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Part 1 - Reasoning SEXXT, it KEEIHE—1 8

— kIR <The Second Halfy (2025-04) - https://ysymyth.github.io/The-Second-Half

- Y 47 ¢9Y

The Second Half

tidr: We're at Al's halftime,

For decades, Al has largely been about developing new training methods and models. And it worked: from beating world
champions at chess and Go, surpassing most humans on the SAT and bar exams, to eaming IMO and 0 gold medals.
Behind these milestones in the history book — DeepBlue, AlphaGo, GPT-4, and the o-series — are fundamental
innovations in Al methods: search, deep RL, scaling, and reasoning. Things just get better over time.

So what's suddenly different now?

In three words: RL finally works. More precisely: RL finally generalizes. After several major detours and a culmination of
milestones, we've landed on a working recipe to solve a wide range of RL tasks sing language and reasoning. Even a
year ago, if you told most Al researchers that a single recipe could tackle software engineering, creative writing, IMO-
level math, mouse-and-keyboard manipulation, and long-form question answering — they'd laugh at your hallucinations.
Each of these tasks is incredibly difficult and many researchers spend their entire PhDs focused on just one narrow
slice.

Yet it happened.

So what comes next? The second half of Al — starting now — will shift focus from solving problems to defining
problems. In this new era, evaluation becomes more important than training. Instead of just asking, “Can we train a
model to solve X?", we're asking, “What should we be training Al to do, and how do we measure real progress?” To
thive in this second half, we'll need a timely shift in mindset and skill set, ones pethaps closer to a product manager.

The first half
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REM .
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Transformer > 160ko

> [N L RBFT 5% — € benchmark — & EHE benchmark — &R

> AT ATIER: HELESYE. BbESER.
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Recipe #{AI#11T: % bench EE AR _EXH)

1. #f bench HIL: TENEFRET, BEUEIEIE (ERER / RBEN).

2. prior ZELRH): BEEEEIBIES. HAMMRSEIR TEEMLIEERE.

3. IEMHREIE: 1% bench BNHIEFLERBE, EFIRIER (FHiFs / BRERE
28) o

4. ff RL (Reinforcement Learning) : rollout + FU3ERE), KEEHEE (GRPO #&); 1&E
B2 K4 CoT (Chain-of-Thought) .

5. bench #RI EE: 2B EFH. £REIW—ATL T43% H/NTE] SHT—RE
EE R,

—recipe EEZRH BHYIMT «The Second Half»
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TE1%: I optimization 3:F] evaluation

> & recipe BiX A [FALZHE/NGE, benchmark +3%] HRHEIZERX T—REE
—EFEE +20-30%-

» BERARZE Tbenchmark REZE |, ME: benchmark Bf2& Kt FIRIEATRESE T o

> BRIXx— MESNAETS. BAEE] vs E: AL agent £F2XH — Chatbot
Arena~ tau-benche.

> BRIEZ TEHIid ] vs B BFRX repo BHHEE (Google SWE); BKHERICIZHI
agent, £ 100 MEEF5E 1 M AR

» Utility problem: #/Go/SAT (satisfiable) /bar/IOI/IMO #FR T, GDP JLF&5h
BN RBERBEENEEER /ISMENREN?
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Part 2 : LLM Reasoning RJ#7 {2

—Lilian Weng «Why We Think» (2025-05) - https://lilianweng.github.io/posts/2025-05-01-thinking/

Log & |

Posts Archive Search Tags FAQ

Why We Think

Date: May 1, 2025 | Estimated Reading Time: 40 min | Author: Liian Weng

» Table of Contents

Special thanks to John Schulman for a lot of super valuable feedback and direct edits on this post.

Test time compute (Graves et al. 2016, Ling, et al. 2017, Cobbe et al. 2021) and Chain-of-thought
(CoT) (Wei et al. 2022, Nye et al. 2021), have led to significant improvements in model
performance, while raising many research questions. This post aims to review recent developments
in how to effectively use test-time compute (i.e. “thinking time”) and why it helps.

Motivation

Enabling models to think for longer can be motivated in a few different ways.

Analogy to Psychology

The core idea is deeply connected to how humans think. We humans cannot immediately provide
the answer for "what's 12345 tines 567897" . Rather, itis natural to spend time pondering and
analyzing before getting to the result, especially for complex problems. In Thinking, Fast and Slow
(Kahneman, 2013), Daniel Kahneman human thinking into two modes, through the
lens of the dual process theory :

« Fast thinking (System 1) operates quickly and automatically, driven by intuition and emotion
while requiring ltte to no effort.
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Test-time compute Z—RFTHI scaling 4

i

» |H scaling law F9H: 82 N. 38 D. %k compute C; TEZ—IR: HEREELS
%'l computation.

> 5 token ITEE ~ 2x BHE (MoE BF& sparsity); CoT LLEENENER token 5t
BREREITHE.

> R THEMEEREN —B—EUEEXY 1+ 1 5 IMO BN ZA—HZMNITH
“CoT has a nice property that it allows the model to use a variable amount of compute
depending on the hardness of the problem.”

C

—Lilian Weng, Why We Think
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[& - test-time scaling law (Snell et al. 2024)

Iteratively Revising Answers at Test-time

Comparing Test aining Compute
uation

ttime and Pre
Compute Optimal Revisions ina FLOPS Malched Evaal

MATH Accuracy (%)

Testime Search Again:

Compute Optimal Search

Inference Tokens o Prtraining Tokens

Snell, Lee, Xu, Kumar. Scaling LLM Test-Time Compute Optimally can be More Effective than Scaling Model
Parameters, Figure 1 - arXiv:2408.03314
> %045 compute-optimal HY test-time S3ECEE best-of-N B3 4x PALE; FLOPs
(floating-point operations) PLEE T, /NMEE! ttest-time 75 /AR 14x KEER—o
BB AE] .
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- TTS X% budget forcing (sl)

Competition Math
60 (AIME24)

Forcing 2048/4096 max thmklng
tokens
°\°
>~
o
g
3
o
)
<
Ignoring end-of-thinking 2x/4x/6x and
201

appending “Wait” thus forcing it to continue
reasoning when it tries to stop

1024 2048 4096 8192
Average thinking time (tokens)

Muennighoff et al. s1: Simple test-time scaling, budget forcing (GBf “wait” R KEE)
> 735%: M Qwen2.5-32B-Instruct ZR{M%J 1000 &1 CoT i 7B 5 si;
budget forcing (GEfI “Wait” £238. “Final Answer:” ZHT) o

> ZOEEL: thinking tokens SRR IEAX; F rejection sampling K E & kK=
= KEIFHER.

- arXiv:2501.19393
test-time FH
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* TTS (Test-Time Scaling) XZ&: CoT YZEREMIERIK

® Standard prompting
% Chain of thought prompting

50 MultiArith GSM8K
340
[}
§ 30
220
A
10
0 100 110 100

Model scale (# parameters, in billions)

Wei et al. 2022 (Chain-of-Thought); E#£5|E Lilian Weng <Why We Think» blog

> ZOEER: CoT B ES FREAR B M ARE I HF AR —test-time compute A [EIHR & 5 FERE
Nk,
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TENA: FHEEER

Zp ply | xz), z= B4k

%% CoT /| BR = MBR p(z| x,y) K.
» Ftt best-of-N. beam. self-consistency & —— MG : MK B RIFHFEAR.
> HEERET log-loss AMMAMMZBRER (5Mll%E—20.
&R Ling'l7 AQUA-RAT — Cobbe'21 GSM+verifier — Nye'21 scratchpad — Wei'22 CoT

— Kojima'22 “think step by step”; FB/ERER BAWIEES (STEM FBER. KRBEN)
Ef# RL — 01/03/R1.
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Computer Science > Computation and Language
[Submitted on 28 Jan 2022 (v1), last revised 10 Jan 2023 (this version, v6)]

Chain-of-Thought Prompting Elicits Reasoning

Large Language Models
Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten Bosma, Brian Ichter, Fei Xia, Ed Chi, Quoc Le, Denny Zhou

We explore how generating a chain of thought -- a series of intermediate reasoning steps -~ significantly improves the ability of large
language models to perform complex reasoning. In particular, we show how such reasoning abilities emerge naturally in sufficiently large
language models via a simple method called chain of thought prompting, where a few chain of thought demonstrations are provided as
exemplars in prompting. Experiments on three large language models show that chain of thought prompting improves performance on a
range of arithmetic, commonsense, and symbolic reasoning tasks. The empirical gains can be striking. For instance, prompting a 5408
parameter language model with just eight chain of thought exemplars achieves state of the art accuracy on the GSM8K benchmark of math
word problems, surpassing even finetuned GPT-3 with a verifier.

