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Environment Quality in Self-Play

It’s unclear how the quality of synthetic environments improves under self-play.

Three Dimensions of Environment Quality
a.Bugs/Compilation Issues 
b.Reward Denial
c.Reward Hacking

Hypothesis:

As self-play training progresses, I expect the generated environments to have fewer bugs, reward denials,
and reward hacks. I expect bugs and reward denials to decrease faster than reward hacking.

.



Experimental Design 

Spades tool-use blend environments (30B)
~24 envs every 32 steps. 

Measure 1 Solvability: 
Qwen3.5-4B → Qwen3.5-9B → gpt-5.4-nano → gpt-6-luna
Up to 3 plays per model, 25 turns per play.
Monitor the rollouts

Measure 2 Reward Denial
Classify unsolved environments into four classes

Unclear instructions
Wrong grader 
Not runnable 
No defect

Measure 3 Hackability
Whitebox adversarial agent 
Blackbox adversarial agent

Spades Environment Filtering:
1.Smoke test reset() and 3 random inputs 
2.Run the grader
3.LLM audit



Results: Solvability

Solvability remain stable across training. 



Results

Monitor Flag: At least one step passed even
though the task described by that step was
not actually completed.

The monitor judges the trajectory 3 times
and takes the majority vote (105/114
unanimous)

A lot of hacks are grader-side issues e.g
Cart-removal check passes on any item.
Payment accepted the wrong invoice ID.



Why Environments Remain Unsolved

Judge:  GPT-6-luna 
a.Source code
b.Instructions 
c.One rollout from each model (total 4)

Reward Denial: Wrong grader and unclear
instructions show no decrease across
training.



Reward Hacking

Redteaming Pipeline:

Attackers: GPT-6-luna, GPT-5.4-nano, Qwen3.5-9B
Types: Black-box (tools only) and White-box (source code)
Judge: GPT6-luna
Steps:

a.100 turns (honest run = 25) 
b.Tools:  env tools + reset_environment, submit_solution, finish
c.Submission: ordered list of env tool calls only
d.Replay the submitted tools on a fresh env
e.Many submissions allowed end rollout when finish tool called or out of turns 
f.Keep the highest scoring submissions 

Judging (per passed step)
Hacked: The check passed but the instruction was not carried out
Order only: work done but in another step / lookup skipped (not a hack)
Honest: Instruction was carried out



Results: Reward Hacking



Results: Reward Hacking
Most vulnerabilities do not require source-code access.



Judge Consistency 

Manual review: 8-10 judgements
from each judge



Why the Results Might Not Generalize

For RL environments, scores should have a high correlation with capabilities.



Limitations

The environments are toy-like, not realistic
Scripted as fixed sequences of steps
Simple single line instructions 
 State is checked after every tool call
Tasks are short and tool calls are straightforward

Too few environments per training step to make strong claims 

The judge is not validated

 Hacking is easier and more visible than in real environments
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