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Abstract

Truthfulness is paramount for large language mod-
els (LLMs) as they are increasingly deployed
in real-world applications. However, existing
LLMs still struggle with generating truthful con-
tent, as evidenced by their modest performance
on benchmarks like Truthful QA. To address this
issue, we propose GRAdual self-truTHifying
(GRATH), a novel post-processing method to en-
hance truthfulness of LLMs. GRATH utilizes
out-of-domain question prompts to generate pair-
wise truthfulness training data with each pair con-
taining a question and its correct and incorrect
answers, and then optimizes the model via di-
rect preference optimization (DPO) to learn from
the truthfulness difference between answer pairs.
GRATH iteratively refines truthfulness data and
updates the model, leading to a gradual improve-
ment in model truthfulness in a self-supervised
manner. Empirically, we evaluate GRATH us-
ing different 7B-LLMs and compare with LLMs
with similar or even larger sizes on benchmark
datasets. Our results show that GRATH ef-
fectively improves LLMs’ truthfulness without
compromising other core capabilities. Notably,
GRATH achieves state-of-the-art performance on
TruthfulQA, with MC1 accuracy of 54.71% and
MC2 accuracy of 69.10%, which even surpass
those on 70B-LLMs. The code is available at
https://github.com/chenweixin107/GRATH.

1. Introduction

With the rapid development of large language models
(LLMs), they have been deployed in a wide range of appli-
cations (Bommarito II & Katz, 2022; Driess et al., 2023; Lo,
2023). Yet, there is evidence (Bang et al., 2023) showing
that LLMs may not answer truthfully, leading to hallucina-
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Figure 1. Accuracy of pretrained models, DPO, and GRATH on
TruthfulQA’s MC1 and MC2 tasks. We evaluate DPO and GRATH
on two pretrained models, Llama2-Chat-7B and Zephyr, based on
an OOD training dataset—ARC-Challenge. GRATH effectively
improves MC1 and MC2 accuracy of Llama2-Chat-7B(Zephyr) by
24.5%(11.6%) and 23.8%(8.9%). DPO enhances MC1 and MC2
accuracy of Llama2-Chat-7B by 6.5% and 6.8% while decreasing
those on Zephyr by 4.2% and 2.6%. The performance of DPO
compared to GRATH indicates its vulnerability to OOD data.

tion, i.e., generate factually incorrect content. The halluci-
nation phenomenon could cause great harm, especially in
safety-critical applications (Wang et al., 2023; Chen et al.,
2023a), underscoring the critical importance of ensuring the
models produce truthful outputs. Truthful QA (Lin et al.,
2022) has been considered as a mainstream benchmark for
measuring the truthfulness of the model answers to the ques-
tions that provoke imitative falsehoods. In particular, MC1
is distinguished as the most challenging task among those
built on this benchmark, since even state-of-the-art LLMs
could only achieve modest accuracy levels (e.g., the MC1 ac-
curacy of Llama2-Chat-70B (Touvron et al., 2023) is merely
31.09%). These challenges reveal the urgent demand for
enhancing the truthfulness of models’ outputs.

Existing work (Chuang et al., 2023; Burns et al., 2023)
proposes to seek the truthfulness direction within LLMs and
shift the model representations along the direction, which
leads to truthful outputs. Such process often relies on in-
domain data sourced from Truthful QA (Chen et al., 2023b;
Li et al., 2023b). Whereas, in real-world scenarios, it is
common to encounter a broad spectrum of data that falls
outside the intended testing domain, i.e., out-of-domain
(OOD) questions. On the other hand, annotating answers
to this extensive range of questions can be prohibitively


https://github.com/chenweixin107/GRATH

GRATH: Gradual Self-Truthifying for Large Language Models

-
! [Demonstrations]
H

E Incorrect answer: The soles of his feet will produce E

-
|

' : ' Demonstrations i

E Consider the following question: What is human life E + P’OmPt Correct Answer E DPO

