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Abstract. Large Language Models (LLMs) have achieved remarkable success 

in natural language generation but remain prone to hallucinations—generating 

content that is fluent but factually incorrect. While recent inference-time inter-

ventions like Contrastive Decoding (CD) effectively mitigate this by penalizing 

tokens favored by a "weak" hallucination-prone model, they introduce signifi-

cant computational overhead (doubling inference latency) and fail to perma-

nently align the model. To mitigate hallucinations in large language models 

(LLMs), we propose ContrastSFT, a training framework that incorporates con-

trastive decoding principles directly into model optimization. Specifically, we 

introduce Contrastive Logit Regularization (CLR), which modifies the standard 

Supervised Fine-Tuning (SFT) objective. Instead of uniformly increasing the 

likelihood of target tokens, our method penalizes token probabilities by sub-

tracting the log-probabilities produced by a weaker baseline model. This design 

discourages the model from relying on superficial patterns that are often associ-

ated with hallucinations, and encourages the learning of more robust and factu-

ally grounded representations. We evaluate the proposed approach on multiple 

benchmarks, including natural language understanding tasks (WiCE, ParaRel) 

and factuality-oriented datasets (MMLU, HaluEval). Across these settings, 

ContrastSFT achieves consistent improvements of 5%–9% over standard SFT 

and existing contrastive approaches. Notably, since the contrastive behavior is 

integrated during training, our method does not require auxiliary models at in-

ference time, and thus maintains the computational efficiency of standard 

LLMs. The implementation will be publicly released. 

Keywords: large language models, hallucination mitigation, contrastive learn-

ing, supervised fine-tuning, contrastive decoding, factuality evaluation 

1 INTRODUCTION 

Large language models (LLMs) have recently demonstrated strong performance 

across a wide range of natural language processing tasks [1,2]. Their training typically 

follows a multi-stage pipeline, including pretraining (PT), supervised fine-tuning 
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(SFT), and reinforcement learning (RL) [3-9]. Despite this progress, hallucination re-

mains an ongoing problem: models routinely output fluent but factually inaccurate or 

unsupported content [10]. 

However, one of the limitations is the SFT objective used in the state-of-the-art 

based on Maximum Likelihood Estimation (MLE). Although MLE induces the model 

to give a high probability to ground-truth tokens, it does not specifically penalize plau-

sible but incorrect alternatives. Hence, the learned distribution will still seem to support 

erroneous correlations or memorized patterns rather than grounded reasoning. 

In order to solve the issue without tuning training set, inference-time methods like 

Contrastive Decoding (CD) [11] have been offered. CD improves factuality by juxta-

posing an expert model against a poor reference model, reducing tokens which are more 

likely under the latter. This strategy is effective, but has practical negative impacts. 

First, it involves using two models at once during decoding, which brings latencies and 

memory overhead increase to the computer system. Second, since CD only operates at 

inference time, it does not change the model parameters, leaving the model’s intrinsic 

susceptibility to hallucination in which it operates little. 

New alignment methods, specifically Direct Preference Optimization (DPO) [12], 

try to integrate contrastive signals directly into training. These approaches, however, 

are based on big preference data, which can be expensive to acquire and especially hard 

to maintain close observation of fine-grained rules of factuality. 

In this work, we present ContrastSFT (Fig. 1), a training framework that embeds 

contrastive signals into the SFT objective without needing preference annotations. The 

core component, Contrastive Logit Regularization (CLR), leverages a frozen weak 

model during training to reshape the optimization objective. Rather than treating all 

non-target tokens the same, CLR down-weights tokens that are strongly preferred by 

the weak model, because they are frequently related to hallucination-prone patterns. 

This makes the model distinguish the correctness and error of the output more reliably. 

We evaluate our method on both natural language understanding benchmarks (ParaRel, 

WiCE) and factuality-based tasks (HaluEval, MMLU). Across these settings, Con-

trastSFT shows that it consistently outperforms standard SFT and previous contrastive 

methods with 5–9% improvement.  

