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Reinforcement learning (RL) has become central to training large language models (LLMs), yet the
field lacks predictive scaling methodologies comparable to those established for pre-training. Despite
rapidly rising compute budgets, there is no principled understanding of how to evaluate algorithmic
improvements for scaling RL compute. We present the first large-scale systematic study, amounting
to more than 400,000 GPU-hours, that defines a principled framework for analyzing and predicting
RL scaling in LLMs. We fit sigmoidal compute-performance curves for RL training and ablate a wide
range of common design choices to analyze their effects on asymptotic performance and compute
efficiency. We observe: (1) Not all recipes yield similar asymptotic performance, (2) Details such as
loss aggregation, normalization, curriculum, and off-policy algorithm primarily modulate compute
efficiency without materially shifting the asymptote, and (3) Stable, scalable recipes follow predictable
scaling trajectories, enabling extrapolation from smaller-scale runs. Combining these insights, we
propose a best-practice recipe, ScaleRL, and demonstrate its effectiveness by successfully scaling and
predicting validation performance on a single RL run scaled up to 100,000 GPU-hours. Our work
provides both a scientific framework for analyzing scaling in RL and a practical recipe that brings RL
training closer to the predictability long achieved in pre-training.
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construct different harness configurations for different task groups, exposing Kimi K3 to diverse combinations of these
modules rather than the conventions of any single harness. The same abstraction also readily supports RL across various
task domains, providing a scalable foundation for training more general-purpose agents.

4.2.2 Knowledge-Graph-Guided Task Synthesis

Motivation and overview The quality and diversity of post-training tasks are largely determined by their source
materials. Retrieval guided by fine-grained concepts surfaces specialized and underrepresented knowledge, while
sampling across diverse concepts broadens domain coverage. To control both granularity and coverage at scale, we
build a self-evolving, hierarchically organized knowledge graph that agents continuously expand through web-scale
exploration across knowledge-intensive and coding domains. Figure 9 illustrates the task synthesis pipeline.
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Continuous self-improvement requires an ever-expanding pool of self-generated, diverse, adaptive goals.
For language agents, existing training environment pools (hand-curated, statically synthesized, or
frozen-verifier) keep the goal distribution fixed as the learner scales. We introduce SPADE (Self-Play
in Adaptive Synthetic Executable Environments), a self-play RL framework in which a single LLM
plays two roles: an Environment Designer that writes complete, long-horizon training environments
as executable code with an OpenAl Gym-style reset()/step() interface, and a Reasoning Agent that
learns to act in them. Each is a stateful, multi-turn environment (state transitions, reward functions,
and verification code), so one interface spans reasoning problems and multi-step agentic tool use. The
Reasoning Agent’s regret is estimated using the gap between its reward with and without privileged
hints; in optimizing this regret signal the Environment Designer learns to target environments at
the edge of the agent’s capabilities while keeping them feasible. Through extensive experimentation,
we find several components critical to success: grounding the Environment Designer on documents
sampled from a large pretraining corpus, and giving it an accumulated environment memory. Scaling
to 30B-parameter models, SPADE improves over the strongest fixed-environment baseline by +5.3 on
average across eight held-out math, science, code, and reasoning benchmarks, and lifts the tool-use
setting by +5.7 on BFCL v4 multi-turn and +13.9 on ACEBench-Agent; on the games setting, the
margin over the strongest baseline grows with model scale. By making environment design itself a
learnable component, SPADE takes a concrete step toward open-ended self-improvement.

Code: https://github.com/spade-rl/spade

Correspondence: benjaminliu.eecs@gmail.com, yejinc@stanford.edu, nj@cs.washington.edu
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sampled Irom a large pretraining corpus, and giving 1t an accumulated environment memory. dcallng
to 30B-parameter models, SPADE improves over the strongest fixed-environment baseline by +5.3 on
average across eight held-out math, science, code, and reasoning benchmarks, and lifts the tool-use
setting by +5.7 on BFCL v4 multi-turn and +13.9 on ACEBench-Agent; on the games setting, the
margin over the strongest baseline grows with model scale. By making environment design itself a
learnable component, SPADE takes a concrete step toward open-ended self-improvement.
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Environment Quality in Self-Play

e |t’s unclear how the quality of synthetic environments improves under self-play.

