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Agentic System RIBR5iXE: KXSESELIPRNRIT

- “Fancy words are invented everyday... and combined randomly’

- Perception

Structured feedback (logs, metrics,
curves)

. Reasoning

LLM-driven hypothesis formation

. Action

Code execution, API calls, In
simulator runs

- Memory

Accumulates outcomes - makes it
evolving

In > LLM
Query/ C;"/ . Read/
Results ! Response \ Write
Retrieval Memory
Tools

“Augmented LLM”

LLM Call 1

Orchestrator J LLM Call 2

LLM Call 3

“Orchestrator-workers”

Out

Synthesizer

’

Out

Solution

M
LLM Call LLM Call oot

Generator Evaluator
Accepted

Rejected +
Feedback

“evaluator-optimizer workflow”

Action
Human - ) LLM Call Environment

Feedback

Stop
“Fully Autonomous”

Figs: “Building effective agents”, blog of anthropic '03



Agentic System ZEHI8ENI=1NHEE

- “Trying to sort out such fancy words..’

’

[S(/Stew\/HarneSS)

A

l_ong—Te_rm Mewmory C)

Tool-Use/MCP/Skills C)

N

(Orchest rat‘.oa

Auto-Evolve

Autonomous

U/
System T: Au‘to(‘.omp|ete

"GPT 40" and older

Mu[‘ti-agen‘t C

Workflow

/A
-, >

System 2: Reasoning & Plan‘.ng
"R1"

) RAG

C) Pro»«fat Ensﬁne_e_ﬁng

Fancy Enoughl...?

for tasks like
Al4Coding/GUI/Web:

- Clear Feedback (Yes/No)
- Short-Term Evaluation

04



TIESHERFATIEGRABR

Non-trivial verifier: 2. 2. ZH#r. ZESHKRIR (Beyond Yes/No)

B l Implementation '

L e

o = : . . . e.g. A hybrid network that |
o — Py ©.9. The design suites A combines an RNN & a | eg.APytorch !

u : ] 'I 4 T :

b | ° :tn:i data source or . | Transformer /| neural network 1

Unique data source Objectively measurable task !
i

1

1

Complex credit assignment:

- R - Bad ldea?
(=] F I
% il 5 - Wrong feature?
% Application < | ! ’
® - ?)ga Sciance 2 - ;Em%llﬂ@?

Applied data scientist

e e e e e o — — —  — m m m m m  m  m m m m  m  m  — — m m — m — ————

Multi-factor in loop:

KA, Spds, SR, B ENAR, aAXE
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Agentic R&D Loop Bz CAMEFIETHREN

’

Hypothesis

Formulate candidate
explanations.

&

Experiment

Design and run tests
to generate results.

-~

o
v

Data
Collect, curate, and
structure observations.

)

o/
@ Trial-and-Error Loops

@ Reasoning as Optimization

N

()

Feedback

Evaluate outcomes

and extract insights.

Reasoning

Infer, plan, and decide
using stored knowledge.

Memory

Store knowledge and
accumulate experience.
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R&D-Agent: HRSHAIMFENIBEINIESR (tech report arxiv. 2505.14738v2, 2603.01692v2)
Reasoning as Gradient: IEB{EAMHES (ACL 2026, arXiv:2603.01692 )
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https://github.com/microsoft/RD-Agent
https://github.com/microsoft/RD-Agent
https://github.com/microsoft/RD-Agent
https://github.com/microsoft/RD-Agent

R&D-AgentiEZR: (LENHTE,

B2 F S TR RN -SRI Bz,

Traditional Applied-Data-Science R&D: A Trial-and-Error Evolving
R&D-Agent codifies human experts’ R-D Co-Evolution Loops

Development Agent

Implementation & validation

e 4
ok

Produces robust,

Research Agent
Ideation & hypothesis crafting
A\

2 R&D
Co-evolving

Generates high-quality

ideas & experiment plans

YWAgentiEZE

production-ready code

Within EachEexpansicn Step

e Research Agent &Mk, IFE. iCIZSEBIRHH.

e Development Agent REZLH. FiXS5iSE

V.

o HEICIZESIZIREEBIMEBR + R,

More Exploration More Exploitation

©Planning:

- Remaining time

Try to tackle different problems efficiently dynamic strategy over time

Solution with low computational budget

Optimize existing solutions

;—eEproration Path Structuring.

