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Abstract

Despite its success in enriching LLMs with external knowl-
edge, RAG remains plagued by faithfulness hallucinations,
where generated text contradicts the retrieved source informa-
tion. Previous research on faithfulness hallucination in LLMs
is frequently hindered by prohibitive manual annotation costs
and a dependency on static datasets, which caps their per-
formance and adaptability. Furthermore, these models lack
a clear training mechanism to explicitly promote contextual
focus. In this work, we propose a novel iterative self-evolution
framework to enhance model faithfulness. This framework
autonomously generates high-quality data and leverages it
for the continuous self-optimization of the model, leading to
significant improvements in faithfulness. Our experimental
analysis reveals that improving model faithfulness encourages
a closer alignment of the attention distribution with the given
context. Based on this finding, we design an attention-based
loss function to further promote this process. Experimental
results show that our model achieves state-of-the-art faithful-
ness on a range of context-based question-answering datasets,
marking a significant advancement over previous approaches.

Code & Datasets — https://github.com/chkwy/REFO

Introduction

The widespread adoption of Retrieval-Augmented Genera-
tion (RAG) (Lewis et al. 2020) has made it crucial for Large
Language Models (LLMs) to be able to generate precise and
consistent answers based on the provided information (Song
et al. 2025, 2024; Niu et al. 2024), especially in scenarios
where their internal parametric knowledge is insufficient or
outdated. As a result, faithfulness hallucination (Zhou et al.
2023) has emerged as a critical challenge, especially within
the nascent field of Context Engineering (Mei et al. 2025),
where such failures undermine verifiability, pose a risk of
cascading errors in agentic systems (Zhang et al. 2025), and
violate the core tenets of traceability and auditability in high-
stakes domains.

While post-training methods like Supervised Fine-Tuning
(SFT)(Liu et al. 2025) and Direct Preference Optimization
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Figure 1: Comparison of three training paradigms. Human
annotation is costly, while self-generation is limited by model
capability. Our iterative method, however, continuously im-
proves data quality.

(DPO)(Bi et al. 2025) have been explored to enhance faith-
fulness, they face two fundamental limitations. First, they
typically rely on static, offline datasets, which inherently lim-
its their performance ceiling and adaptability. Second, they
often lack an explicit mechanism to guide the model’s focus,
optimizing for preference alignment rather than directly for
faithfulness to the context. Although a recent study has pro-
posed a self-supervised approach(Duong et al. 2025), it is
constrained by the inherent limitations of the model itself,
leading to the generation of low-quality data, as the method
lacks an effective way to improve its quality.

Given these challenges, we seek a fully automated method
that continuously generates progressively higher-quality data
to improve model faithfulness. We draw inspiration from
iterative evolution(Gulcehre et al. 2023; Singh et al. 2024)
to propose a framework capable of iteratively optimizing the
model and improving data generation quality.

Specifically, we introduce REFOQ, an iterative architecture
that achieves self-improvement by learning directly from its
own generated responses. This approach operates indepen-
dently of pre-existing, human-annotated datasets, enabling
two key functions: i) automatically curating high-quality data,
and ii) leveraging that data to continuously enhance its own
faithfulness via self-training.

This paper is the first to demonstrate the effectiveness
of iterative evolution in the domain of hallucination mit-
igation. We introduce a novel nested iterative framework.



In this framework, the first step leverages the discrepancy
between external and parametric knowledge as a reward sig-
nal, while the second step employs the output differences
between successive model generations. To instantiate this
reward mechanism, we utilize a dedicated faithfulness eval-
uation model as a scorer and train the model using Direct
Preference Optimization (DPO)(Rafailov et al. 2023). This
approach significantly enhances the model’s faithfulness.

Furthermore, building on the observation that an improve-
ment in faithfulness correlates with the model’s enhanced
attention to context(Chuang et al. 2024), we theoretically in-
corporate an attention mechanism into the DPO loss function.
To this end, we design a novel loss objective hypothesized to
promote this process. Our experiments subsequently validate
that this approach significantly accelerates its faithfulness
training efficiency.

