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About Me

=  Machine Intelligence / Startups / Finance
= Moved from NYC to Singapore in Sep-2013
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= 2014 ="'fun':

= Machine Learning, Deep Learning, NLP
= Robots, drones

m  Since 2015 ="'serious':: NLP + deep learning
=  Including Papers...

= & GDE ML; ML-Singapore co-organiser...
= & Red Dragon Al...
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Outline

= What's the game?

Some history (pre-LLM)
= AlphaZero, GANs, DINO & PAIRED

Modern times (post-LLM)

= Competition : Self-Play & Critics
®  Cooperation : Teachers & Hindsight
m  Recursive Self-Improvement (RSI)
m  Auto-Scientists vs Co-evolving Worlds & Zero-Data

In the news...

Wrap-up & QR-code
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What's the Game?




Why Add a Second Model?

= Single-model RL is limited:

= needs exact math/code verifiers
®  fixed tasks stop stretching the model
m sparse 0/1 outcome rewards plateau

COMPETITION
Expose mistakes

=  Adding a learning partner adds signal:

= Competition : expose mistakes & force strategy

= Cooperation : transfer privileged explanations
= RS|/ Co-evolution : invent harder tasks & worlds

COOPERATION CO-EVOLUTION
Transfer information Adapt the curriculum

= "Two models" can mean:

= separate nets or shared weights (eg: role prompt)

® ... or an EMA momentum copy
= key question : what anchors the loop? Rules - execC;lI:{t(i)OLIJ']N-[?"IeNfeGrence data
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Some History : Pre-LLM




Competitive Blueprints : GANs & Self-Play

= GANSs - Goodfellow et al (2014) =  AlphaZero - Silver et al (2017)
®  Generator tries to fool Discriminator ®  symmetric self-play + MCTS search
m  grounded by real data distribution ®  opponentis always at your current level
®  discrete tokens block direct backprop! = grounded by exact game rules (win/loss)
B SeqGAN - Yu et al (2016) used RL policy gradients m  failure mode : strategy cycling
» modern LLM echo : RARO (reasoning critic) m  fix = league play vs past checkpoints

®=  modern LLM echo : SPIRAL

‘real’ samples Sufficient ELO : Student replaces Teacher & freezes (6* < 6)

sy D A A e L LT
2 A4 i S
Backpropagation = ( \
o ES [ Frozen J Moves ELO Gate
Training data — 3 » ‘Teacher’ Best ELO > Teacher
3 .
;_t E Target ELO : T (Win rate = 55%)
Discriminator, D @ S (Fixed weights 6%) Self-Play Arena > New Teacher!
P8
Multilayer neural P MCTS Search
4 + Game Rules
° network ° : 8
o 1 8 Win / Di / Loss ( \
@ S in / Draw
S Generator, G 3 P8 RL/ Policy
S ™ Multilayer 2 : ‘Student’ Player Gradient
T | === "
2 neural network = Policy + Value (8) Moves Update Student &
o a ELO climbing f i 1
rom trajectories
4 Generated ‘fake’ samples \ ),
Backpropagation RL / Backpropagation updates Student until ELO surpasses Teacher
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https://arxiv.org/abs/1406.2661
https://arxiv.org/abs/1712.01815
https://arxiv.org/abs/1609.05473

Cooperative Blueprint :
DINO

=  Emerging Properties in Self-Supervised

- Caron et al (2021)

Trying to create good representations "p
= for each image 'x'

Student matches Teacher across image crops

= Teacher sees global views; Student sees local

= Teacher = EMA momentum copy of Student
Why doesn’t it collapse to a constant?

m  stop-gradient on Teacher

= Teacher output centering + sharpening

Core insight for LLMs:

= /nformation asymmetry creates a teaching signal
® .. even from the same underlying model (SDPO)
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https://arxiv.org/abs/2104.14294
https://arxiv.org/abs/2104.14294

Curriculum Blueprint : PAIRED

= Emergent Complexity and Zero-shot Transfer via

- Dennis et al (2020)

How do you automatically generate useful training worlds?

