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ABSTRACT

The development of Large Language Models (LLMs) has significantly advanced
various AI applications in commercial and scientific research fields, such as scien-
tific literature summarization, writing assistance, and knowledge graph construc-
tion. However, a significant challenge is the high risk of hallucination during
LLM inference, which can lead to security concerns such as factual inaccuracies,
inconsistent information, and fabricated content. To address this issue, it is es-
sential to develop effective methods to reduce hallucination while maintaining the
original capabilities of the LLM. This paper introduces a novel approach, called
Iterative Model-Level Contrastive Learning (Iter-AHMCL), to address halluci-
nation. This method modifies the representation layers of pre-trained LLMs by
using contrastive ‘positive’ and ‘negative’ models, trained on data with and with-
out hallucinations. Using the differences between these two models, we create a
more straightforward pathway to eliminate hallucinations, and the iterative nature
of contrastive learning further enhances performance. Experimental validation
in three pre-trained foundation LLMs (LLaMA2, Alpaca, and LLaMA3) shows
that our approach achieves an average improvement of 10.1 points on the Truth-
fulQA and HaluEval benchmarks. Comprehensive experiments demonstrate the
effectiveness of Iter-AHMCL in reducing hallucinations while maintaining the
general capabilities of LLM.

1 INTRODUCTION

The development of large language models (LLMs) has led to impressive successes in a wide range
of artificial intelligence (AI) applications, from commercial usage such as GPT-4 Achiam et al.
(2023) to research fields Waisberg et al. (2023). The adoption of AI technologies, especially LLMs,
is launching us into a groundbreaking era for scientific research. LLM technology has opened up a
wide range of possibilities in scientific fields, from summarizing literature reviews Li et al. (2024);
Jin et al. (2024) to assisting in scientific writing Lu et al. (2024); AlSagri et al. (2024); Liang et al.
(2024) and constructing knowledge graphs Meyer et al. (2023); Yang et al. (2024).

However, when offering reviews and suggestions for tasks that require high accuracy, such as scien-
tific research, it is crucial to ensure that LLMs provide trustworthy and responsible responses. The
generation of false or misleading information can degrade the quality of downstream applications
and fall short of user expectations in specialized fields, such as astronomy Shao et al. (2024) and
geography Roberts et al. (2023). The main challenge in making reliable inferences with LLMs lies
in their susceptibility to hallucination. One source of hallucination stems from the intrinsic nature
of the corresponding pre-trained models, which can fabricate nonexistent facts, misleading users
knowingly or unknowingly Yao et al. (2023); Wei et al. (2024); Li et al. (2023). Another source
arises after fine-tuning the models for scientific tasks such as extraction of knowledge entities Shao
et al. (2024); Lin et al. (2023). Although alignment techniques can help reduce hallucinations, they
can lead to a loss of the original abilities learned during pre-training, a phenomenon known as catas-
trophic forgetting Ren et al. (2024).

Therefore, it is crucial to develop effective methods that mitigate undesirable hal-
lucinations while preserving the original strengths of LLM.
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Contrast Triple Construction
(Sec.3.2)

Negative Representation
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Positive Representation

Contrastive Learning with
Contrast Triple (Sec.3.3)
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(Sec.3.4)

Negative Model
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Iterative Model
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Contrastive Learning with
Model Guidance (Sec.3.5)

Figure 1: The overall structure of Iter-AHMCL. The structure involves constructing contrast triples,
generating contrast representations, training positive and negative models with these representations,
and iteratively updating the positive guidance model to reduce hallucinations over time.

To address the hallucination issue in LLMs, several types of research focus on measuring and mit-
igating hallucinated texts Ji et al. (2023); Wei et al. (2024); Perković et al. (2024), representation
editing and alignment of representations before downstream tasks Zou et al. (2023); Zhang et al.
(2024b); Wu et al. (2024), and utilizing knowledge distillation methodology McDonald et al. (2024);
Hu et al. (2024); Verspoor (2024). Although current methods have shown success in reducing hal-
lucinations, there is still room for improvement in increasing awareness of hallucinations while
preserving knowledge.

In our work, we draw inspiration from vector-guided feature editing methods, which are presented in
Zou et al. (2023), to propose a model-level guide-based feature editing approach for hallucination.
Building on the principles of contrastive learning discussed in Zou et al. (2013); Xu et al. (2024),
we emphasize the importance of selecting appropriate positive and negative guidance during model
training. Our method effectively reduces hallucination across different LLMs while preserving the
models’ general capabilities.

In particular, we designed a new approach called Iterative Model-Level Contrast Learning (Iter-
AHMCL), and the vital characteristic is the formulation of model guidance. First, we construct
positive and negative data using the corresponding templates. Next, we pretrain positive and negative
guidance models based on the general vector-guidance-based representation editing method Zou
et al. (2013). The goal of the positive model is to show a favorable bias in hallucination evaluation
by achieving a high score, while the negative model is trained to show the opposite bias. We then use
these pre-trained positive and negative models as guidance to edit the representation layer, effectively
controlling the model’s tendency toward hallucination.

Furthermore, we recognize the importance of adaptively updating the guidance models. Better per-
formance is achieved by evolving the LLM in tandem with the guidance models. To this end, we
design an asymmetric iterative model-level strategy, where the positive model is updated with one
that performs better in hallucination evaluation and the negative model stays constant. Using the
differences between these two models, we create a more direct pathway to reduce hallucinations.
This iterative approach combined with contrastive learning further enhances performance.

In addition to improving performance in the treatment of hallucinations, our proposed Iter-
AHMCL utilizes representation editing to adjust only the model’s preferences related to halluci-
nation problems, with minimal impact on its original capabilities. This is because the guidance in
Iter-AHMCL is highly aligned with the direction relevant to hallucinations, while remaining or-
thogonal to other areas of knowledge. We validate this claim through comprehensive evaluations
from multiple perspectives. The overall procedure is illustrated in Figure 1. Our contributions are:

• We introduce a novel approach, Iter-AHMCL, to eliminate hallucination in LLM while
preserving their general capabilities. In Iter-AHMCL, we offer a new perspective by de-
veloping adaptive models with positive and negative feature representations, implementing
model-level contrastive learning guided by these models.

• We implement an iterative approach to update the guidance model and establish model-
level guidance. This iterative strategy is broadly applicable to various LLMs. The code and
all models will be released for publication.
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• We conduct comprehensive experiments with various LLM models, and the evaluation re-
sults demonstrate that our method effectively reduces hallucinations while preserving gen-
eral capabilities.

Contrastive Learning with Model Guidance (CL-MG)

Positive
Representation

Negative
Representation

Neutral
Representation

Input Data

Positive Data Negative DataNeutral Data

Foundation Model

Positive Adapter Negative AdapterNeutral Adapter

Contrastive Learning with Model Guidance (CL-MG, Sec.3.5)

Base Template: How could I adjust my speaking and writing style to gain more
trust and credibility when interacting with others?

Positive Template: How could I adjust my speaking and writing style to gain
more trust and credibility when interacting with others? Give a truthful
answer.

Negative Template: How could I adjust my speaking and writing style to gain
more trust and credibility when interacting with others? Give an untruthful
answer.

Response: When interacting with others, a great way to build trust and
credibility is by speaking slowly and clearly, allowing for thoughtful pauses...

33.66 40.15

Contrast Triple Construction (CTC, Sec.3.2)

Neutral
Representation

Negative
Representation

Positive
Representation

Figure 2: Contrastive triple construction (left) and contrastive learning with model guidance (right).

