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MOTIVATION

The Gap: Long-Context Retrieval vs. Reasoning

▸Modern LLMs support 128K+ context windows and excel at retrieval tasks

▸ But they struggle with multi-hop reasoning over long documents

▸ Existing RL methods (DeepSeek-R1, DAPO) focus on math/code with short contexts

▸ Key challenge: How to enable small models to reason over long contexts via RL?

Two Key Challenges

1. No data for long-context reasoning training 2. RL on long contexts is prohibitively expensive
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APPROACH

LoongRL: Two Key Innovations

Data Synthesis:
KeyChain

Transform short multi-hop QA into high-difficulty long-
context tasks with UUID key-value chains

Training Recipe:
GRPO 

Multi-stage curriculum training, introducing warmup and
hard-mining stages.
Train at 16K, generalize to 128K

Result: 7B model achieves 72.4 avg on LongBench v1 — rivaling o3-mini (74.5) and DeepSeek-R1 (74.9)
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METHOD

KeyChain: Data Synthesis Pipeline
Transforming short QA into high-difficulty long-context reasoning tasks

Step 1: Data Filtering
Use Qwen2.5-32B to remove

overly easy/hard instances from
HotpotQA, MuSiQue, 2WikiMQA

277K → 72K277K → 72K

Step 2: Long Context Filling
Insert distractor documents

to extend context to
16K

Shuffle & padShuffle & pad

Step 3: KeyChain Insertion
Embed UUID key-value chains
for real + distractor question

at random positions

72K → 7.5K72K → 7.5K
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METHOD

KeyChain: Task Example
The model must trace UUID chains to find the hidden question, then reason to answer

▸Model must: (1) follow the correct UUID chain to find hidden question  (2) retrieve relevant facts among distractors  

before (3) reasoning over the supporting facts to answer
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METHOD

Multi-Stage RL Training Recipe

Warmup
Non-KeyChain

Stage I
Normal Training

Stage II
Hard Mining

Key Hyperparameters

Algorithm: GRPO (G=8) |   LR: 1e-6 |   Context: 16K tokens |   Max Output: 4096 tokens |   KL: 0.001 |   HW: 16xA100 / 8xMI300X
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FINDINGS

Emergent Reasoning Patterns
RL training induces a human-like plan-retrieve-reason-recheck loop

Plan
Decompose problems
into specific sub-steps

Retrieve
Find supporting facts

from the passages

Reason
Step-level logical

inference

Recheck
Verify retrieval,

correct if needed
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RESULTS

Main Results: Long-Context Reasoning

QASPERNarrQAMuSiQue2WikiMQAHotpotQALC AvgSizeModel

60.560.764.089.083.074.5--o3-mini (medium)

61.466.972.291.382.774.9671BDeepSeek-R1

48.560.554.078.082.564.7--GPT-4o

58.561.162.787.478.569.632BQwQ-32B

50.553.461.985.076.165.470BR1-Distill-LLaMA-70B

46.044.534.050.569.548.97BQwen2.5-7B-Instruct

42.58.911.153.340.231.27BR1-Distill-Qwen-7B

63.658.465.691.183.172.47BLoongRL-7B

46.048.536.560.574.053.114BQwen2.5-14B-Instruct

51.051.058.087.077.564.914BR1-Distill-Qwen-14B

56.758.665.289.180.770.132BQwenLong-L1-32B

64.563.467.593.382.274.214BLoongRL-14B

LoongRL-7B:  +23.5% over baseline (48.9 → 72.4) LoongRL-14B:  +21.1% over baseline (53.1 → 74.2) Rivals o3-mini & DeepSeek-R1 at 7B/14B scale
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RESULTS

Preserving General Short-Context Abilities
Long-context RL training does NOT degrade general capabilities

IFEvalMATH-500MMLUGen. AvgModel

71.276.073.473.5Qwen2.5-7B-Instruct

54.792.862.369.9R1-Distill-Qwen-7B

70.978.076.275.0LoongRL-7B

81.083.479.481.3Qwen2.5-14B-Instruct

72.693.976.681.0R1-Distill-Qwen-14B

78.695.278.584.1QwenLong-L1-32B

78.483.280.580.7LoongRL-14B

▸ LoongRL-7B: +2.8 MMLU over base  |  preserves IFEval (-0.3%)

▸ LoongRL-14B: +1.1 MMLU over base  |  R1-Distill drops -8.4% on IFEval

▸Math data mixing (DAPO) preserves general reasoning while improving long-context
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ABLATION

Ablation: Each Component Matters

Effect of KeyChain Data

AvgQASPERNarrQAMuSiQue2WikiM
QA

HotpotQ
ACondition

48.946.044.534.050.569.5Qwen2.5-7B (baseline)

66.254.553.058.584.780.3+ RL (w/o KeyChain)

72.463.658.465.691.183.1+ RL (w/ KeyChain)

KeyChain adds +6.2% on top of standard RL

Reward: KeyChain vs Standard

Training Data Composition (~17K examples)

PurposeSizeDataset

Hard long-context reasoning7,500KeyChain (HotpotQA + MuSiQue + 2Wiki)

Retrieval baseline7,500Standard QA (3 datasets)

Long-context retrieval1,024Book RULER (multi-key / multi-value)

General reasoning5,000Math (DAPO + Multiple-choice)
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ANALYSIS

Training Dynamics: 7B and 14B

▸ Both models show consistent LongBench improvement across all training stages

▸ Response length grows naturally (200 → 1400 tokens) — model learns to think more deeply
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RESULTS

Length Generalization: Train at 16K, Test up to 128K
LoongRL-7B (Ours) Qwen2.5-7B-Instruct

R1-Distill-Qwen-7B QwenLong-L1-32B

12LoongRL  |  ICLR 2026



RESULTS

Length Generalization: Train at 16K, Generalize to 128K

NarrativeQA length-split and RULER benchmark performance

RULER
128K

RULER
64K

RULER
32K

RULER
16K

NarrQA
32-64K

NarrQA
16-32K

NarrQA
0-16K

Model

69.481.889.592.342.435.255.7Qwen2.5-7B-Instruct

70.280.686.887.660.048.165.9QwenLong-L1-32B

76.886.291.493.457.247.469.8LoongRL-7B

79.987.195.195.464.355.269.5LoongRL-14B
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Thank You!
Questions & Discussion

Paper

https://arxiv.org/abs/2510.19363
Webpage

https://loongrl.github.io/

Open to Work:
Siyuan Wang

Gaokai Zhang