= naive adversarial generator makes impossible worlds
= random generator makes trivial worlds

Solution = reward the Environment Designer for Regret:

®  gap between advantaged Antagonist and Protagonist agents
= Regret = R(Antagonist) — R(Protagonist)
= high regret — world is solvable, but hard right now

Modern LLM echo : SPADE (hint-based regret in code worlds)
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(a) Random

Domain Randomization
(unstructured clutter)

Too trivial / noisy

(b) Minimax Adversarial

Goal completely walled off
(no path exists)

Impossible (0 reward)

(c) PAIRED

Minimax Regret curriculum
(structured corridors)

CSolvabIe & challenging)

(d) Actual Task

Human-designed target
(zero-shot evaluation)

Transfer benchmark



https://arxiv.org/abs/2012.02096
https://arxiv.org/abs/2012.02096

Competition : Self-Play & Critics




SPIRAL : Multi-Turn Game Self-Play (for LLMs)
%SFIR AL Game Trajectories

A— ‘—‘
Actor i Self-Play Learner
- PEpu
'l PLAYER 0| ag= [Bet 50] Teajectory 0 L ——
Zero-Sum Games @p=[Bet 5 si)la 50 lar (R
. ) Reward a;= [Raise 100] | PLAYER 1
TicTacToe Kuhn Poker (7)) z Ro(7) ZRI(T)
>< = 8 6&? " FLAYERD :]u‘):[cmu Role-conditioned
= ‘a/ » / (my)  Reward -0 [Taj=[BEES0]T) PLAYER1| | | Advantage Estimation (RAE)
© \ oy i @ | [
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Simple Negotiation PLAYER 0 (_ar=IBet50] | Aofs, a) Au(s, a)
y—> ()  Reward ar=[Fold] | PLAYER 1 ‘l’ ¢
<_{D Env: Terminated (M)
‘P Role 0: Win (Reward 1)
! Trajectory L/ ¢
Vectorized Game Env ;g)ogs}? ! e 5 o - sy ar ":: ) T
Multi-Agent, Multi-Turn Rollout i+1
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Weight Sync

SPIRAL: Self-Play on Zero-Sum Games Incentivizes Reasoning via Multi-Agent Multi-Turn RL

- Liu et al (ICLR 2026)

= One shared policy plays both sides in zero-sum games

= Kuhn Poker, Simple Negotiation, TicTacToe (no human problem sets)
m  Stabilized via Role-conditioned Advantage Estimation (RAE)

= normalizes rewards per player role; anchor = deterministic game rules
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https://arxiv.org/abs/2506.24119

SPIRAL : Zero-Shot Transfer to Math & Logic (WOW!)

80
Qwen3-4B-Base
Qwen3-4B-SFT
Qwen3-4B-Mistral
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= Why does playing poker improve math benchmarks?

= opponent pressure forces case analysis, deception detection & expected-value tracking in CoT
B Qwen3-4B-Base : 34.0% — 44.5% (mean across 8 reasoning benchmarks)
= multi-game self-play beats single-game training

®  caveat: starts from a pretrained base model (activates existing latent knowledge)
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RARO : RL when there is no Verifier (~ LLM GAN)

RL update

N S S S S S S E—
4EEEEEEEEEEEEEESR EEEEEEEEEEEEN

= Shared Weights

Expert Data

Reward

Tt for Critic

Relativistic Critic

Choose Expert
Declare Tie
Choose Policy

Reasoning LLM g o
. . Reward
EEssEEsEEEEEEEEmEsEenennennnnn’ po forPolicy

1
RL update
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»  Escaping the Verifier: Learning to Reason via Demonstrations (RARO) - Cai et al (2026)

= What if there is no rule-based verifier (eg: creative writing, open-ended tasks)?

