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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

»  Basic Harnesses
m  Self-Modifying Harnesses

m  Token Sourcing Risks

= ... and mitigation

= Wrap-up & QR-code
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Basic Harnesses




THE 5 LAYERS OF AN AGENT HARNESS

What is a Harness?

= Harnesses provide:

= software infrastructure
= runtime environment
= engineering layer
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= Wraps around a raw LLM to make it:

e
25
Y‘V

o
X XX
VAVaTA
O

= functional, reliable, and usable
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® j.e.: Everything except the model itself
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@ Andre]j Karpathy & ]

A uto Re S e a rC h | packaged up the "autoresearch” project into a new self-contained
minimal repo if people would like to play over the weekend. It's basically
nanochat LLM training core stripped down to a single-GPU, one file
version of ~630 lines of code, then:

m  Started last year

- the human iterates on the prompt (.md)

= Darwin Godel Machine (May-2025) - the Al agent iterates on the training code (.py)
[ ]
Sakana Al The goal is to engineer your agents to make the fastest research
] ALpha Evolve (June_2025) progress indefinitely and without any of your own involvement. In the
""""""" ol . . . image, every dot is a complete LLM training run that lasts exactly 5
" DeepMmd tA COdIﬂg agent for scientific and minutes. The agent works in an autonomous loop on a git feature branch
algorith mic discovery andlaccumulates git‘i:orr?mits to the training script as it finds better
. . settings (of lower validation loss by the end) of the neural network
m  GPU Kernel Scientist (June—2025) architecture, the optimizer, all the hyperparameters, etc. You can
;' b 'AM’D’ -(-S-F-)U- -k-e-;;;e_[é B imagine comparing the research progress of different prompts, different

agents, etc.

" Karpathy meme VerSion (MarCh_2026) .Part. code,pa-ﬁ sci-fi, and :a pinch of psychosis :)

= simple repo deployment FTW autoresearch
®  slick git branching for experiments
®  target: Karpathy's own nanochat experiments

One day, frontier Al research used to be done by meat computers in between eating, sleeping, having other fun,

and synchronizing once in & while using sound wave intercannect in the ritual o o maeting”. That era is long
of AL s Ning BCYoss compute cluster

magastruciures in the skies. The agents claim that now in | 2051 neration of the code base, in any

case no one could tell if that's right or wrang as the “code” is now a self-modifying binary that has grown beyond

MACHINE LEARNING hurman comprehension. This repo is the story of how it all began. -@karpathy, March 2026.
SINGAPORE



https://arxiv.org/abs/2505.22954
https://arxiv.org/abs/2506.13131
https://arxiv.org/abs/2506.20807
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Network Status

STATUS:
ONLINE (100% Uptime)

OpenClaw

TN =  Personal Agent loop = Inspirational
et = fka ClawdBot ~Jan-2026

m ClawCon = 4-Feb-2026 in SF

m  MLSG night = 26-Feb-2026

s Peter Steinberger now an OpenAl employee

= caused a run on the Mac-Mini
®m  security issues for the unwary
®m .. says Cyber Security Agency of Singapore

= Still lots of hype around the project

= there’s even an event on tonight!

= "No Technical Background Required"

Zs:; Featured in Singapore ii



https://www.csa.gov.sg/alerts-and-advisories/advisories/ad-2026-005/
https://luma.com/dpd7ji1i

Hermes

. New entrant from Nous Research

= Project Page, and MIT licensed code repo

®  Pronunciation:
= "noose" & "her-mees", not "noo" & "ermez"

m  Key Features

= a 'better' OpenClaw

m  tasteful software choices

= batteries included (but disabled by default)
m  self-modification

= automatically reviews what went well

= and updates itself for future you

Top Coding Ager

@) Hermes Agent

Kilo Code

@ OpenClaw

* Claude Code

MLSG
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THE COMPLETE GUIDE FOR EVERYONE

The self-improving Al agent that learns, remembers, and works for you 24/7.

. Learns & Improves Remembers
Ceses it o S
sy Tt ey

improves them. persists across sessions.