Subjects: Computation and Language (cs.CL); Artificial Intelligence (cs.Al)
Citeas:  arXiv:2201.11903 [¢s.CL]
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(Process Reward Model) / REBASE / RATIONALYST; Xie'23 S HiIFERERIRE
+5-6%

> Wang&Zhou'24: E—KHE token 3% top-1/top-2 BIEEZENX . Z/G greedy — B
@I CoTo

14 /81



MEfge: BURAEKRTE (REER)

“..this self-correction capability turns out to not exist intrinsically among LLMs ..(1)
hallucination, including modifying correct responses to be incorrect; (2) behavior col-
lapse to non-correcting behavior ..or (3) fail to generalize to distribution shift at test
time.”

—Lilian Weng, Why We Think

> MIERERE—T] FREZFBFE: BXYRE. RIEM/NK 2B ESR.

> HHY revision EEINSE: verifier FMER R unit test~ HE[ TN critico

» iJlZk corrector: Welleck’23 F value-improving pairs; SCoRe B EZ RL (BEE— KL
(Kullback-Leibler) RZARE—RIEE) Biifide.

> Snell’24: ZEHHRITEIF, EHEZF/FRMELL.
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Computer Science > Computation and Language
[Submitted on 22 Jan 2025 (v1), last revised 4 Jan 2026 (this version, v2)]

DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement
Learning

DeepSeek-Al, Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Peiyi Wang, Qihao Zhu, Runxin Xu, Ruoyu Zhang, Shirong
Ma, Xiao Bi, Xiaokang Zhang, Xingkai Yu, Yu Wu, Z.F. Wu, Zhibin Gou, Zhihong Shao, Zhuoshu Li, Ziyi Gao, Aixin Liu, Bing Xue,
Bingxuan Wang, Bochao Wu, Bei Feng, Chengda Lu, Chenggang Zhao, Chengai Deng, Chenyu Zhang, Chong Ruan, Damai Dai,
Deli Chen, Dongjie Ji, Erhang Li, Fangyun Lin, Fucong Dai, Fuli Luo, Guangbo Hao, Guanting Chen, Guowei Li, H. Zhang, Han Bao,
Hanwei Xu, Haocheng Wang, Honghui Ding, Huajian Xin, Huazuo Gao, Hui Qu, Hui Li, Jianzhong Guo, Jiashi Li, Jiawei Wang,
Jingchang Chen, Jingyang Yuan, Junjie Qiu, Junlong Li, J.L. Cai, Jiaqi Ni, Jian Liang, Jin Chen, Kai Dong, Kai Hu, Kaige Gao, Kang
Guan, Kexin Huang, Kuai Yu, Lean Wang, Lecong Zhang, Liang Zhao, Litong Wang, Liyue Zhang, Lei Xu, Leyi Xia, Mingchuan
Zhang, Minghua Zhang, Minghui Tang, Meng Li, Miaojun Wang, Mingming Li, Ning Tian, Panpan Huang, Peng Zhang, Qiancheng
Wang, Qinyu Chen, Qiushi Du, Ruigi Ge, Ruisong Zhang, Ruizhe Pan, Runji Wang, R.J. Chen, R.L. Jin, Ruyi Chen, Shanghao Lu,
Shangyan Zhou, Shanhuang Chen, Shengfeng Ye, Shiyu Wang, Shuiping Yu, Shunfeng Zhou, Shuting Pan, S.S. Li et al. (100
additional authors not shown)

General reasoning represents a long-standing and formidable challenge in artificial intelligence. Recent breakthroughs, exemplified by large
language models (LLMs) and chain-of-thought prompting, have achieved considerable success on foundational reasoning tasks. However,
this success is heavily contingent upon extensive human-annotated demonstrations, and models' capabilities are still insufficient for more
complex problems. Here we show that the reasoning abilities of LLMs can be incentivized through pure reinforcement learning (RL), obviating
the need for human-labeled reasoning trajectories. The proposed RL framework facilitates the emergent development of advanced reasoning
patterns, such as self-reflection, verification, and dynamic strategy adaptation. Consequently, the trained model achieves superior
performance on verifiable tasks such as mathematics, coding competitions, and STEM fields, surpassing its counterparts trained via
conventional supervised learning on human demonstrations. Moreover, the emergent reasoning patterns exhibited by these large-scale
models can be systematically harnessed to guide and enhance the reasoning capabilities of smaller models.

Subjects Computation and Language (c5.CL; Artifical Inteligence (cs.A): Machine Learning (cs.LG)
Citeas: arkiv:2501.12948 [es.CL]
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Computer Science > Artificial Intel
[Submitted on 17 Jul 2023]

Measuring Faithfulness in Chain-of-Thought Reasoning

Tamera Lanham, Anna Chen, Ansh Radhakrishnan, Benoit Steiner, Carson Denison, Danny Hernandez, Dustin Li, Esin Durmus,
Evan Hubinger, Jackson Kernion, Kamilé Lukogiate, Karina Nguyen, Newton Cheng, Nicholas Joseph, Nicholas Schiefer, Oliver
Rausch, Robin Larson, Sam McCandlish, Sandipan Kundu, Saurav Kadavath, Shannon Yang, Thomas Henighan, Timothy Maxwell,
Timothy Telleen-Lawton, Tristan Hume, Zac Hatfield-Dodds, Jared Kaplan, Jan Brauner, Samuel R. Bowman, Ethan Perez

Large language models (LLMs) perform better when they produce step-by-step, "Chain-of-Thought" (CoT) reasoning before answering a
question, but it is unclear if the stated reasoning is a faithful explanation of the model's actual reasoning (i.e., its process for answering the
question). We investigate hypotheses for how CoT reasoning may be unfaithful, by examining how the model predictions change when we
intervene on the CoT (e.g., by adding mistakes or paraphrasing it). Models show large variation across tasks in how strongly they condition
on the CoT when predicting their answer, sometimes relying heavily on the CoT and other times primarily ignoring it. CoT's performance
boost does not seem to come from CoT's added test-time compute alone o from information encoded via the particular phrasing of the CoT.
As models become larger and more capable, they produce less faithful reasoning on most tasks we study. Overall, our results suggest that
CoT can be faithful if the circumstances such as the model size and task are carefully chosen.

Subjects: Art Intelligence (cs.A; Computation and Language (cs.CL); Machine Learning (cs.LC)
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Mitigating reward hacking--where Al systems misbehave due to flaws or misspecifications in their learning objectives--remains a key
challenge in constructing capable and aligned models. We show that we can monitor a frontier reasoning model, such as OpenAl 03-mini, for
reward hacking in agentic coding environments by using another LLM that observes the model's chain-of-thought (CoT) reasoning. CoT

monitoring can be far more effective than monitoring agent actions and outputs alone, and we further found that a LLM weaker than 03-mini References & Citations
namely GPT-4o, can effectively monitor a stronger model. Because CoT monitors can be effective at detecting exploits, it is natural to ask NASA ADS

whether those exploits can be suppressed by incorporating a CoT monitor directly into the agent's training objective. While we show that Soogle Schalar
integrating CoT monitors into the reinforcement learning reward can indeed produce more capable and more aligned agents in the low

optimization regime, we find that with too much optimization, agents learn obfuscated reward hacking, hiding their intent within the CoT Export BibTeX Citation
while still exhibiting a significant rate of reward hacking. Because it is difficult to tell when CoTs have become obfuscated, it may be Bookmark

necessary to pay a monitorability tax by not applying strong optimization pressures directly to the chain-of-thought, ensuring that CoTs o

remain monitorable and useful for detecting misaligned behavior.
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Figure 1: (Left) The effect of current RLVR on LLM's reasoning ability. Search trees are generated by repeated sampling
from the base and RLVR-trained models for a given problem. Grey indicates paths that are unlikely to be sampled by
the model, while black indicates paths that are likely to be sampled. Green indicates correct paths, which has positive
rewards. Our key finding is that all reasoning paths in the RLVR model are already present in the base model. For certain
problems like Problem A, RLVR training biases the distribution toward rewarded paths, improving sampling efficiency.
However, this comes at the cost of reduced scope of reasoning capacity: For other problems like Problem B, the base
model contains the correct path, whereas that of the RLVR model does not. (Right) As RLVR training progresses, the

average performance (i.e., pass@1) improves, but the coverage of solvable problems (i.e., pass@256) decreases, indicating a
reduction in LLM'’s reasoning boundary.