B GAN-style Inverse RL : Policy vs Relativistic Critic (shared weights)
= Criticsees (expert, policy) answer pair — reasons via CoT to spot the expert
m Policy trained via RL to fool the Critic (witha 'tie' option + replay buffer)
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https://arxiv.org/abs/2511.21667

RARO : Scaling Without a Rule Verifier

70 80
—e— RARO 1 1.5B
—e— SFT [ 3B
60 60 =3 7B
>
[P}
s
= 50 40
()
<
) / 20
30 58 5 510 )l 2 0
. DeepMath Poetry Poetry
Reasoning Token Budget (score) (win vs. expert)

= Matches RLVR test-time & model-size scaling trends:

®  strong gains on Countdown & DeepMath without using ground-truth verifiers
= unlocks test-time reasoning scaling on open-ended Poetry
®m caveat: 'verifier-free' # 'supervision-free'
= anchored by high-quality expert demonstrations (risk = learning style over substance)
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Cooperation : Teachers &
Hindsight




Sakana RLT : Learning to Teach

Reinforcement-Learned Teachers (RLT)

- Cetin et al (2025)
= Standard RLVR:
®  models must discover everything from scratch

= RLT introduces information asymmetry:
m  Teacher given both question + ground-truth answer

= Teacher writes step-by-step explanation

= Teacher Reward =
Student’s log-likelihood of producing the right answer

= Sakana Al Blog

MLSG
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“Learning to Solve”

reward from
correctness

large/ : H
expensive : @ :
v
data

base model T u h del”
DeepSeek-v3 DeepSeck-R1-zero
Id: Itart!
cold-s
tasks dlstlllallon
—_—
base model final model
DeepSeek-v3, DeepSeek-R1,
Quwen-32B, elc. Bespoke-32B, efc

“Learning to Teach”

tasks
small/
cheap

v
9 —0 —

base model “teacher model” explanation
Quwen-7B, etc. 4 =RLT data
reward from RL I
feedback : cold-start /
: : distillation
..... PR 1
—_—
“student” base model final model
Qwen-7B, RLT-7B,
Qwen-32B, elc. RLT-328, etc


https://arxiv.org/abs/2506.08388
https://sakana.ai/rlt/

Good Solver # Good Teacher

75 1
= 7B RLT beats DeepSeek-R1 (671B) as a teacher: 50| EEEl Learning to solve 49 5
3 Learning to teach 71.5
B Qwen-7B student: 49.5% (RLT)vs 46.6% (R1 teacher) 48 70
m Qwen-32B student: 73.2% (RLT)vs 71.5% (R1 teacher) 46.6
46 65 4
= Why?
y 44 A
®  raw solver traces contain dead-ends & leaps 60
® RLT explicitly optimizes for student comprehension 42 1
. . 40 - > 53,
= Caveat: RLT optimizes 1-step answer likelihood 39.2 :
= SOAR (ICML 2026) rewards actual inner-loop Student 381 50 -
progress on hard problems 36 . .
Qi\% bo’b 6‘;’@ AV bfo’b b'o'b
& & ¢ & & ¢
e e & o~ e Ry
(2 < () 2
& N & N
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https://arxiv.org/abs/2601.18778

SDPO : Self-Distillation Policy Optimization

Reinforcement Learning Reinforcement Learning
with Verifiable Rewards (RLVR) with Rich Feedback (RLRF)
i
|
Question: Agent | Agent
How much impulse did the |
thrusters generate for the A 1 Fleess s 9o ) )
B -1.e) | reward action | Newton-seconds. feedback action
i
Answer: !
pengey incorreett |
s Environment | Environment
i
|
|
S
>

richer signal

»  Reinforcement Learning via Self-Distillation (SDPO) - Hubotter et al (2026)

= ~DINO for LLM post-training (Student + EMA Self-Teacher):
®  Student fails a task — environment returns rich feedback (compiler error, traceback)
m  Self-Teacher sees [prompt + rich feedback] in hindsight & re-scores every token
®  Student (without feedback) distills those token-level probabilities

SDPO: Self-Distillation Policy Optimization

l. Question x 2. Answer y ~ mg(- | x)

Write a python function that returns " “python

all numbers from 1 to n. Answer def numbers_up_to_n(n):

briefly. return list(range(1, n . 1))

M L S G 3. Feedback f o T ____________________..-—-
Don't include n. T _ .