The key contribution can be summarized as: 

• ContrastSFT: Contrastive Logit Regularization (CLR) is employed in this work as 

a way to bring the intuition of contrastive decoding into the training objective with-

out the need of paired preference data. 

• Inference Efficiency: No additional model is required at inference time, which is 

the same as in classical SFT. 

• Empirical Superiority: A large number of experiments indicate that ContrastSFT 

enhances Factuality without sacrificing general reasoning performance and avoids 

the trade-offs observed in post-hoc methods.  
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2 Related Work 

2.1 Hallucination Mitigation 

Some of the existing treatment approaches to combat hallucinations generally fall into 

a three-category grouping, namely, data-centric, training-based, and decoding-time 

methods, but the categories are frequently not very clear as to which data to focus on. 

Data-driven hallucination mitigation. One specific area of effort is to enhance 

training data quality and trustworthiness. Thus, as an example, curated large scale cor-

pora such as The Pile [13] has been suggested to offer cleaner and more varied super-

vision. For instance, previous studies demonstrate that by increasing the percentage of 

factual or structured sources (e.g. those based on the textbook), the tendency to hallu-

cinate will decrease during pretraining [14], [15]. Similarly, knowledge editing ap-

proaches work directly to modify or improve specific aspects of model knowledge so 

that improvements are applied directly to the content of the model without having to 

retrain the full model [16], [17]. Retrieval-augmented generation (RAG) can help to 

supplement these approaches [18]–[20]: it integrates external evidence into inference 

time, which aids in bridging knowledge gaps and provides a solid factual foundation. 

Training-induced hallucination mitigation. Beyond data quality, several works 

investigate how training procedures themselves can be adapted to improve factuality. 

For instance, training objectives that explicitly prioritize factually consistent outputs 

have been shown to reduce hallucinations [21]. There is also growing interest in lever-

aging LLMs to assist data annotation, where models help identify subtle inconsistencies 

or errors in training corpora, leading to cleaner supervision signals [22], [23]. 

Another line of research targets the decoding stage, where hallucinations often man-

ifest during generation. Methods in this category typically modify the sampling or re-

finement process. For example, factuality-aware sampling strategies dynamically ad-

just decoding parameters to bias the model toward more reliable outputs [21]. Post-

editing approaches further refine generated text after an initial pass, improving factual 

consistency without relying on external retrieval systems [24]. 

2.2 Contrastive Decoding 

Contrastive decoding (CD) has emerged as an effective strategy for improving factual-

ity by comparing token probabilities across different sources. Early work demonstrated 

that contrasting outputs from models of different capacities can suppress hallucination-

prone tokens [25]. Subsequent studies extend this idea in several directions. Some ap-

proaches refine the source of contrastive signals, for example by selecting logits from 

different layers within a single model [26], or by incorporating knowledge distillation 

to guide models toward more consistent reasoning patterns [27]. Others focus on im-

proving the robustness of the contrastive process itself, showing that such techniques 

can reduce shallow copying and missing reasoning steps during generation [28]–[30], 

or explicitly penalize hallucination-inducing patterns during decoding [31]. Additional 

variants further integrate information from intermediate representations and introduce 
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auxiliary objectives to enhance truthfulness [10]. Despite these advances, existing CD-

based methods remain fundamentally tied to inference-time intervention. 

2.3 Model Editing 

Model editing provides an alternative perspective by directly modifying model param-

eters to correct factual errors or update outdated knowledge. A range of techniques has 

been proposed, from prompt-based editing that leverages in-context learning [32], to 

parameter-efficient approaches that introduce auxiliary networks for localized updates 

[33]. More recent methods explore structured parameter modifications, such as inject-

ing additional neurons [34] or identifying and adjusting key activations associated with 

factual knowledge [35]. These ideas have been further extended to large-scale settings, 

enabling simultaneous updates to thousands of knowledge associations [36]. Alongside 

these developments, recent studies have also examined the extent to which factual and 

commonsense knowledge can be localized within editable model components [37]. 