- T—1t

Solution with high computational budget

— ~
| . An Idea
> » 7 Parallel Exploration (failed to improve)
| ]
- == SelectParents An Idea
.= L= (improved)
A
. — — —_— = -
- [ 1 ]
, | . Early Stop
Initialization | I
| ]
! I NextE ) Parallel Running Processes
ext Expansion
- - — —t X e ——PH#1—P —P#I—DD>
___ - ——P—fr =Pl
— ~8Reasoning Pipeline & Idea Proposal—, —t
1
. Virtual Eval ©Coding Workflow  @Evaluation Strategy|
! —— e e m - _———
| s Vo 1 Run & Cale.
1 OMemory f . Dev & Enhance = )
! il ! | lteratively Efficient Debi Evaluation Metric
' | Context \ o [ 2 \ e A 3
[ [ S A2 el
' o ! * B 5;’"'3:‘; Datasat Data Curation *
Ve Real ! '0 ! e | Real
rev. -
: Eval. from Prnll:err\'fcha'::‘nge H\;::’;EB Drlvlen )7‘ : - Full Eua\.elzmm
1 |valia. pata L roposal | ) e E % Dataset  |Valid. Data
: Scientifically Inspired Reasoning Pipeline ' 1
N - - . L

Research Agent

Development Agent



A5 ER/Research agent: BSMAYRE

SRR SEMHEELREIRE idea RIFE.

/ - Sampled Dataset == Full
Knowledge An Idea (failed to improve) An Idea (improved) 'l _ J Early Stu} ampled Datase - Datzset

for Debugging
{ = ,I 3
Learning :) Exploration > - I ¥
l | £
-0 Dev & Enhance ¥+
~@-@--~ o S o BHSHIERIRTES T RIS
Initialization k» ... R bl
unnable
Solution —_— N —
. H a1
> > e | o =0HEHE: [MENREI. MHHRIZ. B,
Diverse initialization Parallel Exploration ) Fusion Running %
Identify problems Identify diverse successful features —_
L Propose specific solutions Merge solutions |=|/\ Z r t \§1§T§
High-level Feedback | ) * BDES Hic iy °

@Research Agent Running Processes —PH—b —Pi—b  —PR—th  —Phi— Development Agent
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E5e)|lgzmn, #

{):\J Knowledge An Idea (failed to improve)

FABRER/ Development agent:
(TR SERR.

DES5B8N

An Idea (improved) J Early Stop

8 Sampled Dataset Full
for Debugging

Dataset

Learning => Exploration

Initialization

vl

—

il

Diverse initialization Y
Start from different settings
High-level Feedback:

Parallel Exploration )Y Fusion

Identify problems

Identify diverse successful features
Propose specific solutions

Merge solutions

7

Dev & Enhance

lteratively Debu

Runnable
Solutlon

Running

. Research Agent Running Processes

5

=

v

—PH—p  —PE—p  —PE—P>  —PH— P

Development Agent

~N

©Coding Workflow

Dev & Enhance
Iteratively Efficient Debug

Sampled Dataset
for Debugging

Runnable Solution

~

@Evaluation Strategy

Run & Calc.
Evaluation Metric

Data Curation

Full
Dataset

</>§ Development Agent
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@ Exploration @®Planning: More Exploitation Remaining time \

)-----

</> § Development Agent

Try to tackle different problems efficiently dynamlc strategy over time Optimize existing solutions T-t
Solution with low computational budget Solution with high computational budget
~—@®Exploration Path Structuring — \
v Y Parallel Explorati i e
> > arallel exploration (failed to improve)
[ ]
- == SelectParents An Idea
SN T (improved)
/
—_> —_> —_— e > - -
A : | ll’ /J' Early Stop
e | - N b 3 1= = [—) =
Initialization K.,, —_ ! I ® Eg | ﬁ‘:ﬁbm&ﬂﬂzﬂﬁﬁﬁﬁ. uﬁﬂzﬂﬁl.?ﬁﬂgfﬁﬁﬁﬂlﬁ
' I
! 1 Next E Parallel Running Processes
ext Expansion
— . —il. . —P#—p —PH—Db o RENRE
LN J —P#2—P —PHI—PP
___________________________ q
! . . 1 l o TEAENSERFRFREAEO
: Virtual Eval. ©Coding Workflow  @Evaluation Strategy '
—_—— e — — e — — — — — = —_——— - ]
g | - - [ I Run & Calc '
! OMemory . Dev & Enhance : - '
| | 2 & o [ Iteratively Efficient Debu Evaluation Metric
5 | Context e «J | y - s ,
g * ittt a8 ! » Sampled Dataset Data Curation * '
g i I o | for Debugging | 1
1
% : ;Ta\lr.. f?(fr.‘: Froblem:’Cha.IIenge — Hypothesis Driven 4>: [ Full Ev:.e?rlom :
@ v |valid. Data iz E2 T ARlEE] : Runnable Solution % Dataset valid. Datal 1
£ | o | X '
g : Scientifically Inspired Reasoning Pipeline "_ _ _J :
P . 7 . w -,
i
1
1
1
]
i