4. Credit assignment by self-teacher (v | x, f)
MACHINE LEARNING )
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https://arxiv.org/abs/2601.20802

SDPO : Dense Credit Assignment

m  Fixes the scalar RLVR bottleneck:

= GRPOgives 0 for a failed 2,000-token rollout LiveCodeBench v6
m SDPO pinpoints which exact tokens caused the bug 0.50
» |iveCodeBench v6 ( Quen3-8B ): 0.45
. 48.8% with SDPOvs 41.2% with GRPO g 0.4
= beats Claude Sonnet 4 & DeepSeek-R1-Distill S‘ 40
Q
= reaches GRPO'’s peak accuracy in 4x fewer generations é 0.35 SDPO
= Anchor = environment execution feedback GRPO ——
0.30 Claude Sonnet 4
| 1 | | 1
0 5000 10000 15000 20000

Number of Generations
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Recursive Self-Improvement
(RSI)




RSI : Auto-Scientists vs Co-
Evolving Worlds

= RS via Auto-Scientist
(eg: The Al Scientist - Lu et al (2024)):

®  tends to produce very incremental improvements
®  because the vast bulk of papers it has been trained
on are incremental...
= generating ML paper text # capability breakthroughs

m  Other RSl directions :
Proposer-Solver Co-Evolution

= don’t imitate the literature — invent harder
interactive challenges
= Absolute Zero (AZR) (2025) : code-execution tasks

with zero external datasets

MLSG
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March 26, 2026



https://arxiv.org/abs/2408.06292
https://arxiv.org/abs/2505.03335

SPADE : Self-Play
Executable Worlds

»  SPADE: Self-Play in Adaptive Synthetic
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® See "Adaptive Synthetic Environments Scaling"

One shared LLM plays two roles:

= Environment Designer : writes stateful Python
worlds ( reset() , step() ,tools & rewards)

m  Reasoning Agent : interacts over multiple turns to
solve them

Grounded by real Python execution

= syntax or runtime bugs rejected immediately

MLSG
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i design
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QL& e = environment: h= hint
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|
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without hint with hint
L J
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https://arxiv.org/abs/2608.19197
https://arxiv.org/abs/2608.19197
https://spade-rl.github.io/
https://github.com/spade-rl/spade

SPADE : Hint-Based Regret Curriculum

= How to keep generated worlds solvable yet challenging?

= Designer also generates a solution hint
» Hint-based Regret: 7p = R(with hint) — R(without hint)
= high gap = solvable with the hint, too hard without it (right at the frontier!)
= Corpus documents seed topic diversity : +13.9 pts on ACEBench-Agent ( Qwen3-30B-A3B )

@ ENVIRONMENT DESIGNER ' :
e . Designer's
17 Corpus € Q Hinth L., facgergapiargorroward  roward
& i privileged information for solving e T H
pretraining passages -\ (©-©) ITB strategy - partial solution - key observation ! ! Hint-based regret | :
L |
o - ! »: :wnparerhe two ra/laues:
> @ Memory M / E COCET [l Environment ¢ [
! priore + regret def reset(): .. g rpfe) =Fate [ h) - Fale)
| def step(action): .. 1 . -
[ T T i Fate) =mean of ry(y | e) over G rollouts
' e~m(-IM,C), h~mg(-le) ! ! '
\
""""""""""""""""""""""""""""""" i i
| i
- H i
S ;
H
H
;
! | @ REASONING AGENT rollout 1+ with hint
| L_\mr ]
. ) Hinth
;
| s ) - G ()
;
* . n i
' y~mg(-le h)
;
i
' rollout 2 - without hint Agent’s
~-» [ Environmente (—_ | @o®» | |
- \
B, R EE - G (o)
sharedpolicy | = @~— V— —VF ST e 5
y~mgl-le) raly | e) =1[ task completed ]

o ra updates thg sl!zred pulicy g . . . L

M I S G O Environment designer O Reasoningagent ~ --- Hint --- Environment — Dataflow oo Policy update
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SPADE : Breaking the Fixed-Environment Plateau