1 WHAT IS HERMES AGENT?

An autonomaus Al agent with & buitin learning loop.
I remembers, creates skills, improves them, and builds a
doepening model of who you are across sessions

Stt-Evoting sxa [——
et W, ferasst=
Daytona, Sngularity.
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- e
Binnie. |ofinee..
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=
b GEPA Optimization Muttiple Platforms.
e, | ) B
o 0N traces. WhatsApp & 20+ more.

Mermes packages a gateway around 3 learning sgent

3 BEFORE MEMORY: WHO IS THE AGENT?
SOUL.md defines identity tone, and core priniciples
s the first thing in the system prompt (Slot K1),

Hand-authored and static

() Aostes acrossat promps

and sessions

£7% Sets the lens for memory
and skils

Without identity, every agent feels the same.
$OUL.md makes each agent uniquely yours.

5 SELF-EVOLVING SKILLS

The agent writes its own playbooks and keeps them sharp.
‘Skills ace Mackdown + YAML

Progressive Oisclosure
Lovel 0: Name « description only (~3 bnes)
Lowe - Lowd fullskill whon noeded

Level 2: il into references
Seif-improvement Loop

Soive problem —» Save as skill =

Feuse nexi fime — Get beiter

The Curator

Garbage colects old skills.
u-archives stae suills, Never suto-eietes

7 GETTING STARTED
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9 CUSTOMIZING YOUR AGENTS
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(oo Runsanywhere.
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via multiple platiorms.

2 HOW IT'S BUILT
Everything flows through one core: AlAgent class

] | R ;
@ * s |? w| gl %
i Chack prav Execuns Fp
SyemPropt  Gosl rtarepiie) Tk prosotend

E\ 5 Terminal Backends

L) Local + Docker + SSM « Modal + Daytona * Singularity

Q Universal Model Suppart
e command to switch between 200+ models and providers,

50-Tur Safety Cap
Prevents infiite loops and runaway costs.

4 THE MEMORY SYSTEM: THREE TIERS

Three layers, each built for a different purpose.

Core Memary (siways in context) s
TIER1 Keepetfinner (2.000 turns) » UBRM.md (3.799 chars) Timy
Persistent facts about projects you you Essential

Session Search (FTSS) Searchable
RIEEI  Foi-coxt soarch ocross all past conversation Uniimted
with LM summarization. On-Dermand

External Memory (Provider) Deep.
TIER 3 8 providers: Notion. Obsichan Roam. Persistent
MangoDB, Openil, Pinei, Pg2e, Chvoma e
Tier 1. searchable.

6 GEPA: EVOLVING SKILLS OFFLINE

Rnad Current Sxit iy GEPA?

Genarate Dataset ' Agents ei.rate posrty (self-congratulation biss)
+ Prevents st regrastion

B GRS Opetosiune + Offine aptimization = ne runtime cost

P + PR-based = safe, reviewable, reversible

Apply Constraints
No GPU required.

Fit with Bt Variant Costs: $1-10 per run.
Published at ICLR 2026.
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https://hermes-agent.nousresearch.com/
https://github.com/nousresearch/hermes-agent

Self-Modifying Harnesses




Darwin Godel Machine - Hyperagents

» Hyperagents - Zhang et al (03-2026) .

= Jenny Zhang @ Meta (prev MLSG speaker) .

= with Jeff Clune
= Facebook Research Code Repo

= Expands "AutoResearch" in a Meta direction .

Coding Agent

acts as both
task agent and
meta agent

Hyperagent

B, Taskagent

+
. Meta agent

MLSG
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Evolves an agent to do the task
and the update harness too

® je. can specialise harness to task too
= hence the 'Hyper level'

®=  Can choose to add:

memory; performance tracking; etc ...