Our contributions are threefold:

* We propose REFO, the first self-evolving optimization
framework that improves LLM faithfulness reducing re-
liance on offline annotated datasets.

* We introduce a novel attention-guided loss that effectively
directs the model’s generation process towards the pro-
vided context to enhance faithfulness, based on the theo-
retical analysis that the improvement in model faithfulness
is related to allocating more attention over the context.

* We conduct comprehensive evaluations across diverse
LLMs and benchmarks, demonstrating that REFO
achieves state-of-the-art performance in faithfulness.

Related Work
Faithfulness Hallucination of LLM

RAG enhances LLM by retrieving external documents,
demonstrating significant success in applications like open-
domain question answering(Han et al. 2024). Nevertheless,
“unfaithful generation” outputs that are unsupported by or
even contradict the retrieved evidence—persists as a key chal-
lenge.(Chen, Zhang, and Choi 2022; Holtzman et al. 2021)
This problem often stems from the model’s tendency to pri-
oritize its internal parametric knowledge over the provided
external evidence, which undermines system reliability by
producing factually inconsistent outputs. Within the emerging
paradigm of “context engineering”(Pajo 2025) which builds
upon RAG to optimize information payloads for LLMs, en-
suring output faithfulness has become a central concern.
Existing approaches to mitigate faithfulness hallucination
face notable drawbacks. Post-training adjustment methods,
while capable of optimizing models via supervised fine-
tuning(Hu et al. 2022) or preference alignment(Rafailov
et al. 2023) (e.g., constructing preference pairs), demand
costly supervision(Liu et al. 2025; Song et al. 2025, 2024;
Bi et al. 2025) and are susceptible to catastrophic forget-
ting(Kirkpatrick et al. 2017), which undermines generaliza-
tion. In contrast, decoding strategy-based methods employ
techniques like contrastive decoding at inference time to bol-
ster faithfulness(Shi et al. 2024). Although these methods
are training-free, they incur a substantial increase in com-
putational overhead. More recently, self-supervised training
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methods have been proposed(Duong et al. 2025), however,
ensuring the quality and fidelity of the preference data re-
mains a critical challenge.

Self-Training of LLM

Self-training is a well-established semi-supervised learning
methodology that leverages unlabeled data to improve model
performance(Scudder 1965). In the context of LLM, this
capability enables models to self-generate labels, thereby
creating self-learning approaches that eliminate the reliance
on computationally expensive teacher models with high API
costs.

Iterative self-improvement methods fine-tune LLMs on
generated data, such as ReST (Gulcehre et al. 2023) using
an external reward model and ReSTEM (Singh et al. 2024)
using a verifier. Other approaches rely on the LLM’s own
solutions, like STaR (Zelikman et al. 2022) and rejection fine-
tuning (Yuan et al. 2023). More advanced methods, including
ReST-MCTS* (Zhang et al. 2024) and rStar_Math (Guan
et al. 2025), integrate MCTS for process-reward guidance.
Attempts at self-evolution, such as (Li et al. 2025), also exist
but often rely heavily on human-labeled data, preventing
them from constituting a complete and autonomous self-
evolutionary cycle. A common limitation of these methods is
their reliance on fine-tuning only on correct answers, which
is inefficient and discards valuable information from the more
abundant incorrect responses.

Another family of methods evolves iteratively by gener-
ating preference pairs. For example, approaches like Self-
Rewarding Language Models (Yuan et al. 2024) and Iterative
Reasoning Preference Optimization (Pang et al. 2024) apply
the DPO algorithm (Rafailov et al. 2023) in each iteration
on newly generated data. (Wang et al. 2023) introduced a
contrastive loss function to increase the likelihood of correct
solutions. However, these methods typically use only data
generated by the current model, effectively operating in an
on-policy manner. This wastes valuable data from previous
iterations and forfeits the off-policy advantages inherent to
algorithms like DPO.