—e— SPADE& —e+— Fixed-env RLVE ——e+— Fixed-envGRPO -~ Qwen3-30B-A3B-Instruct (no training)
AIME 2025 AIME 2026 GPQA-Diamond LiveCodeBench-v6
64 76 76
o '~o—® o—0. o,
o 74 {g0—0~ o7 " Ne-e"" N 75 ®. ,Q/ \ o N
o e e - No—® o PR
62 °>. I\ e [ Ne-o-0__ 2 74 o, \. 46 - e~
- \ . '\/\ < 72 v\o NoZe, g o \. ~o = o
~ )
§ 607 \ /.\o—i\ ° ~7° N\, / o= “O—D -, 7 ¢._. Ne-0—q_ § a4 /./
b o, B 4 \ >'O’< 8 72 e O<o-0 ® o
¢ Neo-e 3 Goo H /' g s N i
Zse .\. d \.7‘& Z & 7| o=d € a2 N\, /\ / e
\./ /. ° o 70 "{ I O .i;>°§. \.\.‘:/'"9-0/ °
56 o 64 U .
O~ . o, 40
| . ./ 69 e g \./ \.\.
o 100 200 300 400 0 100 200 300 400 0 100 200 300 400 0 100 200 300 400
Training step Training step Training step Training step
RG-Math RG-Algorithmic RG-Coghnition RG-Logic
o _o 350 —0| 40.0 74 o<, °
62.5 a2 ~* / o L] _0—0—
60.0 ’./ o 325 ./.-./. 375 o \._. ,.—.—.\._._. 72 \ .\ Bg /. ./.—o o /
." 35.0 0|8 O g7
g s < 300 / < s , = N A /
$ sso \ /1 57 oo’ g 52 g’ SSRR e S\ o
2 2 g o £ 3
g 525 0 / .\°—"‘° g 250 -0~ N . g 00 ./ g * .\ \ /.\'
3 500 /V\‘ 2 s / \ / ) \ / 3 s o ./ I ~0~e” s ° ¢
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w25 .7 175 @ "o ToTommoommeT N 22'51 o 58 Ne
200 00 o 100 200 300 400 o 100 200 300 400 o 100 200 300 400
Training step Training step Training step Training step

»  Fixed environments plateau; co-evolving worlds (SPADE, dark blue) keep scaling:
B baselines: Fixed-env RLVE (orange) & Fixed-env GRPO (grey) saturate or degrade
= +5.3 pts mean gain across 8 reasoning benchmarks ( Qwen3-30B-A3B )
®  caveat: Python execution guarantees runnable code, not real-world truth
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. . . Self-Play Pretraining with Zero Data
Self-Play Pretraining with Learn from only selfgenerated synthetic data

Ze rO Data Universal Turing Machine

Et'tp.‘,,ft oco [N . NP
= Self-Play Pretraining with Zero Data - @ Ol O |~ FEREE{ vt o ] >0, 0
v =
Cowsik et al (Sept-2026) E v == I
not used for training  Generator gy, Generated Learner mg,
®  Every method so far started from a pretrained LLM e Generator reward
= Can two transformers learn from random weights fandom nitialization . gradient g; 4
with zero human data? s o g o
= Generator writes small Universal Turing Machine 9 e %i ’ 2
programs in BrainFxck (via RL) RL update E

