ RL PGN 1992 (+19) - - 82.0
AlphaZero (400 MCTS sim.) Par@meters gy, v PGN 2470 (+16 - . 95.6
Leela Chess Zero (policy net only) RL PGN 2292 (£16) 2224 - 88.6
Leela Chess Zero (value net only) RL PGN 2418 (+16) 2318 - 95.9
Leela Chess Zero (400 MCTS sim.) RL v PGN 2858 (+20 2620 - 99.6
Stockfish 16 (50ms per move) [oracle] SL v FEN + Moves 2711 (£18) 2713 - 99.8
Stockfish 16 (1.5s per board) SL v FEN + Moves 2935 (£23) 2940 - 100.0

With Search (harness) >> Without search

Maybe Agent Harness is still needed even if the model is strong

[A. Ruoss, et al, Amortized Planning with Large-Scale Transformers: A Case Study on Chess]



Better Search Strategies

No good representation With good representation



&) Better Search Strategies

How to represent the “Action Space”

0.71
Depth ={1, 2, 3, 4, 5} Global is better!
Channels = {32, 64} 1364 networks. 0.70;
KernelSize = {3x3, 5x5} 30.69
5
5068 /

Goal (Neural Architecture Search) o6 "~ global
Find the network ' —— sequential
ith th ing f ials. : '
with the best accuracy using fewest trials 0.66 ; 550 1000

# samples
Representation of action space sequentia global
Sequential = { add a layer, set K, set C } R ‘ %
Global = { Set depth, set all K, set all C } E‘ ©O ‘ El O O |

accuracy accuracy

[L. Wang, R. Fonseca, Y. Tian, Learning Search Space Partition for Black-box Optimization using Monte Carlo Tree Search, NeurlPS 2020]
[L. Wang, S. Xie, T. Li, R. Fonseca, Y. Tian, Sample-Efficient Neural Architecture Search by Learning Action Space, TPAMI 2021]



Better Search Strategies

the current best acc

Latent Space Monte Carlo Tree Search (LaMCTS)

0.943

0.942

0.941

0.940

0.939

(a) Learn the action space.

»
| o

NASBench-101

Random

Regularized Evolution(RE)

MCTS

Neural Architecture Optimization(NAO)
Bayesian Optimization(BO)

Latent Actions(LaNAS)

0 100000 200000 300000 400000
ith sample

Bad region
< @

Property Value

Property Value

Good region

(b) Search using learned action space until
a fixed #rollouts are used.

Recursive self-improvement loop

U/

Molecule Design
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[L. Wang, R. Fonseca, Y. Tian, Learning Search Space Partition for Black-box Optimization using Monte Carlo Tree Search, NeurIPS 2020]
[L. Wang, S. Xie, T. Li, R. Fonseca, Y. Tian, Sample-Efficient Neural Architecture Search by Learning Action Space, TPAMI 2021]

[K. Yang, T. Zhang, ... Y. Tian, Learning Space Partitions for Path Planning, NeurlPS 2021]

[Y. Zhao, ..., Y. Tian, Multi-objective Optimization by Learning Space Partitions, ICLR 2022]



Better Search Strategies

Is Reinforcement Learning (RL) the best strategy?

reference model

@

Ay
@ Human defines “What?” S A2
ol
sets evaluation criteria, provides initial solution A
and optional background knowledge S It
(b) Training-free GRPO
% controller
Problem Improved dat E ibw o)
definition solution S| [2noom)

g AlphaEvolve figures out “How?”

Gun - H B uw

summarize G extract
experience

i I . e ]
| |
| i rich context containing | ék
1 } !
| | |

1
1
1
1
1
1
1
6roup Computation !
1
1
1
1
1
1
1
1

past trials and ideas

Prompt sampler . AIME Benchmarks Training Cost Training Data
____________________________ AlME24 AIME25 Loooo | ~10000 17500 | 17000
80
programs to improve proposals of & . 15000
. N 5 = 72.6 . 8000
and act as inspiration improved programs i o | 686 679 12500
o I~ k)
FTTTTTI T T T . . %50 g 6000 g‘mooo
! @ | programs with quality scores g o0 54 38 & oo
! — i and other feedback © 4000 *
iProgram database | oo 5000
b ] 2 2500

W/o W/o  With With W/o W/o  With  With

tool tool tool tool tool tool tool tool
+0urs +0urs +0urs +0urs RL Train Ours RL Train Ours
(32B) (671B) (32B) (671B)

[A. Novikov et al, AlphaEvolve: A coding agent for scientific and algorithmic discovery] [Y. Cai et al, Training-Free Group Relative Policy Optimization]



& Cost of Training and Evaluation

. . -~
Training compute of notable models Z EPOCHAI
Training compute (FLOP) 443 models
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What'’s the solution if we want to
do recursive self-improvement?



Cost of Training and Evaluation

©'UJ* arams “
e ,,c&) i g

Q (,«'_ | capabilities
il Y eesal

Scaling ladders

Large, complex model
(black box)

Surrogate model = simpler proxy

that imitates the larger model

Surrogate models

Interpretability
(Open the blackbox)



Cost of Training and Evaluation

Mechanistic Interpretability UNDERLYING -~
£ *| " THEORY @

A theory explains why models learn
the way they do.

A
00 Why d?es it7 A

Q & learn this way? 7 4 (7 n

/—] MODEL LEARNING ] W/
DATA Ly e
g J\/\/’ DYNAMICS

) - - =~ - How training

% ARCHITECTURE I

© V0 changes the model.
‘ OPTIMIZATION

é@ INDUCTIVE

BIAS J —

,
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° /’: GENERALIZATION
« Why it works on
L,’ ° unseen data.
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Summary

‘{ o Data, need more data

More data,
77 | better nteligence!
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More synthetic data

Lfﬁ&f/ﬂﬂﬂ Environment generation

9 Better Search Strategies

e = | S
‘} + %, 7= Is RLthe best strategy?
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 Backrckig

Pay attention to the representation

i e Memory, Long Context & Continuous Learning

CONTEXT WiNDOW ‘CONTINUOUS LEARNING

B s | a—®

Observe eam )
~2 =)

il «— &
Improve Update
Stronger over time!

LONG
CONTEXT

EVALUATION COSTS

 Benchmarks

& Human el
& Ssfeytests
& ABtesting

Detailed engineering design

Update weights on the fly

Scaling Ladders
Surrogate Models

Interpretability



Summary

Can the research ideas presented in this talk automatically discovered by Al?



Thanks!