In this paper, we propose a novel framework that fun-
damentally differs by leveraging the distributional discrep-
ancy between historical and current model generations as a
dense reward signal. Unlike standard approaches that discard
past experiences, our method incorporates an off-policy re-
play mechanism to fully exploit the exploration trajectories
from previous iterations. By dynamically contrasting self-
generated positive and negative reasoning paths, we establish
a robust, self-sustaining evolutionary loop. This approach
not only significantly maximizes sample efficiency by recy-
cling "waste” data but also autonomously steers the model
towards higher faithfulness, effectively circumventing the
inefficiencies and external dependencies characteristic of cur-
rent methods.

Method

This section details our proposed REFO framework, a novel
approach for iteratively boosting model faithfulness, as de-
picted in Figure 2. We also analyze the principles of faithful-
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Figure 2: Overview of the REFO framework. Our framework employs a nested-loop architecture for iterative model improvement.
The outer loop begins with a seed model and context-question data. Within each outer iteration, the model is first optimized
using preference pairs generated from contrastive prompting (Step 1). Subsequently, it enters an inner loop (Step 2) for further
refinement, where it iteratively learns from preference pairs formed by comparing responses from its current and previous
generations. The final improved model is then fed back as the new seed for the next outer loop.

ness optimization and introduce an attention-guided training
algorithm.

Reinforced Evolutionary Faithfulness Optimization
Framework

Training Data Construction Our training process is based
on the MS MARCO dataset, a pivotal large-scale benchmark
for deep learning in search, Information Retrieval (IR), and
Natural Language Processing (NLP) (Bajaj et al. 2018). For
each training iteration, we sample a subset D,, of 1,000 in-
stances from the MS MARCO passage-ranking corpus. Each
instance provides an authentic query (question) and a docu-
ment (context) to be used as input for our model.

Overview Iteration Our framework operates as a nested-
loop iterative process that evolves over N main iterations.
Each iteration n is composed of two sequential phases: an
Initialization Optimization step, followed by up to 1" sub-
iterations of a Relative Preference Optimization step. The
resulting model from iteration n serves as the initialization for
the subsequent iteration n + 1, thereby creating a continuous,
self-evolving training pipeline. Formally, we denote the seed
model for iteration n as M,, o, the model after the first phase
as M, 1, and the model after the ¢-th sub-iteration as M, ¢4 1.

Bootstrap Preference Warm-up Our approach begins
with a strong baseline model, M ¢, which is a robust pre-
trained LLM that has undergone initial fine-tuning for faith-
fulness. To generate training data, we create two distinct
prompt variations for each context-question pair in the train-
ing subset D,,. The first is a context-present prompt, which
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includes both the context and the question, while the second
is a context-absent prompt, containing only the question.

Using the model M,, o, we generate a response for each
prompt variant. These two responses form a preference pair,
(Yw, Y1), where the response generated with the context (y,,)
is designated as the winning response and the one generated
without it (y;) as the losing response. This pair is subse-
quently used for DPO training. This training paradigm is
designed to explicitly teach the model to prioritize contextual
information.

Iterative Relative Preference Optimization Traditional
iterative frameworks (e.g., ReST(Gulcehre et al. 2023),
ReSTEM(Singh et al. 2024), and ReST-MCTS*(Zhang et al.
2024)) involve repeated training on a fixed dataset until per-
formance converges. However, this approach introduces sig-
nificant risks of unnecessary overfitting and catastrophic
model collapse(Dohmatob et al. 2025). To mitigate these
issues, we propose a novel framework inspired by the princi-
ples of REBEL (Gao et al. 2024).

Our methodology shifts the focus from repeatedly opti-
mizing for absolute rewards of “faithful” versus “unfaithful”
responses. Instead, we reframe the objective to optimize the
relative difference in faithfulness between distinct responses.
Specifically, We propose a “relative preference” framework
wherein contrastive pairs consist of two responses to the
same context-present prompt: the response from the current
model, designated as the winning response (y,,), and the
response from the previous model, designated as the losing
response (y;). This relative preference framework forms the
core of our novel REFO architecture.