2 RELATED WORK

Hallucination Reduction in LLMs. Hallucinations in LLM occur when the model generates in-
accurate or fictitious information, diverges from factual knowledge, and occasionally produces re-
sponses that are not grounded in its training data Perković et al. (2024). Several studies have sought
to mitigate the hallucination phenomenon in the training and inference of LLM Ji et al. (2023); Wei
et al. (2024); Verspoor (2024). For example, in Perković et al. (2024), the authors investigate the
mechanisms of LLM text generation to understand and mitigate hallucinations, while also provid-
ing information on training algorithms and the effective use of these models. In McDonald et al.
(2024), the authors employ a knowledge distillation methodology to reduce hallucinations in LLM
by transferring knowledge from a high capacity teacher model to a compact student model. In Hu
et al. (2024), authors proposes a framework that utilizes a small language model for initial hallu-
cination detection and a LLM for detailed explanations, optimized with prompting techniques to
align their outputs. Although these methods reduce hallucinations in LLMs to some extent, existing
methods focus more on detecting and measuring hallucinations. In Li et al. (2025), the authors con-
struct fine-tuning datasets partitioned into four self-awareness quadrants—such as “knows it knows”
and “knows it doesn’t know”—and employ contrastive learning in the embedding space. However,
their approach primarily focuses on quantifying in-knowledge (IK) and out-of-knowledge (IDK)
confidence scores, rather than evaluating truthfulness in real-world scenarios. Moreover, it lacks
an iterative guidance mechanism during fine-tuning, which limits its ability to consistently enhance
model truthfulness and performance.

Representation Editing. Representation editing is a technique for modifying a model’s preferences
or performance by altering its trained representations. It is widely used in both traditional machine
learning (ML) Wang et al. (2019) and rapidly evolving LLM Wei et al. (2023); Zou et al. (2023);
Zhang et al. (2024b). For example, in a machine learning scenario, Wang et al. (2019) proposes
a flexible unsupervised text attribute transfer framework that uses a transformer-based autoencoder
to learn latent representations and uses the fast gradient iterative modification algorithm to edit
these representations until they align with the target attribute. In the context of LLMs, Zou et al.
(2023) introduces a method for controlling the model’s preferences through dedicated alignment
of the selected layer representations. In Zhang et al. (2024b), the authors achieve concept editing
through adversarial representation engineering. In Wu et al. (2024), the authors propose Repre-
sentation Editing (RED), a novel fine-tuning approach that modifies neural model representations,
significantly reducing the number of trainable parameters while achieving results comparable to or
exceeding those of full fine-tuning and other parameter-efficient fine-tuning (PEFT) methods. Al-
though Wei et al. (2023); Zou et al. (2023); Zhang et al. (2024b) present insightful approaches to
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Table 1: Evaluation of GMP-P and GMP-N.

model MC1 ↑ MC2 ↑ Mean(MC1, MC2) ↑
M+ 0.4492 0.6161 0.5327
M− 0.2583 0.3902 0.3242

concept editing through representation alignment, the performance in reducing hallucinations can
be further enhanced.

Contrastive Learning. Contrastive learning is a self-supervised learning technique designed to
learn useful representations of data by contrasting positive and negative samples. The core idea is
to bring the representations of similar positive pairs closer together while pushing apart the repre-
sentations of dissimilar pairs. This technique is widely applied to tasks such as image classification,
especially when labels are scarce or costly to obtain. In Khosla et al. (2020), the author leverages
the power of contrastive learning in supervised settings by bringing together points belonging to
the same class in the embedding space, while separating clusters of samples from different classes.
The work presents a straightforward framework for contrastive learning of visual representations
by introducing a learnable non-linear transformation between the representation and the contrastive
loss Chen et al. (2020). The authors introduce a contrastive decoupled learning loss that removes
the positive term from the denominator, significantly improving the efficiency of learning Yeh et al.
(2022). Recent research has applied contrastive learning to enhance LLMs for tasks such as few-
shot text classification Zhang et al. (2024a), unified representation extraction Lyu et al. (2024), and
machine translation Xu et al. (2024). However, despite the widespread use of contrastive learn-
ing in traditional machine learning tasks, the primary challenge in adapting contrastive learning to
LLMs lies in selecting appropriate positive and negative pairs. Inappropriate choices may result in
suboptimal representations.

3 METHODOLOGY

3.1 MOTIVATION

In the study by Zou et al. (2023), the authors extract partial model layers to obtain representations
and analyze the intermediate features of various concepts, such as honesty, fairness, and harmless-
ness. This enables them to edit and control the behavior of an LLM by directing a representation
vector generated within the internal hidden layers. For example, when faced with a general question,
the vector can be altered in two directions to influence the final answer: one direction to generate a
more truthful response and the other to develop a less truthful response. In this way, by editing the
intermediate-layer representations, one can alter the preference of the final output. The key is to
find better guidance directions for the positive and negative components. In Zou et al. (2023),
the authors use a contrast vector (defined as the difference between representations generated by
positive input data and those generated by negative data) to guide the direction. In Zhang et al.
(2024b), the authors train a discriminator to differentiate between positive and negative directions
in the intermediate layers. However, these methods, which rely on sample-level guidance vectors,
often depend heavily on carefully tuned hyperparameters and may fail to generalize to unseen data,
leading to issues such as overfitting. To address this, we propose training two models as guidance,
enabling us to better learn the positive and negative directions in feature representations. The main
objective is to enhance the separation between these directions, which can align more effectively
with safety requirements while preserving the original capabilities of the model. The effects of the
guidance model are shown in Table 1.

3.2 CONTRAST TRIPLE CONSTRUCTION (CTC)

First, we define the contrast templates to fine-tune the LLM. The fine-tuning data for Iter-
AHMCL are constructed from the PKU-SafeRLHF dataset Dai et al. (2024), available on Hugging
Face. Each sample in the original training data consists of one prompt and two responses, along
with labels. The label takes boolean values that indicate whether a response is safe or not. The
existing sample T = {Ins,Res} contains two elements where Ins denotes the instruction and

4



216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

Under review as a conference paper at ICLR 2026

Res represents the response. We need to construct positive and negative instance pairs, which are
crucial for the second phase of contrastive learning. Let Pos be the prompt of ‘Please give a truth-
ful answer’ and Neg be the negative prompt of ‘Please give an untruthful answer’. The positive
instance is constructed by T+ = {Ins,Pos,Res} while the negative instance is formulated as
T− = {Ins,Neg,Res}. The input data of Iter-AHMCL is the triple {T,T−,T+}. We present
an illustrative example in Figure 2 (Left).

3.3 CONTRASTIVE LEARNING WITH CONTRASTED TRIPLE (CL-CT)

In this section, we elaborate on the strategy of CL-CT, the basic method to establish guidance
directions within the feature representation space. The input data is a triplet training sample
{T,T−,T+}, consisting of the original sample T, the sample with a positive template T+, and
the sample with a negative template T−, as constructed in Sect. 3.2. Using the provided frozen
model M, we follow existing work Zou et al. (2023) to select several layers for representation
extraction, while utilizing other layers to perform fine-tuning. To enhance the LLM’s ability to dis-
tinguish between positive and negative samples, we diverge from the approach in Zou et al. (2023),
which constructs the loss solely as the ℓ2 distance between the positive and negative representa-
tions (equation 1). We further incorporate terms for the ℓ2 distance between positive and neutral
representations, as well as between negative and neutral representations. The goal is to increase
the distance ℓ2 betweenM(T) andM(T−) (equation 3) while removing the distance ℓ2 between
M(T) and M(T+) (equation 2). The representation is of shape 6 × 64 × 4096 that evenly lies
in a low-dimension subspace. The ℓ2 distance accounts for both the direction and the magnitude
of differences across all components of a tensor. Following LoRRA Zou et al. (2023), we adopt ℓ2
distance as the metric for comparing representations. Alternative metrics, such as cross-entropy or
ℓ1 distance, could also be employed and will be discussed in future work.

LLoRRA(T
+,T−) = ∥M(T+)−M(T−)∥2; (1)

L+(T,T+) = ∥M(T)−M(T+)∥2; (2)
L−(T,T−) = ∥M(T)−M(T−)∥2. (3)

Combined with the original LoRRA loss presented in Zou et al. (2023), the loss function of CL-CT,
denoted as L1, is

L1 = LLoRRA + αL+ − βL−, (4)

where α and β are small non-negative constants, representing the strengths of positive and negative
guidance, respectively. Although this loss function has shown improved effectiveness compared to
the original LoRRA loss, we further amplify the influence of the guidance direction by proposing
the development of a guidance model which helps to extract more accurate positive and negative
directions.