Yue et al. Does Reinforcement Learning Really Incentivize Reasoning Capacity in LLMs Beyond the Base
Model?, Figure 1: ZZ =RLVR (Reinforcement Learning with Verifiable Rewards) HIiEZ#HREIFEEDHENEER;
A = IZRHEHA pass@1 Ft. pass@256 B ZFE - arXiv:2504.13837
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Building agents with LLM (large language model) as its core controller is a cool concept. Several
proof-of-concepts demos, such as AutoGPT, GPT-Engineer and BabyAG, serve as inspiring
examples. The potentiality of LLM extends beyond generating well-written copies, stories, essays
and programs; it can be framed as a powerful general problem solver.

Agent System Overview

In a LLM-powered agent system, LLM functi the agent's brain,
by several key components:

« Planning
o Subgoal and decomposition: The agent breaks down large tasks into smaller, manageable
subgoals, enabling efficient handiing of complex tasks.
o Reflection and refinement: The agent can do self-criticism and self-reflection over past
actions, lean from mistakes and refine them for future steps, thereby improving the quality of
final results.

« Memory
© Short-term memory: | would consider all the in-context learning (See Prompt Engineering) as
utilizing short-term memory of the model to learn.

FAQ
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Z—HEZE (2023): Brain + Planning + Memory + Tools

| Short-term memory || Long-term memory |

Calendar ()

Calculator ()

| CodeInterpreter () [ Tools [«

T
Search () :
1
1

1
1
1
1
1
Yy

...more

Memory |
I
|
v
Agent | Planning
Action

Reflection

Self-critics

Chain of thoughts

Subgoal decomposition |

“In a LLM-powered autonomous agent system, LLM functions as the agent’s brain
..Planning (subgoal decomposition, reflection and refinement), Memory (short-term =
in-context; long-term = external vector store + fast retrieval), Tool use (external APls,

code execution...).”

—Lilian Weng, LLM Powered Autonomous Agents (2023)
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Planning: CoT / ToT (Tree of Thoughts) / ReAct / Reflexion

>

>

>

>

CoT = Z'M% planning; ToT = branching planning (2% thought B#, BFS/DFS +
DR/ ZHE).

ReAct #E thought — action — observation & {EIR
harness FIE AL

Reflexion B—&: KMEIERALES KA memory it T— episode #/H; B&R&KIE
(KA | EEAERERME = £5t) .

Chain of Hindsight: 7 & IRAVE S FHIM SFT; Algorithm Distillation: B
episode % >] i 24 behavior cloning——2% RL KJiZF2M3E task policy (7 2-4 episode
ET30.

EX T ERERZE agent
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ReAct BISEIL 54T

> FN{EZT8]: task-specific BEIENTE + BETHIFHE; FIRESHE =
search[query] / lookup[term] / finish[answer] (Wikipedia API); B & /Web {£5%
FRIREEAITE (ALFWorld $§%+ WebShop BRERIE) .

> EIRHEIN: Thought — Action — Action Input — Observation 32%; thought F B RIE
SHEBYIRESE T —21TK, observation EIEINE K 5o

> AN BEXFEMEE few-shot prompting (AL P EHHILE(EREI, TilZ);
ALFWorld/WebShop 5% imitation learning + RL %A,

> GHEE: Act-only HZ (X#F Thought) £ HotpotQA/FEVER/ALFWorld/WebShop 1
BZE = 8] X—PHFMINE; BHUEANE. ATET.

> (ZIES5KM: finish shtESPE LR 1E; BAVRY = sHETEEN (BISERIMER) —
JaRH Reflexion B8 & TLAME,

> Hify: ZEIREEMLFETE agent harness TEIAM loop HIREL

—arXiv:2210.03629
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https://arxiv.org/abs/2210.03629

Memory 5 Tools: —TiH 1T

> ABNRBRET: sensory — embedding; short-term — in-context learning (BFR: & ETX&
ARRFD); long-term — FMFEEE + RIER.

> ¥ZE = MIPS + ANN (Approximate Nearest Neighbor) : LSH (Locality-Sensitive
Hashing) / ANNOY / HNSW (Hierarchical Navigable Small World) / FAISS / ScaNN
—&IRRE LW memory system, FN—H M.

» Tools: MRKL+ Toolformer (E#{ API). WebGPT. APl (Application Programming
Interface) -Bank. HuggingGPT. ChemCrowo

» Case: ChemCrow / B ERHF (Boiko) / Generative Agents (memory stream+ i BJEI
#<177) / AutoGPT 5 GPT-Engineer (i< system prompt B PoC)o

29/81



A ABRFEWRFIE 24 FRILATH agent XE?

> BRI ETXESR: TR 4k—8k (GPT-3.5 4k« GPT-4 8k/32k); EMEEFR 100k+
KEO, BRFAZEFTEMR (lost-in-the-middle) »

> TREXEHZNNARE: ETXLRTE (FREERFE/ER) . BHEBELRRE (K
CoT E% BAUTA ). THARBMNEMR BXHE. SELK. k). BLEREE
(K system prompt FITAE) o

> XEFESKELFZEER[BM: A~ context, BRABERETHECREISERANE.

> FTLARIEX A ZIBRRIRFIRIER T EAR; BEE 25 FEM harness / 4HE / Wik
Tk
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Part 4 - Agent Harness fl1 B#i%{X

—Lilian Weng harness blog (2026-07) + Anthropic AAR (Automated Alignment Researcher) (2026-04) -

https://lilianweng.github.io/posts/2026-07-04-harness/
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Harness Engineering for Self-Improvement

Date: July 4, 2026 | Estimated Reading Time: 31 min | Author: Liian Weng

» Table of Contents.

The concept of recu provement (RS1) dates back to L. J. Good (1965), where he
defined an “ultraintelligent machine” as a system that can surpass humans in all intellectual
activities and design better machines to improve itself. Yudkowsky (2008) used the phrase
“recursive self-improvement” for a specific feedback loop: an Al uses its current intelligence to
improve the cognitive machinery that produces its intelligence.

self

This feedback loop in modern Al may indicate the model rewriting its own weights directly, or more
broadly the model improves the training pipeline and the deployment system, which in turn enables
a better successor model with improved performance across economically valuable tasks. The
speed of research development in Al has been shown to drastically accelerated in frontier labs
(Anthropic; OpenAl)

1 explicitly mention “deployment system” because the layer between the raw model and the real-
world context seems to be as important as the model's raw intelligence (i. the evals right after
pretraining). Haresses are important components of Al deployment, as shown by successful
coding agent products such as Claude Code and Codex. A hamness is the system surrounding a
base model that orchestrates execution and decides how the model thinks and plans, calls tools
and acts, perceives and manages context, stores artifacts, and evaluates resuits.

This one post will focus on research around harness engineering and how it contributes to RSI.
Much recent work on auto-research, self-improving agents, and evolutionary program search can
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Harness BJEX 5 =1MZiHELR

>

>

EX: harness = BEEFEBEHHEMIT. REBE /AN TREER/RF/ LT/ F=Y/7F
fHHIARSE; XY 2023 HEZRZH workflow 3811~ evaluations permission control«
persistent stateo

Pattern 1 - Workflow automation: EFrSEFEIR plan — execute — observe/test —
improve — F§ execute, until B¥RIERY (karpathy autoresearch 2T/ #£f; Codex
agent loop: TEMF M N—XRERK); RIFRESTEHSHNITE KMEF, £
agent runtime ERMIEEELS prompto

Pattern 2 - XHRGIEFRAILIZ: FEHLED workflow S52EBHEE# context; #F
ZRSHEH (SRR HE- code diffs IR traces I rollout); RE 4% FS 2EIEH
EAliige, RARMEEREE DD,

Pattern 3 - Sub-agent 5/FAE%: 1T spawn subagent / ISR/ A job; A agent
BE/NEHEEESS (launch. BHAE. cancel merge BlE%); XBIRIT =iLHTE
KEATRE: FYERXXH/BERTER, mIEEREMAIR E T
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Zf: coding agent harness B & ULE]

Claude Code / Codex / OpenCode / Cursor 0O EFREANE—1 loop + —HTIT Bik:
> SUHFRSE: glob/grep/ls; read/read_many; write/edit/multi_edit/apply_patche
» Shell $14T: bash / PowerShell; 10: Isp. git_status/diff/commito

> NI ETSC: MCP (Model Context Protocol) tools< Skills; Web:
web__search /web_fetch /3 X288 o

> T 5s0/ER. £ HTML/EfR; EHB3HE: CronCreate/Delete/Listo
> Agent &£HE: spawn_agent / resume_agent / wait_agent / list_agents / close_agent /
interrupt_agento.
AREE—I: k& subagent] AFEERIETLREN—Part 4 4GRATISEXEE
BLT AP,
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RSI (Recursive Self-Improvement) S{4E4L 3T %R BB 15#

> RSIFER: I. J. Good (1965) HEEIREMNEE — Yudkowsky (2008) 3BY3 BBt ; MRS
= REHINGRKESHERE, mHEREHER,

> L ITER M progression: instruction prompts — structured context — workflow —
harness code — optimizer code. HEZE I, HIrEZR. HEWIER.