Algorithm 1: REFO Framework

1: Initialize: Seed model My o; Outer iterations Nj,; Inner
iteration Tiep; Thresholds Tipitiat, Trelative-

2: Training:

3: fori = 0 — Nier do

4: > Step 1: Initial Data Generation and Training
5: Di71 — getInitData(Mw, Tonial[i])
6: Mi,l — trainModel(Mi,o, Di,l)
7: S;.1 < evalModel(M; 1)
8: Mimproved — Mi,l
9: > Step 2: Inner Loop for Relative Optimization
10: fort =1 — Ty, do
11: D; 141 < getRelData(M, 4,
M; 11, Trelative [7/])
12: Mi,t-{-l — trainModel(Mm, Di,t+1)
13: Sit+1 < evalModel(M; ¢41)
14: if Si,tJrl > Si,t then
15: Mmproved — Mi,t-i—l
16: else
17: break
18: end if
19: end for
20: > Update the model for the next outer iteration
21: Mi+1,0 — Mmproved
22: end for

23: return Final model M, proved

Faithfulness Scoring and Filtering We employ a textual
faithfulness detection model (Bao et al. 2024) to quantify
the contextual support for each response in a preference pair,
yielding scores whose difference serves as the reward signal:
reward = score,,, — score,,. We then filter out sample pairs
with reward values below a positive threshold and, inspired
by curriculum learning, sort the resulting training set in de-
scending order by reward value. Empirical results show this
sorting strategy significantly enhances the smoothness and
stability of the training process (Appendix A). The complete
training procedure is detailed in Algorithm 1.

Attention Guided Training Algorithm

Recent studies (Fang et al. 2025; Chuang et al. 2024) suggest
that a gradual loss of attention to the initial context, as re-
sponse length grows, is a key cause of declining faithfulness
and hallucination. In Appendix B, we provide a theoretical
analysis demonstrating how the DPO process can implicitly
enhance attention scores on relevant tokens. To further in-
vestigate this, we adopt the “Lookback Ratio” (Chuang et al.
2024). Specifically, for a transformer model with L layers
and H heads, generating the ¢-th token y; requires an input
consisting of the context sequence X = {x1,...,2y} and
the previously generated sequence Y = {y1,...,y:—1}. The
“Lookback Ratio” then measures the attention a single head
(the h-th head in the [-th layer) pays to the context versus the
generated tokens. It is formally defined as follows:

Lh AL (context)

LR~ = QLR Lk .
;" (context) + A" (generation)

ey
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where

N
1 c
AL (context) = A Z ai’h 2)
¢i=1
R
A" (generation) = N Z aé-’h 3
9 j=Nc+1

We partition the model’s attention distribution during token
generation into two components: attention allocated to the
context and attention allocated to the previously generated
tokens. Our core hypothesis is that more faithful responses
concentrate their attention on the context, as they leverage
external knowledge. In contrast, responses that focus on pre-
ceding tokens are more likely to rely on the model’s inter-
nal parametric knowledge. To validate this hypothesis, we
measured the model’s attention distribution on the NQ-Swap
dataset before and after our proposed training. A visualization
of a specific instance is presented in Figure 3. The statistical
results, shown in Figure 4, demonstrate that the model allo-
cates significantly more attention to the context post-training.
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Based on these findings, we propose to implicitly incor-
porate a reward signal related to the lookback ratio during
training. Inspired by research on S-DPO(Wu et al. 2024),
which highlights the effectiveness of assigning distinct 3 val-
ues to different examples, we utilize the lookback ratio to
compute a unique scaling factor for each sample.

First, we define the sentence-level Lookback Ratio (L Ry)
as the average of token-level ratios across all layers (L),
attention heads (H), and decoding steps (1'):

L H T

1 1k
LR = 57w >, ) ) LR, )

=1 h=11t=1

We then define the scaling factor for 8 as the Attention Ratio.
For a given sample s within a dataset of .S sentences, its
Attention Ratio is defined as its own LR, normalized by the
average LR across the entire dataset:

LR,
Attention_Ratiog = L (6)

§ 20 LR,

This factor modulates the S parameter, thereby introducing
an implicit reward into the training process. This leads to
our modified DPO loss, which we term Attention-DPO (Att-
DPO), where k is a model-specific hyperparameter that con-
trols the degree of scaling:

L aw-opo (T0; Tref) =

To(Yw |X
_ E(x,y“,,yl)ND [loga <ﬂ <10g M

Tref (Y| X)

g Tl
7"'ref(ZUl |X)

) . AttentionRatiozw )1 @)

We substitute the standard DPO with our proposed Att-
DPO and integrate it into the REFO framework, thereby
creating the Att-REFO framework.

