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SFT: Supervised Learning from Expert Trajectories (35.7K)
 (Guideline Engineering: design system prompt for the teacher model
« Outcome-based Reject Sampling: filter the incorrect final answers
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Time / Reasoning Steps Time / Reasoning Steps

Current LLMs treat their context window as a passive buffer, retaining
all tokens without discrimination. This unmanaged accumulation creates
two critical issues: (1) context grows rapidly and soon exceeds native
context limits; (2) reasoning capability degrades, since important
information becomes buried in irrelevant or outdated content, making it
increasingly difficult for the model to distinguish signal from noise.
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For user’s question, let’s ... SEARCH_ENGINE(keywords)

Relevant Results

Round 4

I see the key information in ... READ CHUNK(chunk id)

“Content has been deleted” !

Environment

Round 5

* Process-based Reject Sampling: filter the pre-defined bad behaviors
 Action (tool-call) Balancing: downsample the over-represented samples

RL: Reinforcement Learning for Self-Improvement (488)
« Trajectory Snapshotting: record the traj before each context change
 Controlled Batching: keep a fixed number of training samples per rollout
e GRPO-based Optimization: correctness rewards with group-based adv.
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External Memory loadDocument()
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Let’s clear the context ... DELETE CONTEXT(msg id)

Context Deletion Success
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Let’s clear the context ... DELETE CONTEXT(msg id)
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To summarize, let me ... READ NOTE(key)
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I’ve gathered enough info ... FINISH(final answer)
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NovelQA Performance by
Problem Aspects

LongMemEval-S Performance by

Problem Types InfiniteBench

NovelQA

StatelLMs outperform instruct model baselines on the Needle-
in-a-Haystack benchmark under extreme context pressure.

On long-context QA tasks, StateLMs surpass instruct baselines
while using only 1/4 of the context window, and also outperform
other agentic methods, especially under longer input scenarios.
StatelLMs substantially exceed their untrained agentic (tool-use)
counterparts, showing the necessity of explicit agentic training.
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