Research Agent
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Promptixfil: SREIEENE, (BAEEEHEESE

You are a research scientist formulating testable hypotheses. For each hypothesis, perform
two main tasks: hypothesis proposal and rigorous five-dimensional evaluation.
Hypothesis Development Guidelines:
1. Specificity & Decisiveness: State exact, unambiguous changes. Avoid vague goals
or alternatives.
2. Testability & Actionability: Describe implementable and measurable changes.
Focus on single, unified conceptual improvements.
3. Evidence-Based Reasoning: Ground hypotheses in experimental history or domain
knowledge.
4. Implementation Feasibility: Consider resource constraints and technical complex-
1ty.
Five-Dimensional Evaluation Protocol: Score each hypothesis (1-10) across:
+ Problem-Hypothesis Alignment: How well the hypothesis addresses the identified
problem
* Expected Impact: The estimated improvement after applying the hypothesis
* Novelty: Degree of innovation compared to previous attempts
» Feasibility: The ease of implementing the proposed hypothesis
* Risk-Reward Balance: The exploration-exploitation balance of the proposed hy-
PULIMJL‘J
Component Classification: Assign each hypothesis to: DataLoadSpec, FeatureEng,
Model, Ensemble, or Workflow.

[

EEED

JTH inner-loop ¥debug

You are a grandmaster-level data scientist generating robust, debuggable code following
systematic development process.
Important Context: You are working on sample datasets and your code will go through
automated iterations. Design your code to be iteration-friendly with comprehensive print
statements and clear debugging information to facilitate the automatic improvement process.
Memory-Enhanced Guidelines:

1. Historical Learning: Reference previous failed attempts and their feedback

2. Pattern Reuse: Apply successful patterns from similar tasks

3. Error Prevention: Avoid mistakes that occurred in previous experiments

4. Performance Optimization: Implement improvements suggested in historical
I

Quality Assurance Requirements:

* Debug Mode Integration: Support —~debug flag with data sampling and timing
estimation

+ Structured Output: Use

ogging dependencies

» Reproducibility: Implement proper random seed management and deterministic
behavior

* Resource Management: Dynamic resource allocation and proportional data split-

ting 13

rint statements for progress tracking, avoid external




Open-Al MLE-Bench:

751 HEXKaggleFaEE FAVImENHNAL,

= MLE-Bench: the largest public ML-engineering benchmark

- 75 kaggle competitions crossing several domains published and open-sourced by @OpenAl

Industry span

Task span

— e e s = Competition Dataset o
: o SRl Description | e
o T(ﬂrlnra model l?,
o " ° where the agent would N euracy
rank if it participated in 3’

e & © @

Fibrosis Progression Forecasting Organ Segmentation

Histopathology Cancer Detection I'I En I.T“ cnn E Tumor Radio genomic

P hl' s t r Sentiment Extraction Catheter-line Classification
“ “: ec 0 Obstacle Detection K-ray Abnormality Detection

Patent Phrase Matching s 0 Model Pretraining

Toxic Comment Detection FTwnn E Speech Recognition

Volcanic Eruption Forecasting Fare Prediction Document Restoration & Denoising

Fashion Recommendation c n c Audio Tagying

Salt Deposit Identification M M E n In OA Systems

Product Image Classification Material Conductivity Prediction s ..More..

Train madel
Debug

Test model
Create submission

e ... the competition Scre W = o
- : 634% © +— Grader

e BECV. NLP, Xi& HFSSEHES.

o EEENIHIETRE. HEIERE. B, SEREREA.

- classification, regression, object detection, semantic segmentation, sequence prediction, QA...