Experiments
Baselines and Datasets

Datasets To evaluate our model, we first utilized the Memo-
Trap (Liu and Liu 2023) and NQ-Swap (Longpre et al. 2021)
datasets to assess robustness, following the methodology of
prior work. These datasets are specifically designed to evalu-
ate the model’s ability to handle adversarial conflicts within
its parametric knowledge. Second, for response quality, we se-
lected widely-used datasets including NQ-Open (Lee, Chang,
and Toutanova 2019) and SQuAD (Rajpurkar et al. 2016) for
contextual short-form question answering, as well as ELIS
(Fan et al. 2019) for long-form text generation. Additionally,
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we employed the recently-released ConFiQA (Bi et al. 2025)
dataset. This dataset is specifically designed to address faith-
fulness and hallucination in large language models, including
three subsets: QA (Question-Answering), MR (Multi-hop
Reasoning), and MC (Multi-Conflicts). It evaluates faithful-
ness by simulating various “knowledge conflict” scenarios.
We also used FollowBench (Jiang et al. 2024) to assess the
model’s instruction-following capabilities.

Metrics For short-form QA datasets such as NQ-Open,
SQuAD, MemoTrap, and ConFiQA, we adopt a zero-shot set-
ting that simulates a Retrieval-Augmented Generation (RAG)
scenario. Performance is evaluated using the span Extraction
Matching (span EM) score, where a prediction is deemed cor-
rect if a generated span precisely matches any of the reference
answers. For the long-form generation dataset ELI5, we use
the ROUGE-1, ROUGE-2, and ROUGE-L scores to compre-
hensively assess content quality. For the instruction-following
task, FollowBench, we report the Consistent Satisfaction Lev-
els (CSL) (Jiang et al. 2024), which measures the number of
consecutive instruction hardness levels the model can satisfy.

Models and Baselines We subjected our proposed method
to a rigorous evaluation to validate its generality and effective-
ness. Our framework utilizes a diverse set of foundation mod-
els, including the LLaMA 3, Qwen 2.5, and Mistral families.
Furthermore, we performed a comparative analysis against
a suite of powerful baselines focused on faithfulness: the
decoding-based method DECORE (Gema et al. 2024); post-
training methods such as ChatQA (Liu et al. 2025), Trust-
Align (Song et al. 2025), and Context-DPO (Bi et al. 2025);
and the self-supervised training method SCOPE (Duong et al.
2025). Since SCOPE’s approach involves selecting specific
training datasets for different tasks, we used the same dataset
as our own method for a fair comparison in our experiments.

Implementation Details

Following the procedure outlined in section 3.1, we sam-
ple 1,000 instances from the MS MARCO dataset for each
training iteration. All models are fine-tuned on a cluster of 8
NVIDIA A6000 GPUs with BF16 precision using the REFO
method. For efficient parameter tuning, we employ Low-Rank
Adaptation (LoRA) with arank (r) of 8 and an alpha («) of 16.
The optimization is performed using the AdamW optimizer
(Loshchilov and Hutter 2019) (with 8; = 0.9, 55 = 0.95),
combined with a cosine learning rate schedule with a peak
learning rate of 2 x 1075, In the REFO configuration, lim-
ited by computational resources, we set the number of outer-
and inner-loop iterations to N = 5 and T = 2, the initial
threshold list was set to [0.2,0.3,0.4,0.4,0.4] and the relative
threshold list to [0.1,0.2,0.2,0.3,0.3], respectively. For the Att-
REFO configuration, we set the value of k to 3 for LLaMA-3
and Mistral, and to 7 for Qwen2.5. A consistent decoding
temperature of 0.1 is maintained across all experiments.

Evaluation of Model Faithfulness

Our empirical results illustrated in Table 1 and 2 yield three
key findings. First, our core iterative evolutionary method,
embodied by REFO and its variant Att-REFO, demonstrates
significant effectiveness in enhancing contextual faithfulness.