E expectancy in the United States? \nPlease generate k}j Pretrained + Question + ! Input Pretrained More Truthful

1 acorrect answer and an incorrect answer. o~ Model ' Model & Model

| Correct answer: 78 years. : Incorrect Answer i

1 Incorrect answer: 125 years. ! E

! . ! (a) Create Pairwise Truthfulness Data ' (b) Self-Truthifying

| [Prompt & Question] E L "

| Consider the following question: George wants to ! Initialize Fixed

\ warm his hands quickly by rubbing them. Which skin : v

\ surface will produce the most heat?\nPlease H D?:,T;’mnsira“ons Incorrect Answer

| generate a correct answer and an incorrect answer. | Base + a f Input Base DPO More Truthful

1 H + Question '

! [Model Response] b Model Correct Answer | Model ,, — —» Model ]

1 Correct answer: The palms of his hands will produce | E - '

| the most heat. HE ? Update Model I

@E

\ the most heat.
b

i (c) Gradual Self-Truthifying

Figure 2. Framework of GRATH, which consists of three components. Given a pretrained base model, GRATH (a) creates pairwise
truthfulness training data via few-shot prompting. An illustrative example is on the left. A pair of truthfulness data includes a question, a
correct answer and an incorrect answer. (b) Fine-tune the pretrained model via DPO based on the pairwise truthfulness training data. The
model will learn from the truthfulness difference in the self-generated answer pairs and enhance its truthfulness (i.e., self-truthify itself).
(c) Iteratively generate data and optimize model for 7" iterations, thus gradually boosting model truthfulness in a self-supervised manner.

expensive and labor-intensive. Furthermore, there exists a
risk that these annotations could be noisy or even poisoned
(Carlini et al., 2023), leading to a potential decline in model
performance. Hence, a natural question arises: Can we
effectively utilize OOD queries to improve the truthfulness of
LLMs without needing to rely on human-annotated answers?

Inspired by the recent alignment technique—Direct Pref-
erence Optimization (DPO)—which aligns LLMs with hu-
man preferences via learning from the pairwise answers
that differ in human alignment level, in this work, we pro-
pose a novel post-processing method to boost the truthful-
ness of pretrained LLMs, named GRAdual self-truTHifying
(GRATH), which adaptively generates data using the LLM
itself and then optimizes the model via DPO in a self-
supervised manner, without the necessity for any anno-
tated answer to the given OOD questions. The pipeline of
GRATH is illustrated in Figure 2. First, given a pretrained
model, GRATH creates pairwise truthfulness training data
for a sequence of questions via few-shot prompting (a pair
of truthfulness data is a question and the corresponding cor-
rect and incorrect answers). Then, GRATH employs DPO to
fine-tune the pretrained model based on the pairwise truth-
fulness training data, thus enhancing model truthfulness
through learning from the difference in answers. Finally,
GRATH alternatively refines truthfulness training data and
updates the model in an iterative way, leading to the gradual
improvement in model truthfulness. As illustrated in Fig-
ure 1, when applied to either Llama2-Chat-7B or Zephyr,
GRATH could gain a substantial enhancement in both MC1
and MC2 accuracy over the respective pretrained models. In
contrast, utilizing OOD questions alongside the annotated
pairwise answers, DPO yields a smaller improvement in
Llama2-Chat-7B’s performance compared to GRATH, and
it even results in a deterioration of performance on Zephyr,
which reveals its vulnerability to the domain gap.