14



MLE-Bench 1F{#&

75/NESEKagglesssR FAYIHE T,

40% | Task Complexity
N 35.1+0.4
Low==Lite
35% Medium U
High 29.3x0.8 __-~7

30% 4 * Al £ SEM P
_— ,I""
g 25% 4
— ,/
[ -

rd
E 20%- 16.9:1.1 16.9£1.2
> - Y — pd
- L 4
E 15% //
8.6+0.5 .~
i 5.1+1.3 g
T _-""
5%1  1.3:0.5 | _s=cb
0% il
MLAB OpenHands AIDE AIDE ML-Master  ML-Master  R&D-Agent
GPT-40 GPT-d4o0 GPTF 40 ol-preview GPT-5* Deepseek-R1 GPT-5

Figure 1: Agent performance on MLE-Bench. Stacked bars show any medal rates for Low==Lite (22
tasks), Medium (38 tasks), and High (15 tasks) complexity levels. The dashed line indicates overall
performance (mean + SEM). R&D-Agent achieves SOTA performance at 35.1 + 0.4%. * indicates
our re-evaluation of ML-Master within our environment.

35.1% 96% 13.8k

epa BHERE GitHub£#R

We have solutions that goes beyond the best ever human experts' solutions!

o) . .
9.3 A) chance of exceeding the ¥ top 1 solution
achieved by human experts(evaluated on MLE-Bench).

Competition Performance Distribution

Top Rank Solutionp o-

Rank Percentile (%)
g

100 -

Median (50%)
125 -
Top 25%
Top 10%
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R&D Agent -> GOME RiZififEE. BINCIZS SN TIREIZIOULRREH.

( Forced Diversification J
1 N
7y e
Trace 1 Trace N
(Tracei
Reasoning (-
(Gradient-like signal) %
R e
B
Memory Update 7 Global Shared

(Conditional Flow) 5

Structured
Feedl_))ack
*

{af) =1 (pccepted)
‘\Sm(l)9 ff‘), Ah'fl))

__y/| Success Memory
M

(Momentum)

© Validation

Hierarchical
Validation

Execution
oo M

Execution
Feedback
(perf, trace)

Analogy to Gradient Optimization

i

i VL ., Structured Reasoning
i (Gradient) (Signal)

! Success Memory

! Momentum ¢ (Acceleration)

E Distributed ., Multi-trace Optimization
{ SGD (Parallelism)

Hierarchical Validation Module
([ Format Correctness | Rule-based checks

[& Comprehensive Analysis] Intent verification

0
'
'
:
; (A Evaluation Alignment ] Detects leakage/overftting
H
'
'
i
'

Structured Feedback £ + Decision a{"

Challenge |, Hypothes Selected
ExtractlorHenetamn ';’a'%'g:’ Hypothesn

HERRIES

MO TS N BT 5 ).
* FINICIZIINEIE,
o SHITHUTHR STV IUL.

Concept GomE Component Functional Role
Gradient VL Structured Reasoning Signal: decides how to update
Momentum Success Memory Acceleration via proven patterns

Distributed SGD  Multi-trace Optimization Parallelism with knowledge sharing

Table 2: Analogy between GoME and gradient-based optimization.
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MLE-Bench Leaderboard: Any-Medal Rate Progression
Oct 2024 - Apr 2026 (75 Kaggle competitions)

SOTA Frontier

Initial baselines (Oct 2024) Fg?nc;?r;ﬁg?;rto)zo
Other agents

Our work (RD-Agent) ®

-Master 2.0
O

Thesis(EEPT-S-cod%x)

? @)

o

AIRA-dojo (03) ?_j ' E"R&M\gent ]
P |(GPT-5) 35.1%|
® *

‘R&D-Agent |
_(ol—preuiew)

&
wn
c
S

pre

=
o
o
£
o
o
<
)

g
©
o

©

b
7]
o7
>
c
<

AIDE (ol-preview)

.//

May '25
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Battery-Sim-Agent | KDD 2026

MEHEREIRIRTAIAN, EEVIELIR FHSEER

Battery-Sim-Agent: Leveraging LLM-Agent for
Inverse Battery Parameter Estimation

Jiawei Chen® Xiaofan Gui’
Peking University Microsoft Research
Beijing, China Beijing, China

Shengyu Tao Shun Zheng
Chalmers University of Technology Microsoft Research
Gothenburg, Sweden Beijing, China