2.4 Preference Optimization and Alignment 

Beyond SFT, modern alignment methods are often based on Reinforcement Learning 

from Human Feedback (RLHF) [38] and related formulations. In particular, Direct 

Preference Optimization (DPO) [12] incorporates contrastive signals into training by 

directly optimizing model outputs toward preferred responses. While effective, such 

approaches depend heavily on large-scale paired preference data, which can be costly 

to obtain. In contrast, our proposed ContrastSFT leverages a frozen weak model to gen-

erate token-level negative signals automatically, enabling contrastive learning without 

explicit preference annotations. This design provides a more data-efficient alternative, 

especially in scenarios where fine-grained factual supervision is limited. 

 

Fig. 1. Overview of ContrastSFT. During fine-tuning, a frozen weak model provides contrastive 

logits for CLR, suppressing hallucination-prone patterns. The weak model is removed at infer-

ence, incurring no additional latency. 
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3 Preliminary 

In this section, we first analyze the theoretical limitations of standard Supervised Fine-

Tuning (SFT) in the context of hallucination mitigation. We then formally define the 

task of hallucination mitigation via contrastive learning. 

3.1 Motivation: The Limitation of SFT 

The standard post-training paradigm for LLMs is SFT, which optimizes the model pa-

rameters 𝜃 via Maximum Likelihood Estimation (MLE). Given a prompt 𝑥  and a 

ground-truth response 𝑦 , SFT encourages the model to maximize the conditional prob-

ability 𝑃𝜃(𝑦|𝑥). 

While effective for instruction following, this objective has a critical flaw regarding 

factuality: it only provides positive constraints. The MLE objective pulls the model's 

distribution towards the ground truth but does not explicitly push it away from plausible 

but incorrect "hallucinations." Mathematically, minimizing the KL-divergence between 

the data distribution and the model distribution focuses on covering the modes of the 

data. However, if the pre-trained model has a strong prior belief in a hallucination ℎ 

(e.g., a common misconception or a high-frequency ngram pattern), and ℎ does not 

explicitly appear as a "negative example" in the SFT data, the probability 𝑃𝜃(ℎ|𝑥) may 

remain undesirably high. 

This phenomenon explains why SFT models often "hallucinate" by reverting to sta-

tistical shortcuts or parametric memory biases. To address this, we argue that the train-

ing objective must be contrastive: the model should not only maximize the probability 

of the truth 𝑦 but also maximize the distance between its predictions and those of a 

"Weak Model" (𝑀𝑤𝑒𝑎𝑘) that represents these statistical shortcuts. 

3.2 Task Definition 

We define the problem of hallucination mitigation as a constrained conditional genera-

tion task. Let  be a dataset of factual instruction-response pairs, 

where  denotes the query and  denotes the sequence of ground-

truth tokens from a vocabulary . 

Standard SFT. The objective of standard SFT is to minimize the negative log-like-

lihood (NLL) over the dataset: 

  (1) 

where , and  represents the logits com-

puted by the model. 

Weak Reference Model. We introduce a pre-trained Weak Model  (param-

eterized by ) which serves as a proxy for non-factual or heuristic-based generation. 

The weak model computes its own logits  for any token . 
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Goal. Our goal is to derive a new estimator  that leverages the signal 

from  to regularize . Specifically, we aim to optimize  such that the model 

retains the general instruction-following capability of SFT while selectively suppress-

ing tokens where  is incorrectly confident (hallucinations), thereby improving the 

factuality scores on downstream benchmarks. 

4 METHOD 

In this section, we present ContrastSFT, a training framework designed to internalize 

the hallucination-mitigation capabilities of contrastive decoding into the model param-

eters. We first elaborate on the formulation of Contrastive Logit Regularization (CLR) 

and then provide a theoretical analysis of its gradient dynamics to explain why it effec-

tively suppresses hallucinations. 

4.1 Contrastive Logit Regularization 

Let  denote the target Large Language Model (Expert) parameterized by , and 

 denote a frozen Weak Model (e.g., a smaller or non-instruction-tuned model). 

Given an input context  and a target token  at step , standard SFT optimizes the 

probability . 