» IEHAFION : harness TF2E[E meta-methodology (¥ [BEIEFERMIVIES ] MmIE
BERAR); A harness 8¢ auto-research FIER, BRMEA R IIRBILE harness TE T
=k

> ZZ[HEEE prompt engineering: FTIRIGENFHEE, B5E BiR/AR/ L TX/E
HHIERIASHEE.
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8 context H{L{kLXt5: ACE (Agentic Context Engineering) / MCE (Meta
Context Engineering) / Meta-Harness

» ACE (Zhang'25): context = J&E{LHY playbook M IE#E L #EI<HT prompt; Generator F=3i
T Reflector MBRISEZRTRIE L Curator LA (identifier, description) sx BIGEFH; R
BIREE — [ context collapse 5 brevity bias; &AM EMIZE.

> MCE (Ye'26): XEfk——meta Ei#tfk [EIE context B skill | (BEFK. 7]
crossover) , base BTE skill & T context RE; MFIENBTSE.

> Meta-Harness (Lee'26): BR—E, MUNRRREREMTA/BUTA/ AEEETLH
{X85; proposer &K B FiZ coding agent, i Pareto BIMEHY harness {&ik; ©#HELE
X RS grep/cat 1[0,

> H)ll: —B harness IRITH A AT RZTIE, 38 coding agent FLAE exploit S AT
R B AT = iE.
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0 workflow I EXFR: auto-research HEZE

» Al Scientist (Lu'26, Nature): idea — X — SEI& — 24T — FH8 — peer review £
MIKER o

» ScientistOne (Meng'26): verifiability 3 F/.0IRTTAR— 5 claim (5|A/#1E/7
%/ 51R) FNEMIERIR, Chain-of-Evidence Bl

» Autodata (Kulikov'26): challenger / weak solver / strong solver / verifier FUF8, &
MEELFR ] EENEERE GRESEX. 55H); BR: 25U weak solver — B [E)#:
18, RSI B R

» ADAS (Automated Design of Agentic Systems) (Hu'25): meta-agent FI{XASIZ L 3T
agent IRt (archive LA CoT /self-refine FJ4R1L; self-refine BHIFUE; A AHTEIR) o

> AFlow (Zhang'25): workflow = B (7R =LLM EifE. i1 = REBIBEE), MCTS &
workflow $ E3£Z; QA (Question Answering) /code/math EftFF TS5 ADAS.
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X E - AFlow (Zhang et al. 2025)

Computer Science > Artificial Intel

Access Pape

[Submitted on 14 Oct 2024 (v1), last revised 15 Apr 2025 (this version, v4)]

View PDF
AFlow: Automating Agentic Workflow Generation HTML (experimental)
TeX Source
Jiayi Zhang, Jinyu Xiang, Zhaoyang Yu, Fengwei Teng, Xionghui Chen, Jiagi Chen, Mingchen Zhuge, Xin Cheng, Sirui Hong, Jinlin ~ viewicnse
Wang, Bingnan Zheng, Bang Liu, Yuyu Luo, Chenglin Wu Current browse context:
Large language models (LLMs) have demonstrated remarkable potential in solving complex tasks across diverse domains, typically by <prev | next>
employing agentic workflows that follow detailed instructions and operational sequences. However, constructing these workflows requires new | recent | 2024-10
significant human effort, limiting scalability and generalizability. Recent research has sought to automate the generation and optimization of Change to browse by:
these workflows, but existing methods still rely on initial manual setup and fall short of achieving fully automated and effective workflow ©
generation. To address this challenge, we reformulate workflow optimization as a search problem over code-represented workflows, where alc
LLM-invoking nodes are connected by edges. We introduce AFlow, an automated framework that efficiently explores this space using Monte e SE

Carlo Tree Search, iteratively refining workflows through code modification, tree-structured experience, and execution feedback. Empirical

evaluations across six benchmark datasets demonstrate AFlow's efficacy, yielding a 5.7% average improvement over state-of-the-art References & Citations

baselines. Furthermore, AFlow enables smaller models to outperform GPT-40 on specific tasks at 4.55% of its inference cost in dollars. The g::;\légfnmr
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Self-improving harness: STOP (Self-Taught Optimizer) / Self-Harness / AHE
(Agentic Harness Engineering) / DGM (Darwin Gédel Machine)

» STOP (Zelikman'23): 2ti# improver BS (I = li_1 (i, li—1; M)); 5B GA (Genetic
Algorithm) « HEHUB K. beam/tree search E5KHE; ER: GPT-4 2F
GPT-3.5/Mixtral & fBk——EBIALEMAR T, EEENDERZ .

» Self-Harness (Zhang'26): weakness mining (verifier-grounded KI#%3) — bounded 2
% — held-in+held-out EJIKIE, T@MIIF &I,

» AHE (Lin'26): =1R observability 4 (AfF/KWK/REK); 7 MNAIRBAN; SRFEE
= ANEAT S verlfier/tracer Rk — &3 —2 reward hacking; Terminal-Bench-2 &
AZEEIT harness, KREEFEITEFR SWE-bencho

» DGM (Zhang'25): coding agent &2 B 2/ harness {XF3E; SWE-bench Verified
20%—50%.
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AR fATHER

> ERKN: BRTEXR/FERE; BEERKERS ZIEE—harness REEGIE.

» Promptbreeder (RETIRREHGW#HL); GEPA (KB + ik, HFEREBEESRE
trajectory 2 prompt EH—FFR [GEPA F#] GRPOJ HI—Z&ME) .

» AlphaEvolve: {ZIEFEFFMt + &K% LLM F= diff; # EVOLVE-BLOCK #rig ] Bt X 13 ;
meta-prompt 5¥§< ik,

» ShinkaEvolve: parent sampling E# rank/FX#{. embedding R3ZM code-novelty &
< meta-scratchpad T23FHE .

> FR: AR BRTENL (FEFFESR. kernel. EERFE. BE); THHIE/EM/ BAR
FRRIBEEE I
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BIE T{E FunSearch: 8 LLM HiHLKEFEREF

> HEIR: BF (R &5, MIEFZEZE—Romera-Paredes et al. 2023, Natureo

> EIR: M islands (ZHEMNG, FHMEERBR) W EEXHEETFESLEFE
parent JiUi# prompt — LLM £ RIZEFFIEF — BEI evaluator TEIIZLH EFT5H —
BRELOS. LLM NRBR—KEXT, LRFEFH evaluator K.

> ZER: cap set n=8 MWIEH KR/ 512 (LLATERIE 496, ZTFRE|FAHMED); admissible
set ™53 ~: 2.2180 — 2.2184; online 1-D bin packing B & XBHA M B LR

> BN BRI LM #eE T + BT e 8F MR, R = Ratgs
BRE PHELIUIR

—DeepMind blog - github
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https://deepmind.google/blog/funsearch-making-new-discoveries-in-mathematical-sciences-using-large-language-models
https://github.com/google-deepmind/funsearch

AlphaEvolve H] setting 54 %

»

>

>

FhEf: IRIERRFEM (B repo); HREERY Gemini & coding agent DL diff F2 IR H B2
prompt = parent f2/F + WHEER + #§S + meta 5 E.

AIPA X, : # EVOLVE-BLOCK-START/END 2 HAFIZ; meta-prompt 55</ LT —i#2
Hifb (B EF—F#E TEADD.

S SN — 1 Z A5 evaluator BEXR R, archive/islands + EF embedding
FZHY novelty FELESRAEFTFhEEZE; JHREIAB LI FE. prompt LT3
meta-prompt. Xk Fig LLM BB K.

