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7B/14B models rival o3-mini & DeepSeek-R1 on long-context reasoning



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. Hard to find suitable 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, elicit model’s retrieval and reasoning 

capabilities, which generalizes 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 → 72K

Step 2: Long Context Filling

Insert distractor documents
to extend context to

16K

Shuffle & pad

Step 3: KeyChain Insertion

Embed UUID key-value chains
for real + distractor question

at random positions

72K → 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

7LoongRL  |  ICLR 2026



RESULTS

Main Results: Long-Context Reasoning

Model Size LC Avg HotpotQA 2WikiMQA MuSiQue NarrQA QASPER

o3-mini (medium) -- 74.5 83.0 89.0 64.0 60.7 60.5

DeepSeek-R1 671B 74.9 82.7 91.3 72.2 66.9 61.4

GPT-4o -- 64.7 82.5 78.0 54.0 60.5 48.5

QwQ-32B 32B 69.6 78.5 87.4 62.7 61.1 58.5

R1-Distill-LLaMA-70B 70B 65.4 76.1 85.0 61.9 53.4 50.5

Qwen2.5-7B-Instruct 7B 48.9 69.5 50.5 34.0 44.5 46.0

R1-Distill-Qwen-7B 7B 31.2 40.2 53.3 11.1 8.9 42.5

LoongRL-7B 7B 72.4 83.1 91.1 65.6 58.4 63.6

Qwen2.5-14B-Instruct 14B 53.1 74.0 60.5 36.5 48.5 46.0

R1-Distill-Qwen-14B 14B 64.9 77.5 87.0 58.0 51.0 51.0

QwenLong-L1-32B 32B 70.1 80.7 89.1 65.2 58.6 56.7

LoongRL-14B 14B 74.2 82.2 93.3 67.5 63.4 64.5

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

8LoongRL  |  ICLR 2026



RESULTS

Preserving General Short-Context Abilities

Long-context RL training does NOT degrade general capabilities

Model Gen. Avg MMLU MATH-500 IFEval

Qwen2.5-7B-Instruct 73.5 73.4 76.0 71.2

R1-Distill-Qwen-7B 69.9 62.3 92.8 54.7

LoongRL-7B 75.0 76.2 78.0 70.9

Qwen2.5-14B-Instruct 81.3 79.4 83.4 81.0

R1-Distill-Qwen-14B 81.0 76.6 93.9 72.6

QwenLong-L1-32B 84.1 78.5 95.2 78.6

LoongRL-14B 80.7 80.5 83.2 78.4

▸ 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

▸ Proper data mixing preserves general reasoning while improving long-context
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ABLATION

Ablation: Each Component Matters

Effect of KeyChain Data

Condition
HotpotQ

A
2WikiM

QA
MuSiQue NarrQA QASPER Avg

Qwen2.5-7B (baseline) 69.5 50.5 34.0 44.5 46.0 48.9

+ RL (w/o KeyChain) 80.3 84.7 58.5 53.0 54.5 66.2

+ RL (w/ KeyChain) 83.1 91.1 65.6 58.4 63.6 72.4

KeyChain adds +6.2% on top of standard RL

Hard-enough data to keep the RL going!

Training Data Composition (~17K examples)

Dataset Size Purpose

KeyChain (HotpotQA + MuSiQue + 2Wiki) 7,500 Hard long-context reasoning

Standard QA (3 datasets) 7,500 Retrieval baseline

Book RULER (multi-key / multi-value) 1,024 Long-context retrieval

Math (DAPO + Multiple-choice) 5,000 General reasoning
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Without KeyChain
With KeyChain

Hard enough for the model to learn 
over more training steps👍

Too easy, model saturate fast 👎



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, Generalize to 128K

NarrativeQA length-split and RULER benchmark performance

Model NarrQA
0-16K

NarrQA
16-32K

NarrQA
32-64K

RULER
16K

RULER
32K

RULER
64K

RULER
128K

Qwen2.5-7B-Instruct 55.7 35.2 42.4 92.3 89.5 81.8 69.4

QwenLong-L1-32B 65.9 48.1 60.0 87.6 86.8 80.6 70.2

LoongRL-7B 69.8 47.4 57.2 93.4 91.4 86.2 76.8

LoongRL-14B 69.5 55.2 64.3 95.4 95.1 87.1 79.9
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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👉

wsy0227@sjtu.edu.cn gaokaiz@andrew.cmu.edu