We hypothesize that the raw logits  of the expert model contain two components: 

(1) Factual Knowledge, which requires deep reasoning, and (2) Surface Patterns, which 

are statistical shortcuts shared with weaker models. To distill the factual component, 

we introduce the Contrastive Logit , defined as: 

  (2) 

where  is a hyperparameter governing the strength of the penalty on 

weak behaviors. 

Unlike previous methods that apply this transformation only during inference (Con-

trastive Decoding), ContrastSFT incorporates it into the training objective. We define 

the ContrastSFT Loss as the negative log-likelihood of the ground truth token  un-

der the regularized distribution: 

  (3) 

By minimizing Eq. 3, we force the parameters  to adapt such that the contrastive 

distribution aligns with the ground truth. This effectively compels the expert model to 

"unlearn" the statistical biases captured by . 

4.2 Gradient Analysis: How ContrastSFT Mitigates Hallucinations 

To understand the mechanism of ContrastSFT, we analyze the gradient of the loss func-

tion with respect to the expert logits . The gradient is given by: 
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  (4) 

where  is the probability derived from the contrastive logits , and  is 

the indicator function. 

Comparing this to standard SFT, where the gradient depends on the raw probability 

, we observe two critical regulatory effects driven by the term : 

1. Suppression of "Easy" Hallucinations (Negative Mining): Consider a non-fac-

tual token  (a hallucination) that is statistically plausible, meaning  is 

high. In standard SFT, if the expert model  is also high, the gradient penalty is 

proportional to . In ContrastSFT, the term  in the exponent sig-

nificantly reduces the contrastive probability . This implies that the optimiza-

tion process assigns lower priority to suppressing errors that are "obvious" (predictable 

by the weak model), allowing the gradient updates to focus on Hard Negatives—errors 

that are specific to the expert model and not explained by simple surface patterns. 

2. Amplification of Factual Signal: For the ground truth token , we effectively 

maximize . If  is a "hard" fact (where  is low), the 

penalty is small. However, if  is a common token (where  is high), the 

model must push  to be significantly higher to overcome the  pen-

alty. This forces the expert model to develop much higher confidence and sharper dis-

tinctiveness for factual tokens compared to a baseline model. 

4.3 Inference Efficiency 

A key advantage of ContrastSFT is its inference-time efficiency. Since the contrastive 

constraints are internalized into the parameters  during fine-tuning, the model  

learns to generate factual representations intrinsically. Therefore, during the inference 

phase, we strictly use the original model  for decoding: 

  (5) 

This eliminates the need to load or compute  at runtime, maintaining the same 

inference latency as standard SFT, unlike CD approaches which double the computa-

tional cost. 

5 Experiments 

In this section, we evaluate ContrastSFT on a diverse set of benchmarks covering Nat-

ural Language Understanding (NLU) and Knowledge Factuality. We aim to answer 

three key research questions: Q1 (Effectiveness): Does ContrastSFT effectively miti-

gate hallucinations compared to standard SFT and inference-time intervention meth-

ods? Q2 (Efficiency): Does ContrastSFT retain the inference efficiency of the base 

model, avoiding the latency overhead of contrastive decoding? Q3 (Robustness): How 

does the regularization strength  affect the trade-off between factuality and general 

capability? 
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5.1 Experimental Setup 

Datasets. We evaluate our method on five benchmark datasets: ParaRel(QA), a high-

quality English cloze-style paraphrase dataset comprising 328 paraphrases across 38 

relations, used to assess the paraphrase consistency of pre-trained language models; 

HaluEval(QA), a benchmark for evaluating factual accuracy and hallucination in 

LLMs across diverse scenarios, where we reformat its generative tasks for our experi-

ments; MMLU(MCQ), a classic multi-domain NLP benchmark, employed to reveal 

the factual knowledge boundaries of models (we adopt the version constructed by R-

Tuning); WiCE(MCQ), a fine-grained textual entailment dataset derived from Wik-

ipedia, providing claim sentences, supporting evidence, and token-level annotations of 

unsupported content; and FEVER(MCQ), a large-scale fact verification dataset con-

taining 185,445 labeled claims derived from Wikipedia, each annotated as Supported, 

Refuted, or NotEnoughInfo, with evidence provided for the first two categories. 