HER: 4x4 EHIEERE 48 KIFERE % setting T 56 fE3RXY Strassen BIEIX
B ; Google BAli&HE: FEH CIAREZE. BHIMEZABNINGESFMNE L. NE
AlphaEvolve B 5 EIERIIIZE kernel; 7B FunSearch XEENEZIMY BEEZ % /CS
F B

—Novikov et al. 2025 - arXiv:2506.13131
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GEPA: Reflective Prompt Evolution Can Outperform Reinforcement Learning

Lakshya A Agrawal, Shangyin Tan, Dilara Soylu, Noah Ziems, Rishi Khare, Krista Opsahl-Ong, Arnav Singhvi, Herumb Shandilya,
Michael J Ryan, Meng Jiang, Christopher Potts, Koushik Sen, Alexandros G. Dimakis, lon Stoica, Dan Klein, Matei Zaharia, Omar

Khattab

Large language models (LLMs) are gly adapted to tasks via learning (RL) methods like Group Relative
Policy Optimization (GRPO), which often require thousands of rollouts to learn new tasks. We argue that the interpretable nature of language
often provides a much richer learning medium for LLMs, compared to policy gradients derived from sparse, scalar rewards. To test this, we
introduce GEPA (Genetic-Pareto), a prompt optimizer that thoroughly incorporates natural language reflection to learn high-level rules from
trial and error. Given any Al system containing one or more LLM prompts, GEPA samples trajectories (e.g., reasoning, tool calls, and tool
outputs) and reflects on them in natural language to diagnose problems, propose and test prompt updates, and combine complementary
lessons from the Pareto frontier of its own attempts. As a result of GEPA's design, it can often turn even just a few rollouts into a large quality
gain. Across six tasks, GEPA outperforms GRPO by 6% on average and by up to 20%, while using up to 35x fewer rollouts. GEPA also
outperforms the leading prompt optimizer, MIPROV2, by over 10% (e.g., +12% accuracy on AIME-2025), and demonstrates promising results
as an inference-time search strategy for code optimization. We release our code at this https URL

Comments: ~ Accepted to ICLR 2026 (Oral). Code: this https URL
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AlphaEvolve (2025)

Computer Science > Artificial Intelligence

[submitted on 16 Jun 2025]

AlphaEvolve: A coding agent for scientific and algorithmic discovery

Alexander Novikov, Ngan Vii, Marvin Eisenberger, Emilien Dupont, Po-Sen Huang, Adam Zsolt Wagner, Sergey Shirobokov.

Borislav Kozlovskii, Francisco J. R. Ruiz, Abbas Mehrabian, M. Pawan Kumar, Abigail See, Swarat Chaudhuri, George Holland, Alex

Davies, Sebastian Nowozin, Pushmeet Kohli, Matej Balog

In this white paper, we present AlphaEvol

L an coding agent that enhances capabilities of state-of-the-art LLMs on
highly challenging tasks such as tackling open scientific problems or optimizing critical pieces of computational infrastructure. AlphaEvolve
orchestrates an autonomous pipeline of LLMs, whose task is to improve an algorithm by making direct changes to the code. Using an
evolutionary approach, continuously receiving feedback from one or more evaluators, AlphaEvolve iteratively improves the algorithm,
potentially leading to new scientific and practical discoveries. We demonstrate the broad applicability of this approach by applying it to
number of important computational problems. When applied to optimizing critical components of large-scale computational stacks at
Google, AlphaEvolve developed a more efficient scheduling algorithm for data centers, found a functionally equivalent simplification in the
circuit design of hardware accelerators, and accelerated the training of the LLM underpinning AlphaEvolve itself. Furthermore, AlphaEvolve
discovered novel, provably correct algorithms that surpass state-of-the-art solutions on a spectrum of problems in mathematics and
computer science, significantly expanding the scope of prior automated discovery methods (Romera-Paredes et al., 2023). Notably,
AlphaEvolve developed a search algorithm that found a procedure to multiply two 4 x 4 complex-valued matrices using 48 scalar
multiplications; offering the first improvement, after 56 years, over Strassen's algorithm in this setting. We believe AlphaEvolve and coding
agents like it can have a significant impact in improving solutions of problems across many areas of science and computation.
Subjects:  Artificial Intelligence (cs.Al); Machine Learning (cs.LG); Neural and Evolutionary Computing (cs.NE)
Citeas:  arXiv:2506.13131 [es.All
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BIE full RSI ORI (S5kMER)

>

>

SSMAEMIAY evaluator: FRR MR/ FraE/KEAMERESR,; BRUARMRAEEIREN
N TER%F.

context/iBIZEMEHE: context engineering A N ERERIZ-LEBS, MIEEBERMF
Eo

REER: XTI harmess Nit KM E IR P RE—MREE S EHERT AN
BEFFH .

LR 48 Sreward hacking: evaluator 5 permission control R A2 7E ML EER Z 4b
(held-out JUiK« trace BTt KBRALHE)

SCIERMART (Trehan&Chopra'26): I ZEIEEINREF - HITE ST implementation
drift« I21ZIBfE« over-optimism (p-hacking / “numerical duct tape”) . SUHESFITIRAR
E\ ﬁiiﬁluﬂisgo

FEPISE: PaperBench £fFE ~21% (& ML PhD); CORE-Bench f&x¥ 21%;
RE-Bench: 2h F% agent 4x A2, 8h/32h AKK#B; MLE-bench @K 16.9%.
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HEIRIAFZES]: Automated Weak-to-Strong Researcher

—Anthropic (2026-04) - https://alignment.anthropic.com/2026/automated-w2s-researcher/

Alignment Science Blog

NTENTS

Environment

Automated Wesk-to-

Sttong Researcher
Main Findings
Case Studies
Reward Hacking

Preiminary
Resuls from
Development Logs

Future work

t;dr

Automated Weak-to-Strong
Researcher

Jiaxin Wen", Liang Qiu*", Joe Benton’, Jan Hendrik Kirchner”, Jan Leike” April 2026

‘Equal contribution; "Anthropic Fellows Program; “Anthropic

We built autonomous Al agents that propose ideas, run experiments, and iterate on an open
research problem: how to train a strong model using only a weaker model's supervision.
These agents outperform human researchers, suggesting that automating this kind of

research i already practical
Research partially done as part of the Anthropic Fellows Program.

Code available here: it h.

Today's alignment progress is bottlenecked by human researchers. We have far more
exciting research directions than researchers to work on them. This forces a tradeoff: every
hour a researcher spends pushing on a well-specified problem is an hour not spent on the
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B 5igshE: PGR

> {E55 =weak-to-strong supervision: FSFMAEE (MER) jlHEFE (KED) BAA
BEINERMEE; 12 superalignment HE (ANMELEECTEM Al

» }E#x =Performance Gap Recovered (PGR) € [0,1]: 0= RLLEZETF, 1= BFEE
$E; F£ held-out (ID+00D) MIKE EH.

> AEEZL: AAEETE 7 XFE 4 MERMTE - PGR0.23.

» AAR (Automated Alignment Researcher): 9 34T Claude Opus 4.6 agents, 5 X / &
it 800 /A, 29 $18k (~$22/AAR-/INES) — PGR 0.97.

> IREE: = testbed (chat preference / math verification / coding verification) , ZIE#Hl
hack (fREFH. ZAERN); NESMHIFLEEH L sandbox, £ remote API 12
ZTHUMEL S ; RIRRE ARG ——HUZ 1L reward hacking B K.
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AAR (Automated Alignment Researcher) B9 setting: #&EZ!. #HFS5EZ%

» [a]f: weak-to-strong supervision FASS/MERISE 38 KIRE! (superalignment BY2ELEE
¥); #6F¥r PGR (Performance Gap Recovered) (0= ARtEE5ETLF, 1= BFEEKE).

> HEAIXT: weak = Qwenl.5-0.5B-Chat, strong = Qwen3-4B-Base (sweet spot: ZFE K.
SR TR BERHMIA <2h ATPRIEIER) .

> =4 testbed (JATHE. 1 hack BT IFEREEFE. ZAEER): chat
preference (HelpSteer2/3 )il +in-distribution (ID); RMBench+RewardBench 2 & OOD);
math verification (DAPO-Math-17K — AIME (American Invitational Mathematics
Examination) 2024/25); coding verification (TACO Z-F — TACO HI¥E-1R¥E) o

> B WOPNATHRELZE (BIRE/BESBIRE/TKE elictation/critic training) + &
flt{k zero-shot prompt; PGR 3%y 0.2; WAL1EE 7 K¥EIARF 0.23.