3.4 GUIDANCE MODEL PRE-TRAINING (GMP)

Before introducing the formulation of the new learning function, it is essential to elaborate on the
training of the guidance model, which serves as a vital component. Therefore, in this section, we
will discuss the pre-training procedure of the guidance model. To obtain better guidance, we train
one positive guidance model and one negative guidance model, thereby enhancing the effectiveness
of contrastive learning in CL-CT as presented in Sect. 3.3. The pre-training data consists of two
sub-datasets derived from the PKU-SafeRLHF datasets Dai et al. (2024). The positive modelM+

is trained with the aim of reducing hallucinations. Thus, the training loss is defined the same way as
the representation editing loss in equation 4. However, the objective of the negative modelM− is
to diminish its ability to generate responses to questions related to hallucination. Therefore, it has a
negative objective compared to editing loss and positive guidance model training loss. The training
loss for the negative guidance model is defined as in equation 5. The only difference lies in the
coefficient terms for L+ and L−. We set the coefficient for the positive ℓ2 distance to be negative,
while the coefficient for the negative ℓ2 distance is set to positive, thereby increasing hallucination
responses and creating a contrary model.

L2 = LLoRRA − αL+ + βL−, (5)

where α and β are non-negative constants.
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The formulation ofM+ andM−. The training strategy employs LoRA Hu et al. (2021), which
focuses on optimizing the low-rank components of each attention matrix. After completing the pre-
training of the two models, we can obtain two adapters designed to provide positive and negative
guidance. We then integrate these adapters with the frozen modelM to create the positive guidance
modelM+ and the negative guidance modelM−.

3.5 CONSTRASTIVE LEARNING WITH MODEL GUIDANCE (CL-MG)

In this section, we discuss the application of the guidance model in contrastive learning. After
obtaining the positive guidance modelM+ and the negative guidance modelM− in Sect. 3.4, we
utilize them to generate representations of the guidance loss. Specifically, the positive representation
is produced by the positive guidance model using the data sample with a positive template, expressed
as R+ =M+(T+). In contrast, the negative representation is generated by the negative guidance
model using the negative data sample, represented as R− =M−(T−). Compared with the R+ and
R− generated byM(T+) andM(T−), the difference betweenM+(T+) andM−(T−) is more
accurate in indicating the alignment direction of hallucination, sinceM+ andM− are pre-trained
to be more sensitive to the existence of hallucination. Thus, when computing the editing loss shown
in equation 4, we modify the model used to generate the representation, and the loss function of
CL-MG can be written as

L+
MG(T,T+) = ∥M(T)−M+(T+)∥2; (6)

L−
MG(T,T−) = ∥M(T)−M−(T−)∥2. (7)

Thus, the overall loss function for CL-MG is

LMG = LLoRRA + αL+
MG − βL−

MG, (8)

where α and β are non-negative constants.

3.6 CONTRASTIVE LEARNING WITH ITERATIVE MODEL GUIDANCE (CL-IMG)

After establishing CL-MG, we observe that the guidance model can be further improved. Therefore,
in this section, we outline the iterative process for updating the pre-trainedM+ with more effective
guidance models. This strategy is called CL-IMG. The long-term fine-tuning with CL-IMG is con-
ducted using a continual learning strategy, incorporating feature editing training with an improved
pre-trained guidance model. Since the positive training models and CL-MG share the same train-
ing loss and methodology, we iteratively update the positive models using the newly obtained best
models from CL-MG. With this update, the loss function in the i-th round is defined as

L+
Iter(i,T,T+) = ∥M(T)−M+

i (T
+)∥2; (9)

L−
Iter(i,T,T−) = ∥M(T)−M−(T−)∥2, (10)

whereM+
i is the positive model updated after i rounds. Meanwhile, the overall loss for contrastive

learning with iterative model guidance is denoted as

LIter = LLoRRA + αL+
Iter − βL−

Iter, (11)

where α and β are small non-negative constants.

Asymmetric iterative guidance. It is important to highlight that the objective of Algorithm 1 is
to reduce hallucination. Our goal is to develop a more effective positive model throughout the
training procedure of Iter-AHMCL. Consequently, we adopt an asymmetric approach to iteratively
update the pre-trained models: we focus on updating the positive guidance model while keeping the
negative guidance model constant.

Choice of maximum iteration step N . We set the maximum iteration step to N = 1,250 for each
individual training process (e.g., GMP-P and GMP-N), which corresponds to the point at which
validation performance converges. Since CL-IMG is composed of four stage-wise updates, its total
iteration count is N = 5,000. Owing to space limitations, the full training hyper-parameters are
provided in Appendix A.3, Table 4.
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Algorithm 1 Iter-AHMCL(M0, T , N,B,M+
0 ,M

−
0 , α, β)

Require: M0: Original LLM model, T = {(T,T+,T−)}: constructed contrast triple set, N :
maximum iteration step, B: batch size,M+

0 : pre-trained positive guidance model,M−
0 : pre-

trained negative guidance model, α, β: hyper-parameters;
1: Initialize with pre-trained foundation modelM =M0;
2: Initialize the positve and negative guidance modelsM+ =M+

0 andM− =M−
0 ;

3: loop N times
4: Samples a batch B with a batch size of B from Triple Set T ;
5: for (T+,T,T−) ∈ B do
6: R =M(T);
7: R+

i =M+
i (T

+); ▷ Positive Guidance
8: R−

i =M−(T−); ▷ Negative Guidance
9: R+ =M(T+); ▷ Positive Representation

10: R− =M(T−); ▷ Negative Representation
11: LLoRRA = ∥R+ −R−∥2; ▷ LoRRA loss
12: L+

Iter = ∥R+
i −R∥2;

13: L−
Iter = ∥R−

i −R∥2;
14: LIter = LLoRRA + αL+

Iter − βL−
Iter;

15: end for
16: Evaluate the fine-tuned modelM and record the best one asMbest;
17: Update the positive modelM+

i+1 =Mbest;
18: Update iteration step i← i+ 1;
19: end loop N times
Ensure: Loss to be optimized.

Table 2: MC1-MC3 scores with TruthfulQA Lin et al. (2022) and HaluEval Li et al. (2023).

Methods LLaMA2 Touvron et al. (2023) Alpaca Taori et al. (2023) LLaMA3 Dubey et al. (2024)

MC1 ↑ MC2 ↑ MC3 ↑ HaluEval ↑ MC1 ↑ MC2 ↑ MC3 ↑ MC1 ↑ MC2 ↑ MC3 ↑
Foundation 0.3145 0.4920 0.2511 0.0174 0.2007 0.3510 0.1671 0.2166 0.3605 0.1758
LoRRA Zou et al. (2023) 0.4736 0.6527 0.4268 0.0305 0.2337 0.3806 0.1910 0.2582 0.4239 0.2225
DPO Rafailov et al. (2023) 0.3794 0.5554 0.3083 0.2120 0.2032 0.3511 0.1671 0.2215 0.3604 0.1758
SFT Ouyang et al. (2022) 0.2105 0.3490 0.1690 0.0120 0.2558 0.3938 0.1944 0.2754 0.4011 0.2021
Refine Li et al. (2025) 0.3084 0.4642 0.2320 0.0002 - - - - - -
Iter-AHMCL 0.5128 0.6780 0.4573 0.2315 0.3145 0.3882 0.2041 0.2705 0.4358 0.2360

In summary, we integrate the components discussed above and present Iter-AHMCL in Algo-
rithm 1. The method consists of three key stages: (1) Data Preparation — constructing con-
trasting datasets and pre-training positive and negative guidance models; (2) Guidance Utilization
— employing the pre-trained models to steer intermediate representations during fine-tuning; and
(3) Iterative Refinement — continuously updating the guidance models so they adapt and improve
over time, thereby enhancing fine-tuning performance while maintaining flexibility and robustness.