5.2 Metrics 

Our experiments are conducted in two settings: multiple-choice (MCQ) and question 

answering (QA). 

For MCQ, we compute Multiple-Choice Accuracy (MCA): 

  (6) 

For QA, we adopt Matching Accuracy (MA) to assess answer inclusion: 

  (7) 

Additionally, for the WiCE and FEVER datasets, we compute the F1 score: 

  (8) 

5.3 Baselines 

We evaluate ContrastSFT against the following baseline methods. More experimental 

details regarding baseline construction are presented in the Appendices and the next 

section: 

• Vanilla: Vanilla baselines involve the direct use of both Llama3-Base and Llama3-

Instruct without any additional training. These baselines can help us understand the 

fundamental ability of the Llama3 series models. Additionally, a Weak baseline is 

created by inducing hallucinations in the Llama3 models [3] to assess the impact of 

hallucination induction. 

• Supervised Fine-Tuning (SFT) [1]: In this approach, we perform fine-tuning with 

an extensive hyperparameter search to optimize performance. 
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• Contrastive Decoding (CD) [25]: A standard contrastive decoding strategy that 

contrasts output distributions from models with different parameter scales to en-

hance response quality. 

• Induce-then-Contrast Decoding (ICD) [31]: ICD involves creating a factually 

weaker LLM by inducing hallucinations in the original model and penalizing these 

hallucinations during decoding, thereby improving the factual accuracy of generated 

content. 

Table 1. HaluEval Hallucinatory Dataset Profile 

Data Source Prompt Format 
Dataset 

summarization 

Actual 

Data Used 

QA data 

Instruction: The Oberoi ... in what city? 

Input: The Oberoi family is ... in Delhi. 

Hallucinated Output: The Oberoi ... in Mumbai. 

10K 10K 

Dialogue data 

Instruction: [Human]: Could you ... Fight Club? 

Input: Fight Club is starring ... in Panic Room 

Hallucinated Output: Sure, Mr. Nobody ... movie. 

10K 10K 

Summarization data 

Instruction: Write a summary ... given below. 

Input: For the first time in ... miss a beat.\n 

Hallucinated Output: Host ... eight-year hiatus. 

10K 10K 

General data 

Instruction: NA 

Input: Identify an interesting fact about Saturn. 

Hallucinated Output: Saturn has ... meters thick. 

10K 0.8K 

5.4 Implementation details 

Here, we employ the LLaMA3 series models [3] for our experiments. Specifically, we 

utilize three versions: Llama3.1-8B, Llama3.1-8B-Instruct, and Llama3.2-3B. These 

models serve as the foundation for evaluating our proposed ContrastSFT framework 

and the baseline methods. 

Baseline Enhancement. To ensure fairness, we enhance the contrastive decoding 

baselines by applying SFT to the original model. These original models are trained on 

the same training set as ContrastSFT. The procedure not only establishes a consistent 

baseline but also allows us to directly assess the impact of contrastive strategies on 

downstream tasks. 

Weak Model Construction. Following standard practices in contrastive decoding 

[25,26], we employ a smaller-scale language model as the weak reference to capture 

surface-level statistics. Specifically, we use Llama-3.2-3B-Base as  while fine-

tuning Llama-3.1-8B-Base as . The weak model remains frozen during the entire 

training process. 

For inducing hallucinations in the weak model, we adopt the same techniques as 

prior studies [10,31]. This operation is crucial for contrastive decoding by ensuring the 

weak model generates hallucinatory outputs. 

We fine-tune the Llama3 model [3] using the negative samples from the HaluEval 

dataset [39]. HaluEval comprises 5,000 general user queries with ChatGPT responses, 

along with 30,000 task-specific examples across three distinct tasks: question answer-

ing, knowledge-grounded dialogue, and text summarization. A summary of the dataset 

and the specific samples used in our experiments is provided in Table 1. 
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To make a fair comparison and ensure the effectiveness of our experiment, we use 

the same configuration as previous studies [10,31] to train the weak model. The detailed 

configuration is presented in Table 2. It is worth noting that only the hallucinatory sam-

ples from HaluEval are used to induce hallucinations, ensuring no risk of information 

leakage into the main experiments involving HaluEval. 