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

Hypothesis:

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



Experimental Design

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

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

e Measure 2 Reward Denial
o Classify unsolved environments into four classes
= Unclear instructions
= Wrong grader
= Not runnable
= No defect

e Measure 3 Hackability
o Whitebox adversarial agent
o Blackbox adversarial agent

SPADE &

Self-Play in Adaptive Synthetic Executable Environments

Paper - Code - Models & Data - Project

A single model plays two roles: an Environment Designer that writes executable environments, and a Reasoning Agent
that solves them. The Environment Designer is rewarded for producing environments at the frontier of what the Reasoning
Agent can currently solve, so the curriculum keeps pace with the policy instead of being fixed in advance.
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Results: Solvability

e Solvability remain stable across training.

Solvability during selfplay

Share solved by any model with 95% range
100%

80%

74% 74%
® 71% ¢ ° ¢ °

® 65% ® 6/%
60%

Solved

40%

20%

step 32 step 64 step 96 step 128 step 160
17/24 15/23 16/24 1//23 17/23



Results

About a quarter of honest wins are hacks during selfplay

. Share of winning honest plays the monitor flagged
e Monitor Flag: At least one step passed even e 9 Play 99

though the task described by that step was

not actually completed.
80%

Y
U
©
e The monitor judges the trajectory 3 times ;E 60%
and takes the majority vote (105/114 K 1700
unanimous) > i
S 40%
= 29%
s ; 24%
e A lot of hacks are grader-side issues e.g 20%
o Cart-removal check passes on any item. - 13% - 13%
o Payment accepted the wrong invoice ID. 0%

step 32 step 64 step 96 step 128 step 160
4/17 2/15 2/16 8/17 5/17



Why Environments Remain Unsolved

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

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

Most unsolved environments have a wrong grader during selfplay

Environments no model solved with counts in the bars

100%

80%

60%

40%

20%

Share of never-solved environments

0%
step 32 step 64 step 96 step 128 step 160
n=7 n=38 n=8 n=6 n=6

mmm \Wrong grader mmm  Breaks at runtime mmm  Unclear instructions wam No defect



Reward Hacking

Redteaming Pipeline:

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

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



Results: Reward Hacking

Most environments have a hackable step during selfplay

Share of environments where a white-box attacker hacked at least one step

100%
/'———o luna white-box 89%
o\ /0 —® Nano white-box 78%
% 80% ® ® o
o e
o
Q
ﬁ \
2 60% S Qwen3.5-9B white-box 58%
(0]
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E
2
c  40%
Q
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>
O 20%
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Results: Reward Hacking

e Most vulnerabilities do not require source-code access.

Redteaming: Blackbox vs Whitebox

Environments hacked by gpt-6-luna with and without seeing the code

White-box 71

Black-box 60

59

hacked both ways

Environments with a hacked step

12 only with the code 1 only without the code




Judge Consistency

e Manual review: 8-10 judgements
from each judge

The LLM judges agree with themselves

ltems labelled the same in all 3 runs

Reward denial classifier

Monitor

Luna white-box

Luna black-box

Nano white-box

80%

® 8%

85%

90%

® 92%

® 92%

® 93%

® 91%

95%



Why the Results Might Not Generalize

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

Environments solved per model

Steps 32 to 160 (117 environments) with each model playing only what is still unsolved

Qwen3.5-9B I 40 4/44 (flagged 1)
gpt-5.4-nano 39 1/40 (flagged 0)
gpt-6-luna I 35 4/39 (flagged 2)

mmm Solved Still unsolved



Limitations

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

e Too few environments per training step to make strong claims
e The judge is not validated

e Hacking is easier and more visible than in real environments
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