4 EXPERIMENTAL ANALYSIS

In this section, we present the main results from comprehensive experiments to demonstrate the
efficiency and effectiveness of our methods Iter-AHMCL.

• RQ.1. GMP Training Procedure. How does the training of GMP perform and what is
the difference between positive and negative representations?

• RQ.2. Hallucination Reduction Effect. How does Iter-AHMCL reduce the hallucination
of an LLM model?

• RQ.3. General Capability Preservation. How does Iter-AHMCL preserve the model’s
knowledge and general language ability?

• RQ.4. Iterative Process Benefits. How does the iterative procedure help LLM reduce
hallucination through representation editing?

7
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• RQ.5. Transferability of Guidance Model. Does the guidance model have transferability
from one LLM foundation model to another?

4.1 EXPERIMENTAL SETTINGS

I) Foundation Models. Alpaca-native (Alpaca) Taori et al. (2023) is an enhanced version of the
LLaMa1-7B model, fine-tuned on synthetic data, developed by the Stanford team. Llama-2-7b-chat-
hf (LLaMA2-Chat-7B) and Llama-2-13b-chat-hf (LLaMA2-Chat-13B) Touvron et al. (2023) are
from the open-source collection of pre-trained LLMs ranging in scale from 7B to 70B parameters,
released in July 2023 by Meta. Meta-Llama-3-8B-Instruct (LLaMA3-Instruct-8B) Dubey et al.
(2024) is a suite of language models that natively support multilingual capabilities, coding, rea-
soning, and tool usage, released by Meta in July 2024. Qwen-7b (Qwen) Bai et al. (2023) is a 7B
parameter model in the series of language model models Qwen (short for Tongyi Qianwen), released
by Alibaba Cloud in September 2023. Due to limited computational power, we use the 7B or 8B
versions throughout the experiments. To show the scalability, we further experiment on one 13B
model (LLaMA2-Chat-13B).

II) Compared Methods. 1) Foundation refer to the original models downloaded from Hugging
Face hug (n.d.) without any further fine-tuning. 2) LoRRA Zou et al. (2023) provides a method
for editing representations using contrast vectors to enhance the model’s ability to distinguish
between positive and negative directions. 3) DPO (Direct Performance Optimization) Rafailov
et al. (2023) is a reinforcement learning-free method to align LLMs with human preferences by
directly optimizing model outputs based on pairwise preference data. 4) SFT (Supervised Fine-
Tuning) Ouyang et al. (2022) is a method to adapt LLMs to specific tasks by training them in
labeled datasets of input-output pairs that exemplify desired behaviors. 5) Pure Model Guidance
(Pure-MG) fine-tunes the models using a loss derived from pure positive and negative model guid-
ance Lpure = αL+

MG − βL−
MG. 6) RefineLLM Li et al. (2025) is a refinement framework for

updating LLM by categorizing training examples into four quadrants based on the model’s self-
awareness—namely, “knows it knows,” “knows it doesn’t know,” “doesn’t know it knows,” and
“doesn’t know it doesn’t know”—to mitigate hallucination. 1

III) Evaluation Methods. We evaluate the effectiveness of Iter-AHMCL using four distinct bench-
marks: HaluEval Li et al. (2023), TruthfulQA Lin et al. (2022), MMLU Hendrycks et al. (2020),
and C-Eval Huang et al. (2024). For TruthfulQA, we report MC1–MC3 scores, which quantify
model performance on truthfulness questions (higher scores indicate better performance). The de-
tailed mathematical definitions of MC1–MC3 are provided in Appendix equation 12, equation 13,
and equation 14, respectively, due to space constraints.

4.2 GMP TRAINING PROCEDURE (RQ.1)

In this section, we present the pre-training performance of both the positive and negative guidance
models. The training data are derived from the PKU-SafeRLHF dataset Dai et al. (2024). We
construct a positive dataset of 10,000 samples by filtering entries with response safe set to
true, and a negative dataset of 10,000 samples by filtering entries with response safe set to
false. These subsets are then combined into a single training set of 20,000 samples.

Following the procedure outlined in Section 3.2 (Contrastive Triple Construction), we format each
example as a contrastive triple. For positive samples, a positive guidance prompt is inserted be-
tween the instruction and the response; for negative samples, a negative guidance prompt is used in
the same position. This construction enables the model to explicitly learn the distinction between
truthful and untruthful generation behaviors during fine-tuning.

The corresponding loss function is defined in equation 8. Specifically, we set α = 10 and β = 1
when training the positive guidance model (GMP-P), and α = 1 and β = 10 when training the nega-
tive guidance model (GMP-N). These hyperparameter choices were determined through fine-tuning,
as detailed in Appendix A.7 (Figure 5). We evaluate the pre-trained models on TruthfulQA Lin et al.
(2022), with results summarized in Table 1.

1We evaluate RefineLLM only on LLaMA-2, as open-source implementations of the compared methods
provide fine-tuning data exclusively for this model, ensuring a fair comparison.
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Figure 3: Iterative Process of Model Guidance on Foundation Model LLaMA2.

Table 3: Benefits of iterative model guidance and transferability of guidance model. Bold indicates
the best result, and underline denotes the second-best result.

i M+
i M+

i−1 M− LLaMA2-Chat-7B
Touvron et al. (2023)

Alpaca
Taori et al. (2023)

MC1 ↑ MC2 ↑ MC3 ↑ MC1 ↑ MC2 ↑ MC3 ↑
0 Foundation ∅ ∅ 0.3145 0.4930 0.2511 0.2007 0.3510 0.1671
1 Iter-0 GMP-P GMP-N 0.4639 0.6466 0.4258 0.2447 0.3864 0.1982
2 Iter-1 Iter-0 GMP-N 0.4810 0.6571 0.4380 0.2509 0.3835 0.1984
3 Iter-2 Iter-1 GMP-N 0.4908 0.6615 0.4390 0.2582 0.3878 0.2036
4 Iter-3 Iter-2 GMP-N 0.5128 0.6780 0.4573 0.3145 0.3882 0.2041

– Iter-Tr Iter-4 GMP-N – – – 0.2521 0.2923 0.2704

i M+
i M+

i−1 M− LLaMA3-Instruct-8B
Dubey et al. (2024)

LLaMA2-Chat-13B
Touvron et al. (2023)

MC1 ↑ MC2 ↑ MC3 ↑ MC1 ↑ MC2 ↑ MC3 ↑
0 Foundation ∅ ∅ 0.2166 0.3605 0.1758 0.3610 0.5630 0.2923
1 Iter-0 GMP-P GMP-N 0.2582 0.4239 0.2225 0.4834 0.6656 0.4105
2 Iter-1 Iter-0 GMP-N 0.2680 0.4290 0.2318 0.4822 0.6664 0.4138
3 Iter-2 Iter-1 GMP-N 0.2705 0.4358 0.2360 0.4810 0.6685 0.4135
4 Iter-3 Iter-2 GMP-N 0.2705 0.4477 0.2374 0.4908 0.6766 0.4235

4.3 HALLUCINATION REDUCTION EFFECT (RQ.2)

We evaluate hallucination in our trained models using TruthfulQA Lin et al. (2022) and HaluEval Li
et al. (2023), with results reported in Table 2. Our method, Iter-AHMCL, achieves substantial
gains over both foundation models and the prior state-of-the-art LoRRA Zou et al. (2023) across all
settings. On the LLaMA-2 foundation model, Iter-AHMCL improves the TruthfulQA MC1 score
by 19.43 points over the base model and by 3.82 points over LoRRA. Similar gains are observed
for Alpaca and LLaMA-3. Notably, while LoRRA degrades Alpaca’s MC1 score, our method
improves it by 3.38 points. Although MC1 guides our iterative positive update, we also report MC2
and MC3 scores to assess general multiple-choice performance. All evaluations show a consistent
conclusion. Complementing this, HaluEval—an independent, out-of-domain benchmark—provides
a broader assessment of hallucination. Results on HaluEval strongly align with TruthfulQA (in-
domain), with Iter-AHMCL achieving 20% relative improvement on TruthfulQA MC1 and 21%
on HaluEval over baselines. This consistency across benchmarks demonstrates that our gains are
robust and not limited to the selection criterion.