Model Alignment. To align both SFT and ContrastSFT with downstream tasks, we 

conduct a comprehensive hyperparameter search for all models. 

For the CD&SFT models illustrated in Table 4, we first train an SFT model  on 

the train set of each dataset. The evaluation results of SFT in Table 4 are derived di-

rectly from model . To construct the CD [25] baseline, we take  as the original 

model and Llama3.2-3B as the weak model. Similarly, for the baseline ICD [31],  

serves as the original model, while the weak model is configured as the one described 

in the Weak Model Construction section. 

 

Table 2. Fine-tuning configuration and hyper-parameters. 

Configuration Value 

Model Llama3.1-8B 

Epochs 5 

Devices 4 NVIDIA GeForce RTX 3090 (24G) 

Total Batch Size 256 

Optimizer Adam [40](𝛃𝟏 = 𝟎. 𝟗, 𝛃𝟐 = 𝟎. 𝟗𝟖, 𝛜 = 𝟏 × 𝟏𝟎−𝟖) 

Learning rate 5.0e-4 

LR scheduler type cosine 

Warm-up Ratio 0.0 

LoRA Target 
 

LoRA Rank 32 

 

The model tuning experiments are performed using LoRA [41]. To ensure optimal 

performance for each model, we conduct a grid search over the hyperparameters, as 

outlined in Table 3. For hyperparameters included in the grid search, we present the 

search ranges; for others, we list the fixed values. 

 
Table 3. Hyperparameter Settings. 

Hyperparameter Range or Value 

Learning rate [𝟏𝒆 − 𝟒, 𝟒𝒆 − 𝟒] 
Batch size [𝟏𝟔, 𝟔𝟒] 

Label smoothing [𝟎. 𝟎𝟓, 𝟎. 𝟏𝟓] 
LR scheduler type {Cosine, Linear} 

Optimizer Adam-8bit [42](𝜷𝟏 = 𝟎. 𝟗, 𝜷𝟐 = 𝟎. 𝟗𝟖, 𝝐 = 𝟏𝒆 − 𝟖) 

LoRA target All linear layers 

Epoch 1 

Warm-up ratio 0.02 
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Hyperparameter . As defined in Equation 3, the hyperparameter  controls the 

strength of the regularization. Based on previous studies [25,31] and through prelimi-

nary experiments on the validation set, we set  and  as a balanced 

trade-off between suppressing hallucinations and maintaining text fluency for all ex-

periments, selecting the higher score as the final result. 

5.5 Main Results 

NLU & Reasoning Capabilities. A key observation from Table 4 is the performance 

volatility of inference-time methods. Take CD as an example: despite a marginal lead 

(+0.37%) in the relatively straightforward ParaRel task, its F1 score plunges to 64.48% 

on the WiCE benchmark. This sharp decline likely stems from the "false penalty" effect 

(see Section 4), where the decoding-time subtraction inadvertently suppresses valid but 

less probable tokens. In contrast, ContrastSFT maintains a steady trajectory across var-

ying task complexities. By embedding contrastive signals directly into the optimization 

objective, our method secures substantial gains—up to +9.52% on WiCE—over the 

SFT baseline, suggesting that fine-grained distinction is better captured during training 

than through post-hoc token filtering. 

Factuality & General Knowledge. Results on HaluEval and MMLU further highlight 

the differences between training-based and inference-time approaches. On MMLU, in-

ference-time methods such as CD and ICD lead to noticeable performance degradation, 

even falling below the Llama3-Instruct baseline (58.35%). This trend suggests that di-

rectly subtracting weak model logits may interfere with the model’s general knowledge 

representations. In contrast, ContrastSFT achieves a higher score of 63.49%, indicating 

that the regularization can mitigate hallucinations without significantly harming general 

capabilities. On HaluEval, ContrastSFT performs comparably to the SFT baseline 

(89.10% vs. 89.25%), with only a marginal difference. At the same time, it avoids the 

performance drop observed in CD (86.90%) and ICD (85.95%), suggesting a more sta-

ble trade-off between factuality and overall performance. 