DARWIN GODEL MACHINE (DGM)
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computable tasks Task agent
of new hyperagent



https://arxiv.org/abs/2603.19461
https://github.com/facebookresearch/Hyperagents

DGM-HyperAgents ++

= Jenny Zhang (and others) now at Recursive Superintelligence, Inc.
= RSl raised $650 million Series @ $4.65 billion post-money

NanoChat Autoresearch: best validation BPB over wall-clock time @ recursive
Recursive vs. Karpathy, SkyPilot, and autoresearch@home - single-seed evaluation - lower is better
= Recursive
100 autoresearch@home
-~ Wider model + more steps Autoresearch
QK-norm before RoPE SkyPilot
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=
0.92 FA4 + compilation fix )
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Meta-Harness / Self-Harness

Meta-Harness: End-to-End

- Lee et al (03-2026)

= with Omar Khattab (DSPy + Recursive
Language Models)
= and Chelsea Finn (Stanford)

Self-Harness: Harnesses That

- Zhang et al (06-2026)

= aframework that lets Al agents rewrite
their own rules
®m  boosting performance up to 60%

MLSG
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Current Harness h; 2

prompts - tools - memery - policies
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https://arxiv.org/abs/2603.28052
https://arxiv.org/abs/2603.28052
https://arxiv.org/abs/2606.09498
https://arxiv.org/abs/2606.09498

Token Sourcing Risks




D

§

Jolle!

= Cohere
= Grokigl

[




The Mythos/Fable saga

= Walk through Anthropic’s timeline:

= PS: Don’t assume OpenAl is safe choice ...

defense department

= OpenAl takes up 'lawful use' position
Mythos model finds security issues

= alarmingly many...

Fable released with guardrails

= not just refusall

= Al researchers now feel the pinch

Amazon finds 'jailbreak’

= enough to give leverage to US Government
Now blocked for everyone!

MLSG

MACHINE LEARNING
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DEFENCEHQ

=~ THE TIMES OF INDIA
HOW ANTHROPIC BECAME A
US NATIONAL SECURITY ISSUE

February 27, 2026

Anthropic rejects
Pentagon

demands to

permit Al use

for domestic
surveillance and
autonomous weapons.

April 7, 2026

Anthropic launches
Project

g Glasswing,
giving select
partners access

to its powerful Mythos
cybersecurity Al.

May 12, 2026

Pentagon

deploys
Mythos to find

and patch

cyber vulnerabilities

across US government
networks.

June 10, 2026
Anthropic launches

Claude Fable
5, powered

by its new
Mythos-class Al

capabilities

®

1 March 4, 2026 .:
Pentagon \ ’

pressure forces  \A[g]8
contractors like

Palantir to begin
reducing reliance on

Anthropic models.

1 May 6, 2026

SpaceX signs a
deal to provide

Anthropic "
access N \\
to its Colossus 1Al
supercomputer.

1June 1,2026

. * X
Anthropic * *
offers the * a *
European AT

Union access
to Mythos for cybersecurity
assessment.

1June 12, 2026

US Commerce E_ =
Department I_ul —_®
orders —
Anthropic to block access
to Fable 5 and Mythos 5 for
all foreign nationals.

June 13, 2026

Anthropic disables the models worldwide, including for
Indians and other non-US citizens.



Owning Your Al




Who should be thinking
about this?

= Who?
= |ndividuals
= Companies

= Why?
= cost
®  privacy
= |P leakage
®m  security
= speed

= Where?

= cloud (multiple providers?)
= local (fully costed?)

‘ MLSG
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Model capability / cost frontier

AA-Briefcase Elo vs. Cost per Task

AA-Briefcase Elo - Cost per task (USD)

Most attractive quadrant  --- Pareto line

@ OpenAl @ Google @ Anthropic ® Mistral ® DeepSeek @ xAl ® MiniMax ®Kimi ® Xiaomi ® ZAl @ Alibaba

1,800 -

1,600 -

1,400 -

1,200 -

1,000 -

800 -

AA-Briefcase Elo

600 -
400 -

200 -
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: Artificial Analysis
Claude Fable 5 (with fallback) 2
[
1
I
@ Claude-Opus.4.8.(max) QJ
@CLM-52(max 2 — — — — - — I @ Claude Opus 4.7 (max) 2

