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hours/days of work sparse feedback

• This information channel doesn’t grow with task complexity 

• …and this will only get worse as we deploy on harder tasks

Learning From Experience



Towards Reflective Learning

Supervised learning

 + Rich learning signal!

 - Capped by data collector

Reinforcement learning

 + Learns from experience!

 - “sucking supervision through a straw”

Reflective learning?

 + Learns from experience, without discarding info?

 - In practice, pure trial-and-error



• Reward shaping / dense rewards 

• Not very scalable to harder tasks. The “reflection” is 

just manually pulled back into reward design 

• World model / model-based RL 

• Learns from non-reward signals (states or latents) 

• “reflection” is single-thread planning 

• Value functions 

• Collapses all futures into a single number 

• Perfect V/Q is a sufficient statistic for optimality, but 

discards a lot of useful info + is estimated

Towards Reflective Learning — Related Ideas



Model Harness: the code layer around the raw LLM

We’re proposing a harness for optimizing harnesses

Very important for performance

TerminalBench-2  w/ Opus-4.6: 58% -> 81%

GAIA L3  w/ Sonnet-4.5: 15% -> 65%

Claude Code, Codex CLI, Gemini CLI, OpenHands, Terminus 2, Pi…

What properties should a 

Meta- Harness have?



Harness Engineering as a Coding/Optimization Problem

• A harness is just a specific type of code (e.g., written in Python) 

• Benchmark scores tell you how good a given harness is 

• We have text optimizers (AlphaEvolve, GEPA, TTT-Discover…) that can hill-climb 

text -> score mappings

Prior methods were designed for 

tightly scoped settings:  

• sphere packing 

• prompts 

• kernels

Each harness rollout is very long (~1 MTok), 

and you need to look across multiple rollouts 



Meta-Harness

Very minimal; one core design choice 

• Store all experience in a single filesystem  

• Use a coding agent for proposal

No: parent selection/exploration, crossover/mutation, separate feedback 

module, special data structure, separate memory/retrieval stack.

Multiple metrics 

of interest



Filesystem as a Primitive for Storing Experience

Example: Linux filesystem

• Very close to the LLM training distribution 

• Very mature tools: ls, cd, mv, grep, cat… 

• Effectively no storage limits: no need for upfront 

compression 

• Human-readable and editable 

• Composable, i.e., you can put dirs in dirs 

• Great versioning infra (git)



Exp 1: Text Classification
Setting: agent learns from (query, prediction, answer) tuples. 

Evaluated on held-out examples

Zhang et al, ICLR 2026

Meta-Harness autonomously discovered a 

harness that outperforms the prior state of the art 

by 7.7 points at >4x token efficiency!



Exp 1: Text Classification

• Retrieve 5 → initial draft → verification 

• Prime with all valid labels → per-label relevant + 

contrastive examples 

• Split memory into successes and mistakes, retrieve 

seperately 

• Store + retrieve reasoning traces for correct predictions 

• Retrieval with TF-IDF w/ RRF + word-level Jaccard + char-

level 4-gram similarity 

• …



Exp 1: Text Classification

Gains transfer to 6/9 unseen classification tasks

Compared to prior text optimizers: 

• Reaches their final perf after a 

few steps 

• >10% higher final acc



Exp 2: Agentic Coding

Setting: TerminalBench-2. 89 coding tasks that 

require multiple steps of execution (up to hours)

Very big + expensive: one full eval is >10 MTok + 

>$1000 in Opus API costs 

Couldn’t find a reasonable way to even 

try previous text optimizers

The same discovered harness improves 

performance on Opus and Haiku!



Exp 2: Agentic Coding



Exp 2: Agentic Coding

The proposer… 

• Reads a median of 82 files before 

proposing a harness. 

• Based on what it read, explicitly reasons 

through why its previous attempts failed.

Surprisingly close to how human 

engineers hill-climb this benchmark!



Conclusion & Discussion

• Meta-Harness is a simple iterative loop built around the idea of storing all past 

experience in a filesystem and letting the model decide what to view 

• A new instantiation of meta-learning ideas: take important hand-designed parts of 

learning → optimize them end-to-end 

• We autonomously improved carefully designed state-of-the-art harnesses 

• In my view, this is a step towards true continual learning in text space 

• Promising directions: 

• The evals are the bottleneck. Refine or propose new evals based on experience. 

• Co-evolve weights & harness: test hypotheses in text space, distill into weights 

• End-to-end training for important primitives (idea gen, prompt editing…)