Jiang Bian
Microsoff arch
Beijing, China

Shikai Fang’
Zhejiang University
Hangzhou, Zhejiang, China

Weiqing Liu®
Microsoft Research
Beijing, China
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Real2Simiyzlail: MASZETNEEAERS

B BELHEOELEERNE LR THEE. BRSEE, R SiZEOHELEIRESE,

4 )
ERFE .,
0
SRRSO DFN / PyBaMM V(t) « I(t) - Q(t)
— —
g5 - B - BISE FBLFIEEEE BB / BBt / 2%
\_ J
SHRE

DEHTHECEHE + BEHLIR

— KR O*, BEHESR

Bif: ESHORA, EHENSEEWRNHEITE,

0* = arg min (0 € Q) Zp d(F(O, up)l yp)

p: TNIR
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EREBEM: WTEENF—HSE?

1y g-tiiy/n 4

NHEMUCE R RIRR, BERXRBTIRE. XXESRREMIRIEHE.

= = True objective
Current best

f(x)

0.0 0.2 0.4 0.8 1.0
x
w

0.0 0.2 0.4 0.8 1.0

SHERRTET, BRFEAELZEFE SR

EE: Emukit BESEGE;

MathWorks — How the Genetic Algorithm Works

=eHiE

H___- B

Elite child

Crossover child

O—>c>
Mutetion [|1||r|

RN

REBERMAR

SBAEME, SHESERHENIEANR,
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Battery-Sim-Agent: F

BRI ESEL

BREE

O

=t \ =

HRiE

W2 ENES, FEAEIRIR, ERIMERGIESEER.
\ (
Perception Scenario
Expert Knowledge Exploratlon.l-(nowledge First Cycle
Calibration
Battery-Sim-Agent n —<:)) /

Long-horizon

Y

{{ Cycle Protocols }}

{{Battery Modeling Framework}}
{{ Cycle Description }}

{{ Current Parameters }}

Structured
Information

Reasoning
Feedback Analysis

E 0
."'U

Physics-Informed Hypothesis Formation

Target Data

3 — °°° Degradation .
'_g L” / Dyn amic Memory Mechanism-Aware Update Proposal
:g.. \_ - \_ Y,
4 . N\ (" 2 g )
Multi-modal ( 0"' h Physics Parameters of Battery
Feedback BT O [ Elec-Chem ] E@lﬂ Digital
E N [ Curve ] Battery - Twi
= Simulator [ Phys-Design ] B :tVln
_— g GO
E] [ CapaCIty ] Simulated Data f 2 ery
[ Dynamics ] Ay
% [ Step-By-step Loss ] Cf o _/ 2z J J
q [ Degradation ]j S Target Battery

WUSHELLE — SRR — HIBRIE — RLRSEEERH — iCICiRE

Battery-Sim-Agent - 18X Figure 1
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Teigit: FERSSHRIGE “EIFE

ZE benchmark ERAFEEMAIZZIMN; HRDOEEECSEELNER, RAATTREIBSHIREINEZEES.

RASEE 6, tisBins2 0* SRk BRI y* M 6, FaRRiE
Chen2020, ORegan2022 — SZSEESHE — F6* SiEETIRAE —  REUESRE B IR
Ecker2015. Prada2013 B ER SR IEHTRN RKEHE,. BiR. &= B RELERESE
Marquis2019 R "ESE AN B5EH 6* W

200 MES3: SSEUKNED 100 4 + BRSEKIEHE 100 4

TR: 0.2C/1C/ 2C; TRRAERMNREEZM/INT 1% BIBR.
BRI OER D ERIE S R A 2R ST,

Battery-Sim-Agent - §5.1 / Appendix B—C 28



BfeEE: 1IEXREPRRZ(ESIRES

BPRYN—ERIRERES; ANEEEICRSEANRES .

ZSHEGHTEN HESHXIRHED

20.0
20.0 5
L]

GPT-03 ) . GPT-03
] : GPT-055
175 GPT-0SS 17.5 LI . BO
. BO .
15.0 ®
15.0 1
w &12.5
g 1251 =
= T 10.0
f_l:l 1 a
E 10.0 | E |
0 8 7.5-
g 75 @
5.0 i i & | . - iy i ]
50 L - & . & - - [
A o Fae o " .
| 2.5 iw 7 L] [ ] .
2.5 oy F) " - - . - - ig L
» .® . ] A ‘g -
’ . i | I J‘ I 0.0 Ji % tae tee fy -‘ - ."'."0".'.0' I - T
0.0 '

0 50 100 150 200 0 50 100 150 200 250 300 350

_ PP <O 0”00
Experiment ID 0&“ Ggﬂ-

Experiment ID e Gq’ﬁ'

ZSHRTER Agent-03 HEIMEREE(R, RSHKIRRNT, SHIENNBIEIESIEN.