> i RTEHT hack BY chat LA hill-climbing; math/code B1EEHIEEZMHM KX (H
7 AAR £ EITEBEENER) .
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AAR (Automated Alignment Researcher) Z2#J: 3T sandbox + forum + 5MEB

=+
ITiXS

/> AAR 37 sandbox; BEZEIEFMHE: LI EFHEE forum. 3 codebase #
BB EEHEEM; FXEHEME sandbox SMNE (B agent i=M) o

MCP TE{X=H&: submit+ BXIFh4>; share/read findings; upload/download codebase;

HBAN R/ HEE helper SEL LI,

AHEEMIEM scaffolding: B EREMEFIREBIE. M de-risk L 47 YLk
dev-log Zilll: prescriptive scaffolding RMIEZ——EER/KZE (1€ idea— 11X - B
5 —smoke test— =il — 2247) & agent FEARKIERIR EFITEEMIT; T workflow
NEBRER: AFEEXREEIE, BIRBNA commit.
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ZW: HE. B ERESZL

» Directed vs undirected: %5 9 P AAR (Automated Alignment Researcher) & BRG]
(BEMERE) WEFRTE vs £EBE— prompt directed JELIREER. REES.

> JEIPHE: undirected T idea D FHLEIRE self-training Z/0E751E; A 11 NTEEN
Shannon 1BIRER, directed BHRUBH LEF4R.

> SXE: BHEZER PGR (Performance Gap Recovered) EF+; EHA PGR 4Lk
EXEFE AREEZ T trick THlE

» Z{k: SOTA (state of the art) idea (EM-based FIHFEEE) 1T %] held-out
math+code HIFTN; 5" idea £ code R (fkFHi5RIEE! zero-shot, M code
55); EEIEFHIE (Sonnet 4.0 + 4= infrastructure (infra)) {X +0.5pt. FERFENA =
idea HHFAAIEH dataset/IRAEUFH L.
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AAR (Automated Alignment Researcher) ZILHI=/1XE idea (setting AT E
ZEEik)
» EM (Expectation—Maximization) FIRZEEE (SOTA, PGR (Performance Gap
Recovered) =0.78) : MAZREEENZIEMW logit margin (% prompt 4R x FFRIR
FF) — BELBIHE (SBHFZEE. 58 margine BEERREMN. 55/ ) — mAMA
FFREBIRE(SEE P(weak | true) — {518 x margin LR B NHHIFRIRE,
temper FHAE EM (M: FAZFYFFR; E: AFETNEREE) -
> CCS + #H{LERE (“alien” 7AM) : E3RIEAEEZI Contrastive Consistency Search 3R
HHREBEBAEERD; B CCS-BirE—HEEBENEERFIIIZLSE; SGD
(Stochastic Gradient Descent) & aB ATt EHLFERIIL LoRA (Low-Rank
Adaptation) , fitness = swap-consistency (p(A>B) ~ 1 — p(B>A)); 16 seeds X
swap-consistent #¥ + logit 28 trimmed-mean .
> P ERIRE (MDL BEiE) : JESEHREEELSUESEMENRIE,; Phase 1 RYIEFRT—F 2
epoch; Phase 2 [& checkpoint ZZiJ|&£ & 3 epoch. I ZF ¥ TeRELE, AR
EHRAEEAT.
> 25T SOTA (state of the art) idea TF2ZE| held-out math+code FXTNI; =1
idea 7E code kI (fk#i5BIER! zero-shot, M code £55); T E|EF (Sonnet 4.0 +
A infra) X +0.5pt FEERFE N = idea BEF AL ENEIE/IEEIFHEEW.
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Reward hacking: £ERMIEETR

> BIEEHER: math LRI (BRRENLERFTFIER]; code LI MBMER LKA
REM. FIHRENERERE.

» %51 cherry-pick FEHLFF: KEMFHF — RFFHAIIENESE - ABIIT—K.

> M remote API ZHMIXFREE: XENNIKFEGI B BMELRE . BRATE, BB
PGR (Performance Gap Recovered) ¥S; AAR (Automated Alignment Researcher) 5t
ERFEM. A EN 5 MERE.

> EEHITRIBZEZR: £ coding testbed FBECE unit test BBRERE—5EEEITS
A

> ?JTE%Tﬁﬁxi%ﬁ hack = %5if: AAR KIIH idea UMFETTE held-out FIEHIEER E
1o
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swarm EERNZEM AL, TF2EHES

> =ZAXTAR: undirected — J@4E; TAEM—HEK idea — BILEZE (S RA + 1=A0
commit JREEJ1: #H L principled B idea SLERE LX) ; E#MARIIER + HiTHE
R EIK idea — &IFo

> LZIFHEZHF: local agentic search (3FTA findings FH# & sandbox BEHR) >
remote keyword / remote agentic search——&EHEZEORBAM; ZXEMFEODRR
(B REBZIZELZIMEINKEL) o

> LM self-evolution > BENHNKIER: BAHIE outcome D, SEBBESEEIRIE
HMHEEANTME,; LM agent IFLINEHEKIZHT. B82S, B, BRBRE.

> taste ZHF: & taste AUFTIE A APREZEREX, FENTRERE taste MESHME;
alien science =M, BFRIE; HRMK outcome, FZFIEHRE hill-climbing — HE
legibility trainingo
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Part 5 - Multi-agent: BEBEHEIRE agent?

—Cognition 2025-06 / 2026-04 - https://cognition.com/blog/dont-build-multi-agents

Home
Carcers
Research

1 Biog.
GetaDemo

Don’t Build Multi-Agents

By uslden Yar w6.12.25

Principles of Context Engineering
Vel work ourway up o the fllowing principles:
1. Share ontext
2. Actions cary mpliitdecisions

‘Why think about principles?
HTML in1993.In 201 theworld.
It
od
bea
but this was not
developers.

‘et,besides some of the absolute basics

| In some cases, libraries such as
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2025: context engineering 5 55/R M|

“Principle 1: Share context, and share full agent traces, not just individual messages.
Principle 2: Actions carry implicit decisions, and conflicting decisions carry bad results.”

—Walden Yan, Cognition

> Flappy Bird &fil: B4 subagent & BIRBFIEF (BERENER + TREVND),
BIh.

> QEHIRLE task B ETXAT: Z+HZ/E agent SEHRERMRE (FFPRF.
repo IRAE MIKMAIZEIR) .

> RIS GIR{EMRF single-threaded; LT3 KRKFM context compression (EAX
FIBESL R /EM; hard to get right, EZEAILHUE/NER)

> TF—AE: FERARGHEIMEREES.
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Bz

“The tempting architecture ..However, it is very fragile” BRINE R
SOESR,

BB

Almost Surely Unreliable

Task

|

Agent

breaks down task

Subtask 1 j

Subagent 1

\ Subtask 2

Subagent 2

Result 1 \

Agent
combines the results

RN o

! Result 2

l

Result

D BZRFEZME agent (£
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2026 E&: MELLENTL agent EFWE

> RRINE, MEKNFR: ZE “multi-agent” ESLH 2 R subagent (= tool call) o

» 5236 1 code-review loop: reviewer & coding trace [ & IF—clean context:
PR BB M. AT 172 reasoning HRIERE 1. TEIN TRIAXHESLEERERA ]
= B IER second opinion.

> BNFEEH: E agent AE2R ETLIE reviewer A (BREBX/BA/Z), B

MBI SR
» EIH A& independent intelligence, centralized action——% > agent 2t

intelligence, BANELLZ 1 agent FIRXH R
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Smart Friend 5 calibration

> SSFRECRIELY advisor B MERTZE call API, MEF[EEAREIEBZDIZK
Bfi——calibration [a]f (always-call-once / BOEIIZE / FUHHN AN merge conflict #4[8]) .

» T3 transfer: fERDRIBEEREIEN; ZAZ context rote HUE: fork £ E T3\
[B)FE (O] ; advisor FEf] over-scope LA FEIREEHRIXH .

> [F frontier NI BIR (KR = £HEE); ¥ frontier (Claude + GPT) FHEX
WA capability router TI3E difficulty escalatoro
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2026 R4 #Z OB R communication

> oA RBERM: MNSX? B4 L T? EEENR? F agent AL TN
FMn 567 W REE S E?