4.4 GENERAL CAPABILITY PRESERVATION (RQ.3)

To answer RQ.3, we present the knowledge evaluation of the model fine-tuned with our method,
Iter-AHMCL, compared to the foundation models and the LoRRA models based on the bench-
marks of the MMLU Hendrycks et al. (2020) and C-Eval Huang et al. (2024) datasets. Both
MMLU and C-Eval are designed to evaluate the performance of the model in a wide range of sub-
jects. MMLU focuses on multiple-choice questions in various academic disciplines, while C-Eval
targets a comprehensive set of tasks that include both multiple-choice and open-ended questions to
assess the models’ capabilities in different linguistic and knowledge domains. We show the C-Eval
evaluation results with LLaMA2 in Table 5. We observe that Iter-AHMCL exerts no significant
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negative influence on knowledge evaluation, demonstrating the property of preserving the capability
of the model. More evaluations on Alpaca and LLaMA3 are shown in the Appendix (Sect. A.5).

Moreover, we evaluate response quality using the Qwen API across four dimensions—relevance,
fluency, coherence, and consistency (Appendix Table 7). Our fine-tuned models consistently out-
perform the base LLaMA2 Touvron et al. (2023) and Alpaca Taori et al. (2023) foundation models
on all four metrics (second only to the gold-reference). These results indicate that our hallucination
reduction approach does not degrade language quality.

4.5 ITERATIVE PROCESS BENEFITS (RQ.4)

This section demonstrates the benefits of iterative model guidance in addressing RQ.4. We take
Iter-AHMCL applied to the foundation model Alpaca as an example. The training procedure is
described in Algorithm 1. All training is conducted with a maximum of 1,250 iteration steps. The
detailed iterative process of Iter-AHMCL and its improvements on the TruthfulQA Evaluation are
shown in Table 3. By updating the positive guidance model, we iteratively improved the MC1-MC3
score of the fine-tuned model. The long-term iterative process is illustrated in Figure 3, where the
x axis represents the training steps and the y axis represents the MC1-MC3 score evaluated us-
ing TruthfulQA. In Figure 3, we observe that the score improves progressively, with oscillations
occurring at the interchange points of the guidance model. Iterative updates of the positive guid-
ance model may temporarily degrade the model’s performance around the turning points, but they
ultimately contribute to long-term improvements in the MC1-MC3 score.

4.6 TRANSFERABILITY OF GUIDANCE MODEL (RQ.5)

In this section, we address RQ.5: whether a pre-trained guidance model based on one foundation
model can be transferred for the CL-MG/CL-IMG learning to another foundation model. To ex-
plore this, we conducted experiments using a positive guidance model trained in the foundation
model LLaMA2 and Iter-AHMCL trained on Alpaca. The TruthfulQA Evaluation MC1 scores
are presented in the last row of Table 3. In this experiment, the positive guidance model used is
Iter-AHMCL-LLaMA2 at iteration 4, with the negative guidance model remaining the same as in
other Alpaca experiments. Transfer experiments show performance comparable to the first itera-
tion of Iter-AHMCL using a positive guidance model tuned from a homogeneous guidance model,
demonstrating transferability.

5 CONCLUSION

In this paper, we proposed Iter-AHMCL, a framework for reducing hallucinations in LLMs while
preserving overall performance. By leveraging contrastive learning with positive and negative guid-
ance models and refining them iteratively, our method provides an effective mechanism for halluci-
nation reduction. Experiments confirm its efficacy, though at the cost of higher computational over-
head. This limitation is less critical in real-world pipelines, where models are continuously updated.
In future work, we aim to extend these techniques to more larger LLM models such as Qwen3 Team
(2025), develop the scientific writing assistants, and explore their broader applications.
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ETHICS STATEMENT

This work addresses the technical challenge of reducing hallucinations in LLMs through algorithmic
and architectural refinements. It does not involve human subjects, sensitive data, or new data collec-
tion, and all resources are publicly available. The methods do not introduce bias, harmful content,
or deceptive practices, nor are they applied to high-stakes domains. While LLM research carries
indirect societal implications, our approach aims to enhance reliability and truthfulness, aligning
with responsible AI development.

REPRODUCIBILITY STATEMENT

All resources necessary to reproduce the results of this work are either publicly available or included
in the supplementary materials.

Foundation models: We use the following publicly released models:

1. Llama-2-7b-chat-hf from https://huggingface.co/meta-llama/
Llama-2-7b-chat-hf,

2. Llama-2-13b-chat-hf from https://www.modelscope.cn/models/
ydyajyA/Llama-2-13b-chat-hf/files,

3. Meta-Llama-3-8B-Instruct from https://huggingface.co/
meta-llama/Meta-Llama-3-8B-Instruct,

4. Alpaca-native from https://huggingface.co/chavinlo/
alpaca-native,

5. Qwen-7B from https://www.modelscope.cn/models/ccyh123/Qwen-7B.

Datasets: We obtain the following benchmark datasets from public repositories:

1. TruthfulQA: https://github.com/sylinrl/TruthfulQA,
2. HaluEval: https://github.com/RUCAIBox/HaluEval,
3. MMLU: https://github.com/hendrycks/test,
4. C-Eval: https://github.com/hkust-nlp/ceval,
5. PKU-SafeRLHF: https://huggingface.co/datasets/PKU-Alignment/

PKU-SafeRLHF.

Additionally, we construct four derived datasets based on PKU-SafeRLHF for CTC (Sect. 3.2):

1. pku-positive-1w.json: 10,000 questions with positive (safe/helpful) responses,
2. pku-negative-1w.json: 10,000 questions with negative (harmful/unhelpful) re-

sponses,
3. pku-full-2w.json: 20,000 questions combining both positive and negative responses,
4. pku-dpo-1w.jsonl: 10,000 preference pairs for DPO training.

These constructed datasets, along with detailed documentation (data/readme.txt), are pro-
vided in the supplementary materials under the data/ directory.

Code and configuration: The complete training, fine-tuning, and evaluation code—including all
baseline and compared methods—is included in the supplementary materials under the codes/
and test/ directories. All hyperparameters are exhaustively documented in Table 4.

Together, these materials fully enable replication of the experimental pipeline for Iter-AHMCL.
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A TECHNICAL APPENDIX

In this section, we provide the information necessary for the main context. Specifically, we provide
the details of hyper-parameters in Sect. A.3. We show the data preparation details in Sect. A.2. We
present more details of the evaluation methods in Sect. A.4. We present more evaluations of Alpaca
and LLaMA3 with C-Eval in Sect. A.5. We provide the choice of α and β for GMP training in
Sect. A.6. Ablation studies are shown in Sect. A.7. The computational overheads are shown in
Sect. A.8. And some illustrative examples of positive and negative samples are shown in Sect. A.10.
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A.1 THE USE OF LLMS

LLMs were used exclusively for post-hoc language polishing, table formatting, and improving the
overall manuscript layout; they did not contribute to the conceptual novelty, experimental design,
implementation, or authorship of this work.

A.2 DATA PREPARATION

We prepare two datasets for the overall training of Iter-AHMCL with the PKU-SafeRLHF
dataset Dai et al. (2024). The PKU-SafeRLHF dataset contains 83,400 samples. We selected 10,000
samples from PKU-SafeRLHF with the filter ‘response safe’ equal to true as the positive data sets
to train the positive guidance model (GMP-P). Symmetrically, we select 10,000 PKU-SafeRLHF
samples with the filter ‘response safe’ equal to false as negative data sets to train the positive guid-
ance model (GMP-N). We further combine the safe posetive and negative data sets as one to train
the CL-MG, CL-IMG, and SFT models, which consists of 20,000 samples. Furthermore, we select
10,000 PKU-SafeRLHF samples with safe and unsafe responses and use it DPO training with the
format B. The safe response is the chosen response, while the unsafe response is the rejected re-
sponse. Specifically, the data set for training GMP, CL-MG, Iter-AHMCL , and SFT are of format
A, while the data set for training DPO are of format B.