! @ GPT-5.5 (xhigh) @
@ Claude Sonnet 4.6 (max) Q
| )
@ DeepSeek V4-Pro (Max)-2 GLM-51Q @ GPT-5.5 (medium) ¢
- = - - - - - - - - - - - - = o
@ MiMo-V2.5-Pro Q @ Qwen3.7 Max Q

DeepSeek V4 Flash (Max) Grok 4.3 (high) 2 @KmiK26 ¢
@ GPT-5.4 mini (xhigh) ©

Claude 4.5 Haiku @ ®

’MiniMax—M3 e —-—--

@ Gemini 3.5 Flash ©

Qwen3.5397B A17B @

® @ Mistral Medium 3.5 ©

Gemini 3.1 Pro Preview Q

$0.1 $1 $10
Cost per Task (USD)



B
= 6B <size <15B
= 15B < size < 40B
= 40B < size

= Training

= None = off-the-shelf (+prompting)
= Supervised-Fine Tuning
= Reinforcement Learning




Integrating Open Source
Models

®  Problems with Foundation company lock-in:

® cost
= privacy
= and now : country risk

m  Solution

®m  Use different models for different tasks
®  eg: Foundation for planning
plus Open Source models increasingly
®  Can do prompt/ harness optimisation for both
= But, with Open Source, you can:
= train model on your local hardware

= train smaller models for repetitive tasks

MLSG
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Who agrees?

Satya Nadella (Microsoft CEQ)
= published an article on Twitter/X

= announced by Microsoft on 2-June-2026
= (no, not Open Source)

Clearly, there's some tension with OpenAl...

= and the Microsoft story makes sense
m .. particularly with Open Source models

MLSG

MACHINE LEARNING
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Satya Nadella reveals why every company may need its own Al model:
the model becomes the new company database.

"To me, a model is like the database market."

"A firm should be able to take the tacit knowledge it has and embed it
inside weights in a model that they control."

"When somebody asks me how many models should there be, I'll say as
many models as firms in the world."

The contrarian part: the value may not sit in one universal frontier model.
It sits in each company turning its private operating knowledge into a
controlled model.



https://devblogs.microsoft.com/microsoft365dev/frontier-tuning-teaching-ai-to-work-the-way-you-do/
https://devblogs.microsoft.com/microsoft365dev/frontier-tuning-teaching-ai-to-work-the-way-you-do/
https://x.com/satyanadella/article/2066182223213293753
https://youtu.be/sKrr_ckIt4s?si=9hm3ggLygCO6pZtn&t=614

'Simple' Router approach

=  Foundation model choices
= which model LAl cantlr
= model capability per brand
= Monitor
= tokens spent/by whom LU Router-1
u ROUtIng mm Router-2
= multiple sourcing Firewall
= Personally Identifying Information redaction ——
erver-
= More capable full-on version ~greer

= understanding caching

B manage routing more carefully
= usefulness of answers

®  =training data

MACHINE LEARNING
SINGAPORE
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1g outing

]

gy i\
= Corporate implementat on of full-on routing
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EvoTrainer