> HESEMZIR: map-reduce-and-manage BEMNZHY map BE, ZR reduce [EI3R,
manager RIFEB—, MAZR T agent LA ZEBHHAFIL (unstructured swarm =
distraction) o

» 5 no-free-lunch EX—E: RAEMEEFEARE orchestration, NEEFE—EH swarm
topologyo
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X B K - Cognition

&

Home
Careers
Research

| Blog
GetaDemo

cognition.com/blog/multi-agents-working - code-review loop 5 Smart Friend BJRE3C

2026 5

Multi-Agents: What's Actually
Working

By Walden Ya

10 months ago, I wrote Agents, arguing that most people
shouldn't ry to build multi-agent systems [1]. Parallel agents make implicit
choices about style, edge cases, and code patterns. At the time, these
decisions often conflicted with each other, leading to fragile products. Alot
has changed since then.

At Cognition, we've begun to deploy multi-agent systems that actually work
in practice. Our original observations still hold today for parallel-writer
swarms: most of the sexy ideas in that space still don't see meaningful
adoption. But we've found a narrower class of patterns that do: setups where
multiple agents contribute intelligence to a task while writes stay single-
threaded. In this post, Ill summarize what we've learned building them.

ARefresher on Context Engineering

Inthe last post, readers to agent-building from
“prompt engi ” to *context engineering”. Prompt

encourages gimmicky techniques like *you're a senior software engineer” or
“think for longer” Context engineering is more durable and focuses on giving
the right context to models while assuming the models become more
capable over time. For many reasons, context engineering can get very

59/81


https://cognition.com/blog/multi-agents-working

Part 6 - F1TEIRIHATS: OpenAl fRRTEE B

—OpenAl (2026-09) - https://openai.com/index/navier-stokes-solution

OpenAl  Reseach  Products  Business  Developers  Company  Foundation O Login ~

September8,2026 Research Publication

On the Navier-Stokes
Millennium Prize Problem

Readthe paper  Link to Lean formalized proof >

@ Share

We're sharing a solution to the Navier-Stokes existence and smoothness
problem, one of the Millennium Prize Problems. This proof, produced by an
internal OpenAl system, shows that the dy; of the N

We use cookies

We use c Manage Cookies Reject non-essential Acceptall

sage, and support marketing efforts. Visit Manage Cookies to
change info.
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NS EEEX: B4

» 3D ANAJJE Navier-Stokes: IEMIAEYELNT + FMEE; O ¥IROBINRBEES
EERFEAEBETR (RELREK)?
> G5 Leray 1934 {E] X f@fFHE; [REKITNB] BEZ 90 F; 2000 F Clay 58T

EF .
> OpenAl IZEZR: IEMAETRIR C/D (blowup ATLAKAE): SMIKE. REELTRBIR.
IERIIRERLE

> BRAS: BNBRIE. RETRKH “spaghetti” J&; MNIRE /EMBE/shEHIS/FMEE
DR R E XX AEMEE, B TR,
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BAKEXME: SEUMERK + 1K loss

| 2

| 4

| 4

Google DeepMind X L1EMR: FEMKIRIZEEIEMR — - PDE (Partial Differential
Equation) 3% loss EEIRIK — MBEHFSHBHNE — BUIBZIER BT

W& RREMEY - £F /80 — BRENS - RERE/DRFG/REZE - &
E*TVH&EPM:TU@J&*‘UE — 94 DF(U) BE/ARERME — BELEEVHSEE.

DORBEEEEM MNoss BN Hift [EWMMAFE, BRBRYE (SHLIHIE
ﬁ/'t) BEHEE, &MLER loss #XES5HFEMIER.

SRYERB=EMNK (BR/NE/SBRA) BE: Al BNE = BIRETEEHEA
KIETEFALL.

—https://guoshaoyang-pku.github.io/blogs/deepseek-harness-246-trajectory.html
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F—5: FKIEKE[EE (Euler)

> RIB[O)E: EEFMMEIN — Euler IENME; agent MREAIE TN IRAMITIE (£ 100
agents x #J 50h).

> BEX: StERIEER LI harness imZimiEE (HH/BEE/ITRLCR), BRKREIED
B—IEALR, BmE 1.

> [E/E: 0 Euler FRTENET context I27RZ NS (Navier-Stokes) 2B, HIRE HMEMTFE
6] BRI K
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o FRE—F: MASAE. WEE

Codex JLR
cross-pollinate
S

}—) proof

ANTEE; FEEE Azs(m C/D(ZIE) &

> SE: REARTAREEBESE (A/BIE. C/D B/il) BREHAR; AATER. A
BIAEIE; NS (Navier-Stokes) ZH#J 10,000 3% agents.

» SL2: F Codex cross-pollinate fEVE AR A EN; follow-up prompts EF agents
HEMHEER, BREAFSXFHRSS; PEHEENEHES .
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9/5 Hifi# (EHt agents BENEZY 88 /IAY); FEfE Lean 2L 5IEIE +17h (&
GPT-6 Astra) — H28AJ#EHIIERR.

FA&T1E: Alpdge (Anthropic) + Buckmaster (NYU) FIAEB Anthropic #£Z!F forced
Euler; OpenAl 1L priority Bx& %70 ; HEHIANTT TR X M.
M7 AHEMFELE; XZ next period of Al progress BUIRER o
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D% Ny

> MKZA: NS (Navier-Stokes) i¥#2 2.7M messages / 29 130B output tokens; £ &0
A1t 4.9M / 29 300B; wall-clock 88h (417h Lean); 3% #J 10k

> HaE: 130B output tokens ~ T ERKXNIE; FHIZRAFIEM API i (£ $10-15/M
output) T, UMEEIBERETER; ESEMANAETHIE + JI4HH, E5ETIQH.

> XTHRAFR: AAR (Automated Alignment Researcher) $18k / 800h (EE#] swarm) < NS
BREERER (BRHE) = HTRRESHNIEIRE.
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f#i%: EiEkmMIERE Cognition

> R Cognition 2. # Devin A F]; Part 5 F& (2025-06 <Don't Build
Multi-Agents». 2026-04 E#) LAHZERMAT really works FIfSIK: SEEFRE.
map-reduce-and-manage- clean-context reviewero

> NS (Navier-Stokes) MAZRBEMINE R + BLAILE + AIWIENINRE: FITHE
/R, REENEE/E—%ERRNNERAXA.

> FTLA swarm R 5X Cognition, MEIFECHIERBR: MERBVELKRE, IHME + 1
WIEF F1T.
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KBS [ TFE prototype: aidmath-swarm

> SIXNER = LIAEW: KEBEE. HNBES. cross-pollinate SLEA . AIRIFERY (Lean
/ KIBIEAR / kernel 187 ) o

> IMEEE: github.com/swarm-research/aidmath-swarm (BIELHH).

> WAOEBENSF (TR =& XAESHE=cRBEMIEMH; ZFERE 246 %
LK IZ I
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B —:

A T XAEEE=FR) HE

> 5548 (Sun 2018): N AEHIHENEH-EERTE = BXAX (REETFHE "M
") ; HEE 2000+ BEH{EFER.

> Bl— (ZEfEHT) : Lagrange Fihhestfgsad "N, SBBHREZE; FNEX
AR TEMERURIE, RiEREHAERR.

> RBIZ (GTEHEER) 8 FHE + Kapela-Simé XE[EF, FHIMNI—FHIA=IREK
EEE#RS; R RFERNNEHTS, AIY88%5% -

> RIREHIWER: —&FZHPBH. BRENENAR-EEREX; £2R i FrIvI—1k
AT ERMELIEE) B

> A\ ERERIE: REMRAERNERK i, MEEEEESANE—RA
WRAREHIRESR,

—https://guoshaoyang-pku.github.io/blogs/three-body-kepler-third-law-survey.html
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Bl

»

>

>

DSH (DeepSeek Harness) ZFAZ#HKIZHIL (harness-246)

—AIES: “BREEREFR, SBENEE. FEFLERE. " - EZIETHX.
E E,ﬂf{ bUg\ E E?‘I\%i*_/_ Ho

192 #ZE&EEE: 1593 BFrik 42.4 AFZFEIFITSHES; HE H(43)-H(50) B/ NER TR,
319 = HFR UNSAT (unsatisfiable) o

Lean 4 JEF: £ 25 FTAKLM#BI. 1593 1 kernel BRI TR EE. 96 1> SAT IEE.
FZ A/B: A ST k=49. 6740 #X[8) LDLT (LDL- transpose decomposition) =1&H R
HEIEF; B F7E Kato-Temple (2 0.106 > JEBR 0.07) BB TEROXEY; EEzTHIE
O 2 &0 246 FXsk.