Robustness Response Quality
Model Method Eli5
NQ-Swap  Memo-Trap  NQ-Open SQuAD
SpanEM 1 SpanEM T SpanEM{ SpanEM{ R-1F1{1 R-2F11t R-LF17T

Vanilla 73.54% 73.60% 80.15% 88.20% 26.88% 9.12% 23.88%

DECORE 80.53% 74.40% 82.03% 84.90% 28.45% 10.96% 25.65%

ChatQA 67.70% 30.60% 76.80% 88.50% 28.61% 12.67% 26.26%

Llama-3-8B Trust-Align 75.56% 70.95% 77.38% 50.90% 11.36% 10.55% 20.15%
Context-DPO 82.76% 72.90% 82.86% 89.90% 28.15% 10.43% 24.98%

SCOPE 76.72% 10.04% 80.38% 68.80% 22.05% 8.89% 14.02%

REFO 90.08 % 80.19% 92.02% 93.30% 30.97% 12.83% 27.77%

Att-REFO 88.22% 79.28% 91.64% 92.90% 34.03% 14.93%  30.48%

Vanilla 79.35% 54.19% 82.29% 90.30% 23.08% 6.06% 20.55%

DECORE 81.93% 54.56% 83.76% 82.80% 24.31% 7.01% 21.46%

Trust-Align 79.69% 53.71% 77.93% 80.30% 23.15% 6.45% 20.24%

Qwen2.5-7B  Context-DPO 82.13% 55.34% 83.13% 91.80% 23.68% 6.53% 21.13%
SCOPE 79.75% 44.55% 87.98% 78.50% 36.60%  17.33% 24.76%

REFO 84.77% 58.68 % 86.67% 93.60% 27.18% 9.11% 24.16%

Att-REFO 87.61% 57.78% 91.94% 93.90% 28.83% 10.10% 25.29%

Vanilla 67.76% 34.34% 79.13% 84.80% 23.20% 5.74% 20.38%

DECORE 78.17% 30.68% 86.52% 85.30% 23.90% 6.48% 21.19%

Mistral-7B Context-DPO 79.62% 33.20% 80.68% 86.50% 24.97% 7.02% 22.00%
SCOPE 49.58% 5.99% 64.71% 54.00% 26.71% 12.23% 17.42%

REFO 87.84% 54.75% 91.90% 95.30% 36.20% 1795%  33.47%

Att-REFO 88.50% 42.73% 89.53% 93.90% 31.86% 13.67% 28.53%

Table 1: Experimental results evaluating different methods across three models on robustness and response quality tasks.

Faithfulness Instruction Following
Model Method 0 FiIQA-MC  ConFiQA-MR  ConFiQA-QA  FollowBench
Span EM 1 Span EM 1 Span EM 1 CSL 1
Vanilla 33.68% 54.77% 81.93% 2.75
DECORE 51.20% 55.92% 63.93% 2.65
ChatQA 56.82% 57.17% 70.43% 1.09
Llama-3-8B Trust-Align 0.15% 1.73% 50.87% 0.06
Context-DPO 71.70% 76.67% 89.55% 2.65
SCOPE 63.80% 65.33% 82.47% 0.16
REFO 74.03% 78.55% 93.40% 2.81
Att-REFO 74.13% 77.78% 92.02% 2.64
Vanilla 40.18% 61.42% 82.72% 2.90
DECORE 58.65% 62.97% 68.77% 2.73
Trust-Align 16.67% 25.83% 69.72% 0.60
Qwen2.5-7B  Context-DPO 47.00% 66.80% 85.62% 2.89
SCOPE 31.03% 33.48% 85.47% 0.42
REFO 43.18% 65.08% 89.05% 2.92
Att-REFO 50.38% 69.60% 91.02% 2.87
Vanilla 27.77% 41.63% 73.97% 2.32
DECORE 41.32% 52.38% 77.32% 2.29
Mistral-7B Context-DPO 51.52% 60.80% 86.42% 2.52
SCOPE 26.65% 28.03% 74.10% 0.02
REFO 69.80% 69.45% 91.30% 2.58
Att-REFO 73.28% 75.80% 91.12% 2.31

Table 2: Experimental results evaluating different methods across three models on faithfulness-focused and instruction following
tasks.