= |nterpreter executes them into byte streams = ' =g, 48|

training round t

®m  Learner predicts the next byte

Scaling of validation loss In-context learning
= Generator rewarded for gradient alignment with in self-play compute S
, . —o— stack ——sum  —o— min
Learner’s trajectory 31 s o -
'*...:‘-...“_.‘ J 1.000
B M M
< e '-"‘-.-.,.__.' Images
as S .T_-__‘ Sy o = 0.066 7 0.200
g Ny a2 é
_g X \\‘ f; 0.050
£ S E
2 \-‘-"*-‘_ Melody : 0.010
0 |H,
0.005

101 10" 0% 107 10' 10 g
effective compute C=Kx params x tokens 0 1 e 16 64 256
(K = number of seeds) in-context examples m
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https://arxiv.org/abs/2609.30063

Zero-Data : Skills Learned work across Modalities

Self-Play Pretraining . Pretraining on programs sampled —o - Pretrain on PCFG
with Zero Data from a universal prior etrain o
Images Melody Audio Speech
CIFAR-10 Mutopia MusicNet 44.1 kHz LibriSpeech PCM8
9 8.0 ooegg g
7.0 m oo ®a, 7 0 %&ea’bm’- —
8 6.0 Q”’% (\‘424(\ 60 \'\0‘%‘,-
- sol e N A T 5.09 °, %
£ . o o
? 7 4.0
_Z 6 3.0
= 2.5
2.0
10'° 10'¢ 10! 108 101 10'% 106 10 108 101 105 106 10! 108 105 1016 10! 108 1019
Text Python C code Common Crawl
DCLM GitHub Python C source Web text
8 8.0 8
7.0
7 7
~ 6.0
ze S0 6
:; . 4.0 5
3.0 4
4
2.5
10'% 10'¢ 10 10 10%% 1016 10" 101 10%° 1016 10! 101 101 1016 10! 1018

effective compute C=Kx params X tokens effective compute C=Kx params x tokens effective compute C=Kx params x tokens effective compute C =K x params x tokens

m  Zero-shot validation loss on real data drops as a power law of self-play compute:
= transfers across Text (DCLM), Code, Audio, Images & DNA
= caveats:
® learns universal structural priors (algorithmic patterns), not factual world knowledge
®  natural validation loss was still used to tune hyperparameters
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In the news...




Gemini 4 Argon : Agent Team Beats Minecraft

FOUR GEMINI 4 ARGON AGENTS THE RUN, STEP BY STEP

NETHER THE END

646 programs - 50 messages.

ovERWORLD sTRONGHOLD
janesick Ender Dragon +27114 (@)
Tools, fortress, stronghold Ten crystals +26h34

The End +13n33 (1

stronghold +13117 (@)

gyldenia Eyes of Ender +10143 (@)
Supplies, six of ten crystals Blaze rods +4h17 @
727 programs 79 messages

Ender pearls +310¢ (@)
Nether fortress +2157 (@)

. Nether portal +1h42 O
auratian i
Nether portal, crystal plan Flint:and steel <0G @
735 proprame 153 messages Bucket 0114 ()

iron tools +0n14 ()

Stone tools +0h06 @

bulicame Bare hands O

End hetters, final bl

e e o cosrespawns 1| I 1111111 T ORI N OO 0 0 DO 0 OO OO0 TN
675 programs - 47 messages . ' T T T ) i ’

Oh 3h 6h 9h 12h 15h 18h 21h

Hours since the first program. Each step is colored by the player who reached it first.

= A team of Gemini 4 Argon agents beats Minecraft - Faldor et al (Oct-2026)

= 4 general-purpose coding agents in a random Survival world - First Author Thread

= 27 hours & 2,783 self-written Mineflayer programs (605 respawns, 229 chat messages)
®  self-organized via chat & shared helper functions : tools, food, diamonds, Nether portal
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27 h14 min


https://arxiv.org/abs/2610.22319
https://x.com/maxencefaldor/status/2111023397106770026

Gemini 4 Argon : Triangulating the Stronghold
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]
Village s

® 0

o
-

200 blocks

A
N

Triangulating the stronghold

A thrown Eye of Ender flies toward the nearest stronghold.
janesick threw two from two places, recorded both directions,
and computed where the lines cross.