};,651 MNELE step RETHIT; —AE: HITH £ R, EEEHSeTELEER
Tt

—https://guoshaoyang-pku.github.io/blogs/deepseek-harness-246-trajectory.html
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SENHE (E&MH, B RE)

1. Shunyu Yao. The Second Half. https://ysymyth.github.io/The-Second-Half (2025-04).

2. Lilian Weng. Why We Think.
https://lilianweng.github.io/posts/2025-05-01-thinking/ (2025-05).

3. Lilian Weng. LLM Powered Autonomous Agents.
https://lilianweng.github.io/posts/2023-06-23-agent/ (2023-06).

4. Lilian Weng. Harness Engineering for Self-Improvement.
https://lilianweng.github.io/posts/2026-07-04-harness/ (2026-07).

5. Walden Yan. Don’t Build Multi-Agents.
https://cognition.com/blog/dont-build-multi-agents (2025-06).

6. Walden Yan. Multi-Agents: What's Actually Working.
https://cognition.com/blog/multi-agents-working (2026-04).

7. OpenAl. On the Navier—Stokes Millennium Prize Problem.
https://openai.com/index/navier-stokes-solution (2026-09).

8. Wen, Qiu, Benton, Kirchner, Leike. Automated Weak-to-Strong Researcher.
https://alignment.anthropic.com/2026/automated-w2s-researcher/ (2026-04).

A FEXERY: agent_course/refs_blogs/*.txt
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XAk | - Reasoning 5 test-time compute (S arXiv)

» Graves'16 Adaptive Computation Time arXiv:1603.08983; Ling'17 AQUA-RAT arXiv:1705.04146;
Cobbe'21 GSM+-verifier arXiv:2110.14168; Nye'21 scratchpad arXiv:2112.00114.

» Wang&Zhou'24 CoT without prompting arXiv:2402.10200; Snell'24 test-time scaling laws
arXiv:2408.03314; sl budget forcing arXiv:2501.19393,

» Lightman'23 PRM arXiv:2305.20050; RATIONALYST arXiv:2410.01044; Math-Shepherd
arXiv:2312.08935.

» Welleck'23 self-correction learning arXiv:2211.00053; Qu'24 recursive introspection
arXiv:2407.18219; SCoRe arXiv:2409.12917.

» Quiet-STaR (Self-Taught Reasoner) arXiv:2403.09629; Geiping'25 recurrent depth
arXiv:2502.05171; Ruan’25 latent thoughts arXiv:2503.18866; DeepSeek-R1 arXiv:2501.12948.
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WXk Il - Faithfulness. agent 2B 5 harness (= d78k arXiv)

>

Lanham'23 CoT faithfulness arXiv:2307.13702; Chua&Evans'25 arXiv:2501.08156; Chen’'25
arXiv:2505.05410; Baker'25 monitoring/obfuscation arXiv:2503.11926; Yeo'25 long-CoT
arXiv:2502.03373; Zaremba’'25 adversarial robustness arXiv:2501.18841.

ReAct arXiv:2210.03629; ToT (Tree of Thoughts) arXiv:2305.10601; Reflexion
arXiv:2303.11366; Chain of Hindsight arXiv:2302.02676; LLM+P arXiv:2304.11477.

MRKL arXiv:2205.00445; Toolformer arXiv:2302.04761; WebGPT arXiv:2112.09332; API-Bank
arXiv:2304.08244; HuggingGPT arXiv:2303.17580; ChemCrow arXiv:2304.05376; Generative
Agents arXiv:2304.03442.

ACE (Agentic Context Engineering) arXiv:2510.04618; MCE (Meta Context Engineering)
arXiv:2601.21557; Meta-Harness arXiv:2603.28052; Self-Harness arXiv:2606.09498; AHE
(Agentic Harness Engineering) arXiv:2604.25850; DGM (Darwin Gédel Machine)
arXiv:2505.22954 .

ADAS (Automated Design of Agentic Systems) arXiv:2408.08435; AFlow arXiv:2410.10762;
STOP (Self-Taught Optimizer) arXiv:2310.02304; ScientistOne arXiv:2605.26340; Autodata
arXiv:2606.25996

AlphaEvolve arXiv:2506.13131; ShinkaEvolve arXiv:2509.19349; GEPA arXiv:2507.19457;
Promptbreeder arXiv:2309.16797; Trehan&Chopra'26 arXiv:2601.03315; MLE-bench
arXiv:2410.07095.
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Btk - fE & R

—HERA / QA NEH; EME > 1 /K
> [f§3% A - M math | code Fl| agent: BESIMNTHE5F AR
> Bk B - Al T F17: WMASEL—PEE 1I— AT A% benchmark
> @J‘: a2k VLM (Vision-Language Model) / Seedream / it RIREI & fi{k
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Mt& A1 - M math Z| code Z| agent: =ZREEHME

» Math: verifier = Z % /JERA kernel; RLVR AJ#4EL; 81 = R + B4; bench:
MATH/AIME (American Invitational Mathematics Examination) /IMO-styleo

» Code: verifier = #R1¥8§ + BM; horizon MEREIFIHKE] repo; bench: HumanEval —
SWE-bench; BEJ] = KM + ZKigTH.

> Agent: verifier = {55 TN (FERE8); horizon = /NEYE|X; bench: tau-bench /
terminal-bench / OSWorld; 871 = 4sHE + L TXTHE.

> i verifier #55. horizon #1<, [2588 /1) FIE. LM RL ZFIFZ [ harness 5 evalo
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Misg A2 - ATARZEANIGF: prior EA5 eval Bz

> F—RIE E—HKEESIZ prior: math HIE — code #IE — agent RK; BLIMFHRIEE
FENBE KM

> eval RAZRREF (B — D8 — /NE), REEIE KRER = REMLERE HaE#)
S SRMAZH prompt H3Ke

> FTATHi7EEFae NN LR MmHEE: B verifier 21T A7 €8 horizon £K? —
BRREFANERE (RLVR / SFT+ TH / harness+eval) o
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M Bl - WAL HREE— 1 EES: AT 4% benchmark

» benchmark = BENRIRIELENX . BRSAH verifier. HIRSIZEAOSKRIWIRE; RE
B, NEREE. HERTN. recipe TLiET A1k,

> RRARIUS:  ERESI. #8 benchmark (& anti-leak / anti-hack 1&1f) #ES|%E (&
R/SERR /258 + HEIRRE)  UIZHEE (PT 40)ll/CT/SFT/RL, #Mi&it) eval IEE)
B GEERSITEREIES benchmark) o

> N Yao BI T HIHHIUT: recipe B LIk, HAFTE evaluation 5 setup
PR BRIREE, BN RESELE.

benchmark

78/81



Mz B2 - fl: @M% VLM (Vision-Language Model) EA4il

» benchmark 5t{T: B&%1/OCR (Optical Character Recognition) /EF%/ZIESHEIR /=&
BT query T8 + £]%1f); anti-hack: 7KEN OCR. BFRHILE. HEE LK.

> HHES|EE: KMAE caption/3Z5E3CHY; failure-driven #FIZHE; HIEREKELLIRE.

> IZRHEHA: visual tokenizer+-connector ZEFR)I|ZE — 8<% SFT — AIEIEF%& RLVR +
REFXT5Fo

> WU FEIERR ((EFHINE/LRER) 5 benchmark X155, MIEFEARS; bench fEF~
ISR EHT.
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Mi B3 - f5]: Seedream (BUEZERK) E4I

» benchmark 5£1T: EZF/XFEHR/AF AR /identity (ID) —E%/BMEES]; ALRLF
ER + BaMRIEBIERNE .

> HES|EE: KT/ EKE/EZ D /BXNFFT DL E curation; ZRIE AR caption.

> JIZHEER: diffusion/flow-matching KMAETINZ — EHPREI — EFRBEFXIT —
XFERSMTIEIE.

> IS FIF win-rate + EFEREZE; held-out RIFEFHIEFRT IS (metric hacking) »
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MR B4 - Bl KBSk

> AftaME: /S (FRR/EWN) + =B GIfEk®) + 8 RhZE/mh%E) =Eh
1 verifier ¥¥&,

> benchmark 51T AR/ZTHERAFE + REFTUN/EEKFE; verifier: FERF. RDKit
etk HERE.

> HEESIE: BMEEE. R MME. B/ SR SR ground truthe

> JIZGHER: SURETIIEG — FRAIER SFT — AIRIEFE RLVR; RDKit/#MHiT+E
EAT B agent BESTo

> B DN EE + IRERBEN (ZDERHRRIEIR) .
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