EvoTrainer: Co-Evolving LLM Policies and Training Harnesses

|
for Autonomous Agentic Reinforcement Learning - Chen et al (2026)
= RL over full harness
. .. Inner Loop: Policy Evolution version-to-version policy improvement
= train models holistically P ,Y e ) -
b d L l t €) Task Domains (2] 5::;2::\’ © Parallel Worktree Exploration Trai ;zim © Version Evidence 0 2,":,‘:,',‘_‘:
= based on local outcomes [ﬁ : -t Lo | Score [ ]
ﬁ SWE policy variant_| @ ncie ‘E "Lrgz best a:lr}c‘:;‘:ﬁg‘;wfn H 5@ O single-actar
. C J 1@". data ‘o Keep / {variant o main () (em) Sl
reward —> “—" wvariant g L | — (( }) gnals . —> controlled
- |dea5' E Math J JL:.L}‘—) [ [ ':l f ns Fitter Au..u groups| (variance Mi~fﬂcl‘=r
: -dufu it warktree add -ﬁ- Vs:ir;r: [> Bervind " - s scha trap) collapse| ¥
i i ( ; i ) selec mn lidate for| (Seod-grop) (4 vop-p) Behavi 0"’“ cblation
= bootstrap using e contig () fitor | @t “arqenerarion H ﬁ? e
Foundation Models L <st factor m"m.‘l.mr.n ‘ rammmmnmnnee To:ls B Vertfier f:nr-:m urn) ffoal ertropy) m.:...:.’m.’,,.
. l t "[ [" d version iteration
evaluate ocCal” an verifier/ reward metrics/ analyzers decisions/ search
Foundation Models Outer Loop: Trainer Reflection & Harness Evolution improving how training is diagnosed and steered
on same task @ Diagnostic Gap @ Harness Upgrade © Updeted Herness hy.;
e v score insufficient :UUI Metric Expansion AMIYZ" Specialization @wmul Change @l Extarnal 5¢th : = e
= can focus on difficult cases b | | Cogimemia ) || [ e (scorcfar ) || Cospers ) _repos ) SWE-98 best
- or La rge model fal_l_—back @ behavior unexplained [ new signals J [ Math [ behavior-first ] \'Etf\,grim;;ai]slw;:b:]\ P e -
signal ambiguous (newviews ) [ Coding [ signal-first ) L hu:gn curate ! 'P optional human oversight i
ettt s L,ﬁ, T
t triggered by diagnostic gaps )
= Own your own Al
® rather than sending IP to SF EvoTrainer Memory & Skill Library read/ write read/ write read/ write
read/
write = € Version Ledger @ Case Memory © skill Library © search Trace
i.___ % + versions - evidence snapshots |. - analyzer skills 0 DA"A‘Q - queries
- configs « outcomes = - repair strategies - sources
. Il‘rw_u:r_ e . pr::dlsj:e :?up\utr_s * refrieved artifacts
MACHINE LEARNING
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https://arxiv.org/abs/2606.03108
https://arxiv.org/abs/2606.03108

How feasible is RL inside the enterprise?

= TMax: A Simple Recipe for Terminal Agents + Apache 2.0 Code
60%
O Open recipe (SFT) Very large / undisclosed size
(O Open recipe (RL) =
Pareto fronti Lk
areto frontier o
50% Claude-Sonnet-4.6
:9.\ ﬁ \ = Jlmlﬂ Kimi-K2
= . TMax27B vy o7 el K2
o 40% el
Cﬂl Qwen3.6-27B
= DeepSeek-V3.2
g &
1 -32B O
g 30% ¥ TMax-on s LiberCoder-235B-A22B *CFT; i
ax-¢ < S
T‘Ij e 2 Claude-Haiku-4.5
E ‘:; Nezngiran, 148 ® TerminalTraj-32B
E 20% . | TMax-1B & @® (&)
o Qwen3.5-9B .
[i‘-) }; ?“ S0 LiberCoder-32B GCPT-0SS-120B
Qwen3.5-4B @X)Nemotron-8B TerminalTraj-14B TermiGen-32B @
10% T i .lT j-7B GPT-5
erminal Traj-7] GPT-5-nano
: e Endless-8B
&- TMax-2B ®) OpenThinker-Agent-V1
- (Qwen3.5-2B T, =
o yvx Qwen3-8B
0% // 2

8B 168 32B 1288
Model size (billions of parameters)

2B 4B 1T
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https://wai-org.com/blog/tmax/
https://github.com/hamishivi/tmax

Wrap-Up

= Harnesses can greatly enhance system
performance

= (even more so if you can specialise them)

»  Recent geopolitical events should make
everyone nervous ...

® ... about relying on other people’s Al

=  Companies should also be thinking about
Owning Their Al

B and it's possible to implement this locally

MACHINE LEARNING
SINGAPORE
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Link to Slides

= https:/bit.ly/MLSG_2026-06
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