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| 01. Harness RIE X5 #ITE B (00:00-02:48)

Harness Design Patterns

Compared with early agent frameworks, "agent = LLM + memory + tools + planning + action”,
harnesses engineering additionally include workflow design (e.g. loop engineering), evaluation,
permission controls, and persistent state management. It is no longer only prompt templates, but
closer to runtime and software system design:
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| 02. TEHBEEN (02:48-03:33)

Pattern 1: Workflow Automation

Defining a workflow in which the model can operate, test, and iterate is a key design for
automation. Karpathy's autoresearch repo (https://github.com/karpathy/autoresearch) is a clean
example of how such a workflow can be constructed. A common workflow follows a goal-oriented
loop of plan, execute, observe/test, improve, and execute again until the goal is achieved. The
process may trigger proactive requests to users for clarity in task specification or execution
preference.
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| 03. X ZAERIFRIBIZ (03:34-04:07)

$#-->3
'd = B
%0 $1 2. 8
$ bash - Qrg'] qr92 arg3 $e --> [arg1, arg2, arg3]
N o y
$* -->alargs
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| 04. F Agent 5FE&AES (04:07-05:04)

Pattern 3: Sub-agent and Backend Jobs

A harness can spawn multiple subagents to execute in parallel and monitor backend jobs. This is
useful when the main agent needs to search multiple hypotheses, run experiments concurrently, or
delegate isolated subtasks without polluting the main context. The parent agent then needs a small
process manager: launch jobs, inspect logs, cancel failed runs, and merge results back into the
main agent thread.

The key design choice is to make parallelism explicit and inspectable. R ETs (o aeI01i o 01 & e 1ol ALY/

in a transient chat context, they quickly become obselete and hidden. If they are stored as files,
logs, and status records, the model can recover after interruptions and reason over its own
execution history.
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| 05. 4383 Agent # Harness TH#%& (05:04-06:13)

Group Tool definitions

- File discovery: glob , grep , 1s

- Fileread: read , read_many

- File modification: write (a whole new file); edit (string exact-match
replacement); multi_edit ; apply_patch (applies a structured patch/diff)

File system

Shell

: Run commands: bash , PowerShell
execution
10 1sp , git tools like git_status , git diff , git_commit

External :
MCP tools, Skills
context

Web search web_search , web_fetch , browser tools
Artifacts Read docs, images; generate HTML, images

Backend

processes Such as: CronCreate , CronDelete , CronList

Agent Such as: spawn_agent , resume_agent , wait_agent , 1list_agents ,
delegation close_agent , interrupt_agent , etc.
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| 06. Harness E5#VE8E (06:14-07:26)

Harness Layer vs Core Intelligence?

It is hard to forecast how much the future of RSI will rely on harness engineering, but the near-ter
path of RS is unlikely to start as a model directly rewriting its weights QYA =l [[@ilols el E-F oI 1ei[e=]]

near-term path is:

1. Harness engineering will evolve in the direction of meta-methodology (i.e. improving the
machinery for getting better answers, not just improving the answer itself). The harness system
itself becomes an optimization target, with fewer heuristic rules and more general mechanisms.

. In turn, mature harnesses enable auto-research for model self-improvement loop and smarter
models prevents harnesses from overengineering and keep the system sustainable.

Eventually it is possible that many harness improvements will be internalized into core model
behavior, but the interface with external context and tools should remain. We have seen a softer
version of this pattern with prompt engineering: manual prompt tricks became less central as
instruction tuning and model reasoning improved, but the need to specify goals, constraints,
context, and evaluation did not disappear.
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| 07. ACE: {EETFXTEREENFM (07:27-08:52)

1. Generator: produces task trajectories, with reference to bullet points.

2. Reflector: distills insights from successful and failed trajectories.

3. Curator: updates the structured context with incremental, itemized entries.

Iterative Refinement
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| 08. MCE: L TXXREMMEMML (08:52-10:14)

Then a base-level context engineer executes the skill s and learns the context function from
rollout feedback R, guided by the current skill: ¢, = engineer(’r, Sk; c,*:_l, Rk)
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| 09. Meta—Harness: ffift Harness K Harness (10:15-11:26)

Meta-Harness (Lee et al. 2026) moves another level deeper: the optimized object is the code that
determines and optimizes what information should be stored, retrieved, and presented to the
model. “Meta-" in its name means it is a harness for optimizing harnesses.

Algorithm 1 Meta-Harness outer loop over harnesses

: Input: tasks &', LLM M, proposer P, iterations N
: Initialize: population H > Initial set of valid harnesses
: Initialize: filesystem D + @ > stores code, scores, traces
: for H € H do

Ey < Evaluate(H, M, X)

D+ DU{(H, En)}
: fort=1...Ndo

Proposer P queries filesystem D > inspects prior harnesses and scores

Proposer P proposes k new harnesses {Hy, ..., Hy}

for H in {H, H} do

if H passes interface validation then
D + DU{(H,EVALUATE(H, M, X))}

: return Pareto frontier of harnesses stored in D
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| 10. BRRRIERBFETLI®IT (11:26-12:34)
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(12:35-13:53)
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| 12. STOP: B%¥IMiHEEEANEES (13:54-15:23)

@gorithm 1: Self-Taught Optimizer (STOP)
Input: Seed improver Iy, language model L, recursion depth T, downstream tasks D