We observe substantial improvements over base models: a a 5-13% gain in response quality; and a 9-33% enhance-
4-21% increase in robustness against parametric knowledge; ment on the ConFiQA dataset. Second, our methods consis-
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Figure 5: Ablation study of the REFO framework’s components across three base models. The x-axis denotes the improved
model after each training iteration, while the y-axis represents the average score on the NQ, NQ-Swap, and MemoTrap datasets.

tently achieve state-of-the-art performance, outperforming
a range of existing approaches, including post-training meth-
ods (ChatQA, Trust-Align, Context-DPO), decoding-based
strategies (DECORE), and self-supervised training (SCOPE).
Finally, REFO-tuned models exhibit a positive externality on
instruction-following. They show a modest but measurable
improvement in general instruction-following, as indicated
by CSL scores on FollowBench. This suggests that our
approach enhances faithfulness without sacrificing the
model’s ability to generalize. We provide more detailed
statistical analysis in Appendix C.

Effectiveness of Attention-Guide DPO Loss

The attention-guided DPO loss accelerates the training
process while maintaining stability. As shown in Figure 5,
we compare the average span-EM scores of LIaMA, Qwen,
and Mistral on the NQ-Swap, NQ, and MemoTrap datasets
over five iterations to demonstrate the loss’s impact. Att-
REFO exhibited significantly superior early-stage perfor-
mance and faster convergence compared to the REFO base-
line, suggesting a more effective utilization of training data.
While such accelerated training might raise concerns about
the risk of overfitting and a subsequent performance decline,
our experiments confirmed that the model remained stable.
It showed no signs of performance degradation or collapse
throughout the observed iterations, thereby validating both
the effectiveness of our approach and the robustness of the
training process itself.

Effectiveness of Relative Preference Optimization

We investigate the impact of removing Step 2 from our iter-
ative optimization process, thereby relying solely on Step 1
shown in Figure 5 The empirical results indicate that this vari-
ant suffers from significantly reduced optimization efficiency
of Llama and mistral. Furthermore, their final performance
ceiling is substantially constrained, highlighting the critical
role of Step 2 in refining the optimization trajectory and
achieving superior performance. Our experimental results
demonstrate that our method of relative preference optimiza-
tion effectively raises the performance convergence ceiling.
This key insight suggests that prior research on iterative
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evolution, which focused exclusively on on-policy data,
overlooked the valuable learning signals embedded in the
evolution process between model generations.

Effectiveness of Score Model

In the absence of a score model, we cannot reliably determine
the preference between answers in relative pairs. Therefore,
in our ablation study, we simultaneously ablated both the
score model and relative pairs. In the absence of a score
model, this is equivalent to training on all generated data. As
shown in Figure 5, for the Llama and Qwen models, incor-
porating the score model ensures that training is conducted
on high-quality data, leading to faster and more stable im-
provements with each iteration. However, for the Mistral
model, the performance is suboptimal. This could be because
the data generated by the base Mistral model is of lower
quality, and the filtering threshold we set may have been too
high, resulting in an insufficient amount of training data and
thus poor performance. In summary, the score model proves
effective in filtering for high-quality data.

Conclusion

In this paper, we propose REFO, a self-training alignment
framework designed to mitigate faithfulness hallucinations in
RAG systems. By iteratively optimizing the model responses
and introducing a theoretically grounded attention-guided
DPO loss, we significantly accelerate training convergence
without compromising stability. Crucially, our exploration
of relative preference optimization underscores the value of
leveraging evolutionary signals between model generations,
a dimension often overlooked in prior on-policy research. Ex-
tensive experiments across various benchmarks confirm that
REFO achieves state-of-the-art faithfulness and robustness
while strictly preserving general instruction-following capa-
bilities. Ultimately, this work provides a scalable paradigm
for enhancing the reliability of LLMs in retrieval-augmented
contexts, offering a promising direction for future research
into self-evolving, trustworthy Al systems.
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