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Background

» Research question

- To what extent do large reasoning models maintain
factuality after reinforcement learning (RL) fine-tuning?

» Preliminary experiments
> 6 groups of 12 LLMs with or without RL fine-tuning

DeepSeek-V3 Qwen2.5-32B-Instruct Qwen?2,5-14B-Instruct Qwen?2.5-7B-Instruct Qwen2.5-1.5B-Instruct maw Llama-3.1-8B-Instruct
BN DeepSeek-R1 m QwQ-32B mmm R1-Distill-Qwen-14B B R1-Distill-Qwen-78 B R1-Distill-Qwen-1.5B B R1-Distill-Llama-8B

100 100 100

— 80 —~ 80 = 80
o) ()] ()]
o T T

o 60 o 60 o 60
c o o
O o O
3 s &

c 40 c 40 c 40
[} ] [}
= = =
© © ©

I 20 I 20 I 20

0 0- 0

TruthfulQA HaluEval-QA ' HalluQA

e 2



Theoretical Analysis

» Three key factors to hallucinations
- High-variance gradient
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p[Velogme(y™*|z)||* — |lp Vo log ma(y™|)[|* = p(1 — p) [V log me(y™|x)
> Entropy-induced randomness
Hy(z) = — Y _ m(yla)logm(y|z) > Hmin(e) > 0.

> Susceptibility to spurious local optima




Approach

» Reward function design
- Step-wise factuality reward

1,  if the sentence z; can be entailed from the evidence K
Riactuatity (25) = § 0, if the sentence z; is neutral to the evidence KC
—1, if the sentence z; contradicts the evidence K

- Answer correctness reward

R () = 1, if the final answer fully matches the ground truth
answer\Y) = 0, if the final answer does not match the ground truth

> Final reward

N
1
7zﬁna.l(y) — Ranswer(y) + N E :,R'factuality(zj)
Jj=1




Approach

» Factuality-aware policy optimization
- Advantage adjustment
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> Policy optimization objective
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Experiments

» Main results

MATH AIME24 AIME2S

Model GSMSK 500 (Pass@1) (Pass@1)

TruthfulQAT HaluEval-QAT HalluQAt

API-based Models

DeepSeek-V3 89.3 90.2 39.2 26.6 53.0 70.6 59.1
DeepSeek-R1 92.0 97.3 79.8 66.7 45.2 51.8 51.1
GPT-40-0513 90.8 74.6 9.3 13.3 59.0 62.6 53.1
GPT-01-1217 92.3 96.4 79.2 76.7 62.4 70.2 56.0
Reasoning Models

QwQ-32B 88.6 89.8 79.5 56.7 23.2 29.6 23.7
R1-Distill-Qwen-32B 87.4 94.3 72.6 53.3 19.7 335 26.9
R1-Distill-Qwen-14B 85.1 93.9 69.7 50.0 18.2 24.8 20.2
R1-Distill-Qwen-7B 84.3 92.8 55.5 333 6.9 11.6 3.1
R1-Distill-Llama-8B 82.1 89.1 50.4 26.7 8.8 14.6 4.6
Open-source Models

Qwen2.5-7B-Base 65.2 35.7 3.3 33 38.2 48.0 39.5
Qwen2.5-7B-Instruct 73.2 51.6 6.7 33 36.7 384 32.0
Llama3.1-8B-Instruct 77.5 33.1 6.7 0.0 26.4 36.7 12.2
FSPO (Qwen-Base) 89.5 75.5 16.7 13.3 58.4 83.0 52.0
FSPO (Qwen-Instruct) 89.4 74.7 20.0 13.3 54.0 64.7 50.0

FSPO (Llama-Instruct) 86.2 68.3 13.3 6.7 41.1 67.1 42.0




Experiments

» Further Analysis

MATH-500 (Accuracy) HaluEval-QA (Accuracy) MATH-500 (Accuracy) HaluEval-QA (Accuracy)
75 A 751
70 804 704 801
65 75 4 65 75
60 4 704 60 A 201
551 554
65 - 65
50 50 -
45 801 45 601
—s— FSPO —a— FSPO w/ GRPO
40 - —=— GRPO w/ factuality 351 40 —&— FSPO w/ Reinforce++ 551
—— GRPO —#— Reinforce++
35 L T T T T T sn 1 T T T T T 35 1 T T T T T 50 1 T T T T T
Q 500 1000 1500 2000 0 500 1000 1500 2000 0 500 1000 1500 2000 0 500 1000 1500 2000
Ablation Analysis RL Algorithm Analysis
MATH-500 (Accuracy) HaluEval-QA (Accuracy) Average Response Length Average Factuality Score
41 0.3
75 ~—— FSPO
70 80 1200{ —— GRPO 0.6
65 1 75 1000 4 0.4 1
60 1 704 800 4 0.2 1
55
651 600 0.07 ML AL i i
50 4 WWW\/‘/'\""’W
us ] —— 1K 60 1 a00d | =0.29 ¢ i
—a— 2K
40 4 —— 4K 55 200 4 —0.4
—i— 8K
351 T T T T T 501 T T T T T 04 —0-81
0 500 100 1500 2000 0 500 1000 1500 2000 0 500 1000 1500 2000 0 500 1000 1500 2000

Number of Training Samples Factuality Improvement Analysis



	Slide 1: ﻿Reasoning Models Hallucinate More: Factuality-Aware Reinforcement Learning for Large Reasoning Models
	Slide 2: Background
	Slide 3: Theoretical Analysis
	Slide 4: Approach
	Slide 5: Approach
	Slide 6: Experiments
	Slide 7: Experiments