Output: An improved improver It
fort=1to T do
| It < I_1(#,1;_1,L) // Update improver based on meta-utility 7@
return It // Return the final improver
Function 7 (I):
utility sum 0 // Maintain sum of downstream task utilities
for (u,S) € D do
S’ <+ I(u,S,L) // Improve initial solution S using improver I
utility_sum +=u(S’) // Add new utility
return utility_ sum/ |D| // Return expected utility
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| 13. Self-Harness: MKIUER IR HZREB (15:23-17:15)

Weakness Mining

Proceed to Next
Iteration

All Reject - No Update
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| 14. #t#¥=5 AlphaEvolve (17:16-19:11)

C’} Scientist / Engineer

Prompt template Choice of existing " I.nmal program
: : Evaluation code with components
and configuration or custom LLMs 16 eive

fffffff I S SR S

1
Program database Best program

Distributed Controller Loop

parent_program, inspirations = database.sample()

prompt = prompt_sampler.build(parent_program, inspirations)
diff = 1lm.generate(prompt)

child_program = apply_diff(parent_program, diff)

results = .execute(child_program)
databose.add(child_program, results)
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| 15. DGM: #tft Harness fAIBEE (19:12-20:37)

DARWIN GODEL MACHINE (DGM)

archive Handcrafted
instruction-
generation

Evaluate on
coding tasks

) aligned
no need to
be aligned

Figure 1 The Darwin Godel Machine with Hyperagents. The DGM-Hyperagents (DGM-H) extends the Darwin
Godel Machine (DGM) (Zhang et al., 2025b) beyond coding tasks, enabling agents to improve not only their task
performance but also their ability to improve themselves, across any computable task. (Top) In the DGM, a coding
agent evolves through open-ended exploration by generating and evaluating self-modified variants, which are stored in
an archive of stepping stones. The same coding agent acts as both the task agent (to be evaluated) and the meta
agent (to generate modifications). While this design enables compounding gains in coding, the instruction-generation
mechanism that drives self-improvement is fixed and handcrafted. Consequently, recursive improvement depends on
alignment between coding performance and self-modification ability. (Bottom) In the DGM-H, the task agent and
meta agent are combined into a single modifiable program called a hyperagent. This design allows the meta agent itself
to be autonomously improved. The system retains the open-ended exploration structure of the DGM while making the
meta-level improvement mechanism editable. This enables metacognitive self-modification and supports self-referential
improvement across any computable task.

DGM WITH HYPERAGENTS
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| 16. Harness S5{EEIUNEMBLS ML (20:38-22:00)

SIA (Hebbar et al. 2026) is an early attempt to combine harness improvement and model-
parameter updates in the same optimization loop, with three components in the design:

* Meta-Agent: proposes the initial harness.
» Task-Specific Agent: executes the task.

* Feedback-Agent: chooses whether to update the harness or the model weights based on recent

trajectories.

one loop (b) Interleaved step sequence (example)

e

B M} {FB H}——(FB: Wi {FB: 1

- {F ra
Ay, (> Az | Az > 8 > a
harnes: harmess. harness eight harness

low-rank adapter
on base LLM

prompts - tools
retries - parsing

l Harness (scaffold) ‘ ’ Weights ¢ (LoRA)

edited by Feedback-Agent updated by RL
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| 17. Al RIFREAEKBER (22:01-23:17)

Trehan & Chopra (2026) tested whether LLMs can go from a research idea to a paper with minimal
scaffolding and basic tools (i.e., read_file , write_file , llm_search , list_files ). Each idea
had a dedicated workspace where agents could generate and read documents as part of context.
They experimented in three domains (world models, multi-agent RL, Al safety & alignment), with
each domain containing 45-50 high-quality seed documents to inspire new ideas. Only four ideas
were selected by human experts to run through the full pipeline, and only one was fully executed
into a paper. They observed six recurring failure modes in the experiments:

e Bias toward training-data defaults: use old libraries, stale commands, standard formats, or
assumptions not grounded in the actual repository or dataset.

* Implementation drift under execution pressure: when implementation becomes technically
complex, the model may move toward a common simpler solution rather than the proposed
method.

Memory and context degradation: long-horizon projects lose critical details unless logs are
written as persistent artifacts.
Over-optimism: the model declares success despite noisy or failed experiments, similarly

observed as “p-hacking and eureka-ing” pattern by Bubeck et al. (2025) where models can
introduce “numerical duct tape” and declare victory when signals are still noise.

Insufficient domain intelligence: the model lacks tacit craft knowledge, e.g. predicting

implementation complexity, judging whether an experimental result is plausible, or knowing
which baselines matter.

* Weak scientific taste: experiments may be executable but fail to answer the right question.
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| 18. B3I FEHAI S MRS (23:18-25:55)

A self-improvement loop optimizes whatever signal it is given. If the reward
comes from unit tests, the agent may overfit to tests; if it comes from a judge model, it may learn
reward hacking tricks specific to this judge; if it comes from benchmark scores, it may exploit
benchmark artifacts.

The evaluator and permission control should likely sit outside the loop that evolves harness, with

held-out tests, trace audits, and human review at decision points that matter—how much oversight

can be scaled up and automated remains an open research area.
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| 19. AR5 RRAOFDE (25:56-26:48)

ALY CI XS TN ER Humans should move up the stack, not be removed from the loop, meaning
that human should provide oversight at the right time, at the right abstraction level and our system
design should consider when and how to set up such touch points.

Many challenges listed above need human's feedback and steering. After all, we are building the
technology for better future of humanity, not other way around.
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