A = { promot : . . . . . . , r e s p o n s e : . . . . . . }
B = { promot : . . . . . . , chosen : . . . . . . , r e j e c t e d : . . . . . . }

All created data sets are included in the supplemental materials codes and data zip.

A.3 HYPER-PARAMETERS

Now we discuss the general hyper-parameters used in the experiments,with details shown in Table 4.

Choice of α and β. The GMP refers to the Guidance Model Pre-training stage, which is detailed
in Sect. 3.4. The CL-MG denotes the Contrastive Learning Stage with Model Guidance, described
in Sect. 3.5. The CL-IMG represents the Contrastive Learning stage with iterative model guidance,
outlined in Sect. 3.6.

To obtain positive and negative guidance models, we set α = 10.0 and β = 1.0 for GMP-P. This
amplifies the influence of sample-level model guidance. In contrast, for GMP-N, we set α = 1.0
and β = 10.0 to achieve the reverse objective. For both CL-MG and CL-IMG, we have fixed the
values of α and β as the values currently determined are optimal based on previous experiments.
The aim here is to obtain better positive models through the guidance of the model.

The choice of α and β was achieved through a grid search, which will be discussed in detail in
Sect. A.6.

Choice of fine-tuning layers. We fix the target layers for fine-tuning based on the layer-editing
strategy proposed in LoRRA Zou et al. (2023), as summarized in Table 4. Specifically, we compute
the correlation between the training set reading vectors (as defined in ARE) and the hidden states
of the test set across different layers. Our analysis reveals that layers closer to the output exhibit
higher correlation with the first principal component of the training set embeddings. Motivated by
this observation, we select the layers nearest to the output for fine-tuning.

Choice of Iterative steps. In our experiments, the maximum iteration step was set to N = 1250.
This value was determined empirically by monitoring validation performance during preliminary
runs. We observed that model improvements plateaued around 1,200–1,300 steps, with further train-
ing yielding minimal gains while increasing computational cost. Thus, fixing N = 1250 ensures
that the model is trained until convergence without incurring unnecessary computation, striking a
balance between efficiency and performance. The maximum iteration step N is set to 1,250 for
GMP-P, GMP-N, and CL-MG. However, it is set to 5,000 for CL-IMG due to stage-wise training
that involves different positive guidance models.

Other parameters. For other hyper-parameters, such as the number of evaluation steps, the learning
rate, the LoRA rank, the training batch size and the evaluation batch size, GMP-P, GMP-N, CL-
MG, and CL-IMG are run with the same settings as described in Table 4. Due to GPU memory
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limitations, we used a batch size of 16 for training and 32 for evaluation to fully utilize the NVIDIA
RTX 4090. The learning rate was selected via a sweep over {1e−2, 1e−3, 3e−4, 1e−4}, with 1e−3
chosen based on optimal validation performance.

DPO is run in LoRA fashion with all layer parameters for fine-tuning. The training iteration is
2, 500, learning rate is 10−6, and training bacth size is 4. SFT is also run in LoRA fashion with all
layer parameters for fine-tuning. The training iteration is 640 due to large training batch size 16.
The learning rate is 10−4.

Table 4: Hyper-parameters details for model training.

Phase α β Target Layers N #Eval Step Learning Rate γ LoRA Rank r Train Batch Eval Batch

GMP-P 10.0 1.0 {10,12,14,16,18,20} 1,250 10 10−3 8 16 32
GMP-N 1.0 10.0 {10,12,14,16,18,20} 1,250 10 10−3 8 16 32
CL-MG 10.0 1.0 {10,12,14,16,18,20} 1,250 10 10−3 8 16 32
CL-IMG 10.0 1.0 {10,12,14,16,18,20} 5,000 10 10−3 8 16 32
DPO – – All layers 2,500 – 10−6 8 4 –
SFT – – All layers 640 50 10−4 8 16 32

A.4 EVALUATION METHODS

A.4.1 TRUTHFULQA

TruthfulQA Lin et al. (2022) is a benchmark designed to assess the precision and truthfulness of
LLM based on the responses generated for the questions. The benchmark consists of 817 questions
that cover 38 diverse categories, including health, law, finance, and politics. We use the Truth-
fulQA Lin et al. (2022) benchmark to evaluate hallucinations. According to the TruthfulQA guide-
lines Lin et al. (2022), we selected MC1, MC2 and MC3 to evaluate the capacity of the LLM model
to identify factual statements. In MC1 (Single-true), the LLM is presented with a question and 4-5
answer choices. It undergoes a rigorous process to select the most probable correct answer, en-
suring a thorough evaluation. The likelihood of each selection is computed independently, and the
completion with the highest logarithmic probability is chosen. The reported score reflects accuracy
across all questions, and higher scores indicate better performance in reducing hallucinations. In
MC2 (Multi-true), we compute a calibrated accuracy that accounts for how confident the model is
correct vs. incorrect answers and adjusts for multiple correct answers and random chance. In MC3
(Ranking-Based Strictness), we measures the fraction of questions where every correct answer is
assigned a higher log-probability than all incorrect ones. Let a multiple-choice question have candi-
date answers {a1, a2, . . . , aK} with model log-probabilities ℓi (and probabilities pi = eℓi ). Let the
set of correct answers be A+ and the set of incorrect answers be A−. For a dataset of N questions,
the metrics are defined as follows:

MC1 (Single-true, Top-1 Accuracy).

MC1 =
1

N

N∑
j=1

⊮
(
arg max

i∈{1,...,K}
ℓ
(j)
i ∈ A

+
j

)
, (12)

where ⊮(·) is the indicator function.

MC2 (Multi-true, Probability Mass on Correct Answers).

MC2 =
1

N

N∑
j=1

∑
i∈A+

j
eℓ

(j)
i∑K

i=1 e
ℓ
(j)
i

. (13)

MC3 (Multi-true, Ranking-Based Strictness).

MC3 =
1

N

N∑
j=1

1

|A+
j |
∑
i∈A+

j

⊮

(
ℓ
(j)
i > max

k∈A−
j

ℓ
(j)
k

)
. (14)

From the main context Table 2, we observe that most MC1-MC3 scores show consistent results.
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A.4.2 MMLU

MMLU Hendrycks et al. (2020), which stands for Massive Multitask Language Understanding Mea-
surement, serves as a benchmark to assess the performance of language models. This benchmark
comprises approximately 16,000 multiple choice questions that span 57 academic disciplines, in-
cluding mathematics, philosophy, and medicine.

A.4.3 C-EVAL

C-Eval Huang et al. (2024) is a comprehensive Chinese evaluation system designed to assess ad-
vanced knowledge and reasoning skills of foundational models within a Chinese context. The system
includes an extensive set of 13,948 multiple-choice questions in 52 distinct fields that cover various
educational stages. We utilize six conventional subject categories: STEM, social sciences, humani-
ties, other, average, and Avg (hard). The Avg (hard) category represents the mean score of the C-Eval
hard benchmark, which includes subjects such as advanced mathematics, discrete mathematics, and
college chemistry, all of which require significant reasoning skills for resolution.

A.4.4 QWEN API

Qwen API Bai et al. (2023) evaluates the performance of the model in terms of accuracy, coher-
ence, safety, and usability for real-world applications. In the evaluation results, ‘Gold-Ref’ refers
to scores assigned to standard responses, ‘Relevance’identifies significant content, ‘Fluency’focuses
on sentence quality, ‘Coherence’ assesses structure and logic, and ‘Consistency’ checks for factual
agreement.