o 1) Where janesick threw the two eyes
O Where the lines cross: (432, -1376)

b ] The actual portal room: (463, =30, =1406)

1.3 km

from the village to the crossing

43 m

from the crossing to the portal room

10 h 46 min

into the run when janesick found the crossing



Security Issues

afiveoutofnine : The State of InfoSec

= PHP : two possible RCE 0-days leaked before patch
® NSA, FBI, CISA, CERT-EU & Japan PM (at 5:55am)
: "take your system offline"
= LiteLLM 1.107.0 : hijacked on PyPl & Docker
= credential stealer + RAT triggered on install

m  GitLab: CVSS 10.0 bug
®  (in every self-hosted install since 2014)
= Railway & TiDB Cloud breached
= Zeabur shutting down
= eMudhra Certificate Authority (60M+ certs)
®  '100+ digit random' private keys:
= oneof them was 4 (otherswere 66 & 237 )

"Anyway, it's Wednesday" ...
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% Q X
@fiveoutofnine - Follow

So basically, today PHP got two critical bugs that let anyone run code on your server without even logging in, which is bad,
and then the details leaked before the patch was even out, which is worse, and it works on WordPress and MediaWiki and
Magento and Joomla and Laravel, and Censys says like 1.5 million servers are running a version with no fix, so the NSA
was like "take your system offline," and the FBI was like "take your system offline," and CISA and the UK and CERT-EU
were all like "take your system offline," and then the Prime Minister of Japan, the actual Prime Minister, posted at 5:55 in the
morning telling 48.8 million people to take their system offline, so everyone took their system offline, like the Dutch
cybersecurity agency took its own website offline, and the Dutch parliament went offline, and the Port of Rotterdam went
offline, and Finland and France and Denmark started pulling government sites, and Wikipedia went down, and
http://Archive.org went down, and Asana and GOG and Something Awful went down, and the University of Vienna's webmail
went down for some reason, and that's just PHP. Because GitLab also dropped a CVSS 10.0, which is the highest score
they give out, for a bug that's been there since 2014, so that's every self-hosted GitLab for twelve years, and then LiteLLM
1.107.0 got hijacked and shipped a credential stealer and a remote access trojan in every single wheel and the Docker
images, including latest, and you didn't even have to import it, just installing it was enough, and it's the second time this year,
and then Railway paused every deployment on the entire platform because someone got into the environment variables, so
now everyone has to rotate every secret they've ever stored there, and TiDB Cloud said someone was walking around inside
with stolen credentials for basically a month and an extortion group says they took 10.6 terabytes, and Zeabur got breached
for the second time in two months and is just shutting down, like the whole company, and Node.js patched remote code
execution and a TLS bypass, and CISA says Plex is being actively exploited, and someone took over 300 Tor exit relays to
steal SSH passwords, and SafePay ransomware has hit over 600 critical infrastructure orgs, and India's biggest bank filed a
data loss incident, and Japan has been in an official state of emergency in cyberspace since October 9, which honestly
explains the 5:55 AM post. Oh, and eMudhra, a certificate authority that's issued over 60 million certificates, whose entire job
is proving websites are who they say they are, was supposed to be using private keys that are random numbers over a
hundred digits long, and one of them was 4. Just 4. And the others were like 66 and 237. Anyway, it's Wednesday.

7:12 AM - Oct 22, 2026 ®
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https://x.com/fiveoutofnine/status/2113045722744717360

Wrap-Up

=  Single-model RLVR has limits

= another model changes what can be learned

=  Three multi-model modes:

= Competition (SPIRAL, RARO) :
B opponents & critics expose weaknesses

®  Cooperation (RLT, SDPO) :
= privileged context & hindsight turn into dense

supervision

= RSI (SPADE, Zero-Data) :

®m  co-evolving executable worlds beat static datasets

= Be sure that it's working as intended:

®  What external anchor keeps the models honest?
®  Does it win at matched total compute?
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