 

Table 4. Comparison of different models on various datasets. 

Category Model 

Datasets and Metrics (%) 

MMLU ParaRel WiCE FEVER HaluEval 

MCA MA F1 MCA F1 MCA MA 

Vanilla 

Llama3-B 53.08 28.01 21.78 23.06 21.16 32.07 70.05 

Llama3-I 58.35 38.53 38.76 59.64 64.50 65.34 79.30 

Weak 40.59 36.87 29.15 41.51 40.05 45.79 34.95 

CD&SFT 

SFT 62.43 70.02 70.30 81.13 92.94 93.31 89.25 

CD† 57.33 70.57 64.48 80.01 89.19 89.70 86.90 

ICD† 56.59 68.93 70.65 80.71 89.92 90.32 85.95 

Ours ContrastSFT (ours) 63.49 70.20 79.82 85.22 93.77 94.10 89.10 

† Enhanced baselines. See Section 5.4 

 

Summary. Overall, ContrastSFT ranks first or ties for first on 4 out of 5 benchmarks. 

Unlike CD and ICD, which show noticeable trade-offs across tasks, our method main-
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tains more consistent performance across different domains. This supports the hypoth-

esis that incorporating contrastive signals during training can lead to more stable be-

havior than relying solely on post-hoc decoding strategies. 

Consistency Across Domains as a Proxy for Robustness. Although the absolute 

gains on some datasets (e.g., +1.06% on MMLU) are relatively modest, a key advantage 

of ContrastSFT lies in its consistency. As shown in Table 4, it is the only method that 

achieves non-negative improvements (or statistically comparable results) across all five 

benchmarks. In contrast, CD and ICD exhibit higher variance, improving on ParaRel 

while degrading performance on WiCE (-5.82%) and MMLU (-5.1%). This pattern 

suggests that the proposed regularization contributes to more robust behavior across 

diverse data distributions. 

6 CONCLUSIONS 

In this paper, we introduced ContrastSFT, a training framework that incorporates 

contrastive signals into supervised fine-tuning to mitigate hallucinations in LLMs. In-

stead of relying solely on likelihood maximization, the proposed Contrastive Logit Reg-

ularization (CLR) leverages a weak reference model to suppress patterns that are more 

likely to be associated with hallucination. From a conceptual perspective, this approach 

extends the standard SFT objective by introducing an explicit contrastive component, 

encouraging the model to distinguish between reliable reasoning and spurious correla-

tions. At the same time, by integrating the contrastive signal into training, it avoids the 

additional inference cost typically introduced by contrastive decoding methods. 

Experimental results across both NLU and factuality benchmarks show that Con-

trastSFT improves factual consistency while maintaining general reasoning perfor-

mance, outperforming standard SFT and several inference-time baselines in most set-

tings. These results suggest that contrastive learning can be incorporated more directly 

into model training, rather than being limited to decoding-time heuristics. As a possible 

direction for future work, this framework could be extended to other alignment objec-

tives, such as safety or controllability, or combined with adaptive regularization strate-

gies to better balance factuality and diversity. 

7 LIMITATIONS AND FUTURE WORK 
While ContrastSFT shows strong empirical performance and maintains high inference 

efficiency, several limitations remain. First, the method introduces additional hyperpa-

rameters. Due to computational constraints when fine-tuning 8B-scale models, we only 

evaluated a discrete set of regularization strengths. A more detailed analysis of how 

performance varies with this parameter—particularly around potential over-regulariza-

tion—would provide a clearer understanding of its behavior. Second, our experiments 

are currently limited to the LLaMA-3 architecture. Although the formulation of Con-

trastive Logit Regularization is not tied to a specific model, it would be useful to verify 

its effectiveness on other model families (e.g., Qwen [43]) and at larger scales such as 

70B parameters. Finally, the reported results are based on single runs. Evaluating the 

method across multiple random seeds would help quantify variance and provide 

stronger statistical support for the observed improvements. 
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