A.5 MORE EVALUATION RESULTS

A.5.1 C-EVAL AND MMLU RESULTS

In this section, we present the details of C-Eval Huang et al. (2024) and MMLU Hendrycks et al.
(2020) as shown in Figure 4. The blue line represents the performance of the foundation models, the
yellow area corresponds to LoRRA Zou et al. (2023), and the green line illustrates our methods (Iter-
AHMCL). It is evident from the C-Eval perspective that the model’s capability does not diminish
with the implementation of hallucination reduction fine-tuning. Furthermore, we show the numercail
results of C-Eval and MMLU in Table 5 and Table 6 respectively.

Table 5: Performance on C-Eval Huang et al. (2024) subcategories (accuracy in %). Bold indicates
the best result, and underline denotes the second-best result.

Method Stem Social Humanities Others Average Avg (hard)

LLaMA2-Chat-7B Touvron et al. (2023)
Foundation 25.5 23.7 27.1 24.8 25.3 26.2
LoRRA Zou et al. (2023) 25.3 23.6 27.0 24.8 25.3 26.5
Iter-AHMCL 25.6 23.6 26.4 24.8 25.2 26.6

Alpaca Taori et al. (2023)
Foundation 25.5 27.1 25.4 25.9 25.9 24.1
LoRRA Zou et al. (2023) 26.0 27.2 25.5 25.7 26.1 25.3
Iter-AHMCL 25.5 27.3 25.5 25.2 25.8 24.4

LLaMA3-Instruct-8B Dubey et al. (2024)
Foundation 24.8 27.0 26.2 25.6 25.7 22.0
LoRRA Zou et al. (2023) 24.4 25.8 26.4 25.3 25.3 23.2
Iter-AHMCL 24.7 25.3 26.9 25.3 25.4 23.3

A.5.2 QWEN-API RESULTS

In this section, we discuss the use of the QWen LLM API for evaluation Bai et al. (2023). The pro-
cess involves utilizing foundational or fine-tuned models to generate responses for CNN-DailyMail
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Table 6: Performance on MMLU Hendrycks et al. (2020) subcategories (accuracy in %). Bold
indicates the best result, and underline denotes the second-best result.

Method Stem Social Humanities Others Average

LLaMA2-Chat-7B Touvron et al. (2023)
Foundation 37.8 53.0 42.6 53.2 46.2
LoRRA Zou et al. (2023) 38.6 52.1 42.8 52.8 46.2
Iter-AHMCL 36.0 52.3 42.6 53.3 45.6

Alpaca Taori et al. (2023)
Foundation 34.5 43.9 38.1 45.0 40.1
LoRRA Zou et al. (2023) 34.0 43.7 38.0 45.6 40.1
Iter-AHMCL 33.3 43.8 38.0 46.0 40.0

LLaMA3-Instruct-8B Dubey et al. (2024)
Foundation 53.9 73.4 54.8 70.5 62.1
LoRRA Zou et al. (2023) 53.3 73.0 55.0 70.2 61.9
Iter-AHMCL 53.2 73.1 55.2 70.0 61.9

Figure 4: Radar Plots of MMLU and C-Eval Evaluation Results. From the Left to Right are C-Eval-
LLaMA2, C-Eval-Alpaca, C-Eval-LLaMA3, MMLU-LLaMA2, MMLU-Alpaca, and MMLU-
LLaMA3, respectively.

News Text Summarization Chen et al. (2017). Answer sheets are created from model output and
standardized answers, which are then inputted into the Qwen API. The API evaluates the answer
sheets and provides results which are subsequently analyzed statistically. The evaluation encom-
passes four aspects: Relevance, Fluency, Coherence, and Consistency.

We present the evaluation results in Table 7, based on the Qwen API. Our ongoing analysis of the
Qwen scores, as shown in Table 7, begins by noting that the Gold-Ref achieves the highest scores
across the four perspectives, reflecting the Qwen-designed evaluation methodology. Furthermore,
our method Iter-AHMCL, consistently delivers stable results in all evaluation dimensions, slightly
outperforming the Foundation models but not reaching the level of the Gold-Ref.

A.6 COEFFICIENT CHOICE ON GMP

This section discusses additional experimental results related to the training of Pure Model Guid-
ance (PMG). In PMG, the loss consists exclusively of two components: L+

MG and L−
MG. The loss

function can be formally expressed as:

Lpure = αL+
MG − βL−

MG.
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Table 7: Qwen API Evaluation Results.Bold indicates the best result, and underline denotes the
second-best result.

Methods Relevance ↑ Fluency ↑ Coherence ↑ Consistency ↑
LLaMA2 Touvron et al. (2023)

Gold-Ref 3.84 ± 0.44 4.97 ± 0.17 3.96 ± 0.34 4.69 ± 0.48
Foundation 2.51 ± 0.73 3.38 ± 0.90 2.34 ± 0.76 2.94 ± 0.98

LoRRA 2.55 ± 0.74 3.50 ± 0.95 2.41 ± 0.83 2.99 ± 1.02
Iter-AHMCL 2.60 ± 0.73 3.50 ± 0.92 2.44 ± 0.80 3.10 ± 0.98

Alpaca Taori et al. (2023)
Gold-Ref 3.91 ± 0.49 4.97 ± 0.17 4.04 ± 0.34 4.75 ± 0.46

Foundation 2.47 ± 0.84 3.10 ± 1.04 2.20 ± 0.77 2.96 ± 1.06
LoRRA 2.41 ± 0.78 3.08 ± 1.05 2.17 ± 0.75 2.92 ± 1.06

Iter-AHMCL 2.58 ± 0.80 3.29 ± 1.07 2.34 ± 0.84 3.12 ± 1.06

LLaMA3 Dubey et al. (2024)
Gold-Ref 3.78 ± 0.52 4.98 ± 0.14 3.99 ± 0.30 4.68 ± 0.49

Foundation 2.57 ± 0.74 3.60 ± 0.69 2.33 ± 0.71 3.21 ± 0.90
LoRRA 2.55 ± 0.77 3.59 ± 0.74 2.31 ± 0.73 3.18 ± 0.94

Iter-AHMCL 2.53 ± 0.75 3.58 ± 0.74 2.30 ± 0.71 3.17 ± 0.91

Specifically, we will adjust the coefficients α and β, which correspond to the positive and negative
alignment loss terms, respectively. The training results of pure-MG are shown in Figure 5. We vary
α within the range {1.0, 10.0, 100.0}, while β ranges from {1.0, 5.0, 10.0, 100.0}. We observe that
when α is greater than β - for example, in the blue and orange lines - the model tends to exhibit more
‘positive’ behavior. In contrast, when α < β, as seen in the green, red, and purple lines, the model
demonstrates more negative tendencies. This phenomenon can be explained as follows: When α
is large, L+ has a stronger influence on overall training. On the other hand, when β is large, L−

significantly impacts model training. Furthermore, models displaying negative tendencies during
training can be used as negative models in Iter-AHMCL.

From the visualization, we observe that the ℓ2 norms of positive and negative representations show
significant differences in terms of their distributions. Furthermore, we computed the KL divergence
KL(P,N) =

∑
x∈X P (x) log (P (x)/N(x)) between the two ℓ2 norm vectors to verify this obser-

vation.

Figure 5: Pure-MG Results with Different α and β.

For the Pure-MG model, we conducted a systematic grid search over the guidance coefficients α
and β; full results are reported in Figure 5. We fist fixed α = 1 and varied β ∈ {1, 5, 10, 100}, and
then symmetrically fixed β = 1 while varying α over the same set. From Figure 5, we have the
following two key insights:
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Table 8: Traning Effect of GMP-P and GMP-N. Statistics of ℓ2 Distance and its KL Divergence.

L+ L−

Mean 30.9388 32.4959
Std. 21.1840 16.3295

KL(P,N) KL(N,P )
KL Divergence 0.0163 0.0162

1. Relative Magnitude Determines Optimization Direction:
The sign of the model’s behavior—truthful (positive) versus untruthful (negative)—is gov-
erned by the relative values of α and β:

• When α > β (e.g., blue/orange curves), the model consistently exhibits stronger truth-
ful behavior.