Battery-Sim-Agent - Figure 2 (83255 6 TWREHEY) .



AEERTRIERED

£ 0.2C, 1C, 2C TRFLER=Ff77i%, MBESERFZM THIRERIL.

50 — 50 50
40 40 40
Q w w
a 30 a 30 30
E| E| E|
£ 20 £ 20 £ 20
10 10 10
0 0.2 1 2 0 0.2 1 2 0 0.2 1
charge_c_rate charge_c_rate charge_c_rate
(a) BO (b) Battery-Sim-Agent-OSS (c) Battery-Sim-Agent-03
M ERrfE4E Agent-OSS Agent-0O3

EEASSMANNESERESR: Agent-03 ZEETLRBPRIFBRINRENT.

Battery-Sim-Agent - Figure 3 (i35 8 TU/REFHE) -
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XoHESRTIRA. EtRAENSERETHHE.

EE Qwen2.5-32B « 8 4 Chen2020 %/l

TTEEHELR
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W&/ RSI: new example

a Recursive self-improvement

Outer |00p - Harness RSI non-parametric - routine Legend
—  accepted revision
Ho H1 H2 < —»  experiment flow

Prompt,  Pipeline, [{AH™| Prompt;  Pipeline; [4H> Prompt, Pipeline, — — ~» evidence/ trigger

Skillsg Subagents; Skills4 Subagents, Skills;  Subagents, . .
Evidence + Trajectory
E nzymERSI Harness components: Prompt - Pipeline - Skills - Subagents Q D‘ag"“s: i ?ﬂp'?pm “l”: ;.AM:M o | ) adopt rtan | ® M nents + QC
ame budget; rejected edits keep the current version -
Dual loop - Recursive self-improvement T N - ® Sample + batch identity
w method bottleneck - on demand | — ® References + raw files
p——
Inner loop - Algorithm RSI parametric - on demand : | e ® Receipts + failure states
~ - |
A — A — A )
EnzymeRSI: { Predictorg o' iningg ﬂ_} ictory 1' ini LAA | Predictory 2Trainingz co0 “ evidence — hypothesis — action — result — decision
. . \Search opsp Acquisitiong \Sean:h opsy Acquisitiony Search ops; Acquisition;
A dual-loop recursive self-improvement system for : 3
enzyme desi gn P T TS O T e e | “"“‘r;:;p‘{:":‘i';“’: “‘%f:'"::d;f? s ( measurement returns ]
( run with adopted H and A )
Genoria Al Team
Yuejie Hou, Lixiang Yang, Yisi Liu, Weiting Tang, Yueyuxiao Yang, Meng Yang' Task q || Candidate design |, Dry scoring , IGGICIICIANN | Task compile | Schedule & run |, | Measure & QC
Genoria AI Shenzhen 51 8083 China parent - goal * budget ) predictor + search W + Bo + novelty = cost Opercn-s1 protocol - devices execulion receipt readout - reference
(:'E‘ <) Cloud Lab - one task contract )
T
r —T 2]
ﬁ P [ ) = I T - “I il ®  Measurements + QC establish outcomes; receipts record execution.
‘ y N ", [ 'E[I _[ { ‘ I ® QC-passing low activity remains valid evidence.
Bench Island Line

b Cloud Lab - executable experiments and feedback

Fig. 1 | The dual-loop structure of EnzymeRSI. a, Dual-loop recursive self-improvement. The outer loop evolves
versions of prompts, pipelines, skills and subagents, which are adopted or rolled back after diagnosis, a minimal
consistent change bundle and a paired comparison at matched budget; model weights are not modified. The inner
loop is triggered only when a method bottleneck appears, and develops predictors, training strategies, search operators
and acquisition functions under controlled conditions. Missing packages and permission problems are handled as
engineering faults and trigger neither loop. Adoption rules are fixed before the comparison as global adoption, scoped
retention or rollback, and an adopted version must be loaded by the next run. The protein, algorithm and system tiers
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