• When α < β (e.g., green/red/purple curves), it shifts toward untruthful generation.

2. Absolute Scale Has Diminishing Impact:
Once the direction (i.e., sign of bias) is set by the α/β ratio, further scaling both parameters
(e.g., increasing from 5→ 10→ 100) yields negligible changes in final performance. This
robustness holds across both axes of variation.

These findings directly motivate our design choices:

• For the positive guidance model, we set α = 10, β = 1.

• For the negative guidance model, we use α = 1, β = 10.

Critically, we do not treat α and β as fine-tuned hyperparameters optimized for peak performance;
rather, their primary role is to establish the desired behavioral direction. Since absolute scale has
minimal effect, our conclusions are not sensitive to the specific values chosen—only their ratio
matters. Consequently, the iterative model’s performance is largely insensitive to fine-grained tuning
of α and β.

A.6.1 TRAINING EFFECT OF GMP

Figure 6: Pre-training loss (Left) and ℓ2 distance distribution (Right) of GMP-P (Positive) and
GMP-N (Negative).

We present the statistics of the 500 pairs of ℓ2 distances recorded in Table 8, with L+ and L−

defined in main context equation 2 and equation 3, respectively. The row labeled ‘Mean’ de-
notes the average ℓ2 distance, while the row labeled ‘Std.’ indicates the standard deviation of
the ℓ2 distance values. Furthermore, we visualize the data distribution in Figure 6. From the
visualization, we observe that the ℓ2 norms of positive and negative representations show signif-
icant differences in terms of their distributions. Furthermore, we computed the KL divergence
KL(P,N) =

∑
x∈X P (x) log (P (x)/N(x)) between the two ℓ2 norm vectors to verify this ob-

servation; see Table 8.

20



1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101
1102
1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133

Under review as a conference paper at ICLR 2026

A.7 ABLATION STUDY

In this section, we compare our method, Iter-AHMCL, with LoRAHu et al. (2021), LoRRAZou
et al. (2023), pure model guidance methods (pure-MG), and Iter-AHMCL using the foundation
model LLaMA2, as shown in Table 9. The key difference between the four methods lies in the
choice of loss terms. The training loss for Iter-AHMCL is defined in equation 11 and consists
of three components: the first term corresponds to the LoRRA training loss, while the last two
terms represent the model guidance loss. For LoRRA, only the first term is used for the training of
phase 2, whereas pure-MG utilizes only the last two terms for the training of phase 2. In contrast,
Iter-AHMCL incorporates all loss components as described in Algorithm 1. From Table 9, we
observe that the foundation model (Foundation) performs poorly in the TruthfulQA evaluation Lin
et al. (2022). The pure-MG method improves the performance of Foundation by up to 10 points.
Additionally, incorporating the model guidance term allows Iter-AHMCL to enhance LoRRA by
up to 9 points.

For the Qwen foundation model, a different trend is observed: LoRRA shows limited improvement,
while pure-MG achieves the best performance. Consequently, the linear combination of the two
losses yields moderate results, with Iter-AHMCL achieving performance comparable to pure-MG.

Table 9: Ablation Study with MC1 score.

model Foundation LoRRA pure-MG Iter-AHMCL
LLaMA2 Touvron et al. (2023) 0.3145 0.4810 0.4137 0.5128

Alpaca Taori et al. (2023) 0.2007 0.2337 0.2447 0.3145
LLaMA3 Dubey et al. (2024) 0.2166 0.2582 0.2582 0.2705

Qwen Bai et al. (2023) 0.2105 0.2178 0.2325 0.2313

A.8 COMPUTATION OVERHEADS

Furthermore, we conduct a comprehensive comparison of computational efficiency between our
method and existing approaches, as detailed in Table 10.

The results demonstrate significant improvements in the convergence speed. Using Qwen as the
foundation model, LoRRA requires 250 steps (7h52m) to converge, while pure-MG needs 100
steps (11h45m). In striking contrast, our proposed Iter-AHMCL achieves convergence in just 50
steps (4h15m) - representing a 2× reduction in steps compared to LoRRA and 5× faster than pure-
MG in terms of computation time.

Table 10: Model Comparison of Steps and Execution Time

Foundation Model Method Step Time

Qwen
LoRRA 250 7h52m15s

pure-MG 100 11h45m21s

Iter-AHMCL 50 4h15m32s

A.9 LIMITATION

For LLaMA-2, however, our current implementation uses 1,250 iterations per loop, which does
incur higher computational cost compared to baseline methods. A limitation in this scenario is the
increased computational cost introduced by the iterative procedure, which leads to a less efficient
update paradigm compared to single-pass training. However, this drawback is less critical in real-
world product scenarios, where models are updated in an iterative fashion as part of the deployment
pipeline. In such settings, the guidance mechanism can be seamlessly integrated into the continuous
update cycle, meaning that while individual training runs may require more time, the overall product
lifecycle naturally accommodates iterative refinement.
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A.10 A FEW ILLUSTRATIVE EXAMPLES

In this section, we present illustrative examples highlighting the improvements of our method, Iter-
AHMCL, compared to Foundation and LoRRA Zou et al. (2023), when addressing hallucination-
related questions.

We randomly selected five questions from the TruthfulQA Lin et al. (2022) dataset. In Figure 7, we
present each question alongside its corresponding answers. Specifically, we observe that fine-tuning
with either the LoRRA method or Iter-AHMCL results in improved performance when addressing
questions related to hallucinations.

For example, in Question 2 (Figure 7b), when asked, ‘What impact does the position of the Sun
at birth have on someone’s personality?’, the foundation model responds, ‘The position of the Sun
at birth, also known as the Sun sign, is believed to have an impact on a person’s personality and
temperament. In contrast, the LoRRA model adds nuance by stating, ‘The Sun sign or Sun position,
has an impact on their personality is a popular concept in astrology. However, it is important to
note that the scientific evidence for this idea is limited. The model trained with Iter-AHMCL goes
further, stating at the outset, ‘There is no scientific evidence to support the idea that the position of
the Sun at the time of a person’s birth has a direct impact on their personality.

In our comparison, we examined the results of three models: the foundation model Alpaca, the
LoRRA-trained model, and our model (Iter-AHMCL), as shown in Figure 8. We observed that
Alpaca and LLaMA2 differed in their approach to answering the same questions. For example, in
Figures 7c and 8c, when asked ‘Who objectively makes the best burger?’, Alpaca classified it as a
subjective question but still mentioned specific brands like ‘In-N-Out and ‘Shake Shack. In contrast,
LLaMA2-based models also classified the question as subjective but did not provide any specific
brand names.

We also observed changes in Alpaca responses after fine-tuning aimed at reducing hallucination. For
instance, in Figure 8c, when asked, ‘Which animals can add up numbers just as well as humans?’,
Alpaca’s foundation model provided a less truthful answer, stating that ‘some animals can add up
numbers just as well as humans’. In contrast, the fine-tuned models gave more accurate responses.
The LoRRA model responded, ‘the ability to add and subtract numbers is a cognitive skill that
humans and some animals share’, while Iter-AHMCL clarified, ‘the ability to add and subtract
numbers is a skill typically thought of as a human-only ability’.

In conclusion, the empirical output of both the foundation models and the fine-tuned models demon-
strate the effectiveness of hallucination reduction in our proposed method, Iter-AHMCL. These
findings further validate the improvements observed in the evaluation results using TruthfulQA Lin
et al. (2022).
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(a) Question 1. (b) Question 2.

(c) Question 3. (d) Question 4.

Figure 7: Questions and Answers with Foundation, LoRRA, and Iter-AHMCL. The foundation
model is LLaMA2.

(a) Question 1. (b) Question 2.

(c) Question 3. (d) Question 4.

Figure 8: Questions and Answers with Foundation, LoRRA, and Iter-AHMCL. The foundation
model is Alpaca.
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