We conduct intensive experiments, and our empirical re-
sults demonstrate that GRATH significantly enhances the
MC1 and MC2 accuracy of Llama2-Chat-7B, elevating them
from 30.23% to 54.71% and from 45.32% to 69.10%, re-
spectively. This marks a new state-of-the-art (SOTA) per-
formance on the Truthful QA benchmark, surpassing even
larger-scale models such as those with 70 billion parameters.
Crucially, GRATH achieves this without compromising the
pretrained model performance on other established bench-
marks, including ARC, HellaSwag, and MMLU. These re-
sults underscore GRATH’s capability to bolster the truth-
fulness of LLMs while preserving their core capabilities.
Furthermore, we conduct a series of ablation studies and
delve into the truthifying processes within GRATH, aiming
to gain insights into how to learn more truthfulness.

Our main contributions are threefold. 1) We discover that
the model learned via DPO would be more truthful in testing
domain if i) the domain gap between pairwise truthfulness
training data and testing data is smaller; ii) the distributional
distance between correct and incorrect answers within pair-
wise truthfulness training data gets larger. 2) We propose
a GRAdual self-truTHifying method, GRATH, to enhance
the truthfulness of LLMs in a self-supervised manner. In
particular, it adaptively generates pairwise answers to OOD
questions and then fine-tunes the model via DPO to improve
model truthfulness. 3) We empirically show that GRATH
can significantly improve LLMs’ truthfulness, achieving
SOTA performance on TruthfulQA’s MC1 and MC?2 tasks.

2. Related Work

The burgeoning interest in leveraging LLMs to generate
text for practical applications necessitates the truthfulness
of LLMs. In response to this need, a variety of benchmarks
(Li et al., 2023a; Zhang et al., 2023) have been developed
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to assess the model truthfulness. Notably, TruthfulQA (Lin3. Method

et al., 2022) has emerged as a prominent benchmark, and o
its adoption by Open LLM LeaderBoard (Beeching et al. V€ Propose a GRAdual self-truTHifying method for LLMs,

2023) underscores its signi cance. In particular, there ar@amed GRATH, which gradually enhances the model truth-

multiple-choice questions with a single correct answer infulness in a self-supervised manner. As illustrated in Figure

its MC1 task while with a set of correct answers in its MC2 2'_ GRATH consists of three Comp_OljentSple)ating pair-
task. A line of research (Chen et al., 2023b; Li et al., 2023pViS€ truthfulness date?) self-truthifying and 3)gradual
Chuang et al., 2023; Burns et al., 2023; Zou et al., 2023: Legelf—truthifying In this section, we will elaborate on the
etal. 2023a Azaria & Mitchell',2023)' Ieverageg the mog nechanisms of different components, demonstrating how to
els' internal representationse., activations across different ©Ptain atruthful model given a pretrained base model.
layers) to enhance truthfulness. The reliance on representa- i o

tions often necessitates the selection of speci ¢ layers. I8-1- Creating Pairwise Truthfulness Data

the optimal layer is not chosen, the enhancement may bgnnotating correct and incorrect answers for large-scale
compromised. The other line of f“ethOdS (Joshi et al., 2023} jestions could take a substantial amount of human effort
directly focuses on the models’ external expressios, ( and resources. Hence, we attempt to prompt the model to

output probabilities) and proposes ne-tuning approache@enerate a correct answeer and an incorrect answeg to
to improve truthfulness. However, they usually require i”'any given question.

domain data, which is often not accessible in practice. Also,

both lines of methods require costly annotated data. Questions. Assume that the ultimate goal for the model is

RLHF (Ouyang et al., 2022) and the follow-up work (Bai to gain high truthfulness on questions from a target domain
etal., 2022; Lee et al., 2023b; Gallego, 2023) align LLMsDrarget In practice, we hardly have accessgrget Since
with human preferences by applying reinforcement learningve do not know which domain the model would be tested
(RL) to optimize the supervised ne-tuned (SFT) model on. Therefore, we randomly select an open-source dataset
against the reward model trained on pairwise preferenceonsisting of questionse., fg'gl; D source NOte thatin
data. However, the use of Proximal Policy Optimizationpractice, the dataset is usually out-of-domain in terms of the
(PPO) (Schulman et al., 2017) in RL presents challenges du@rget domain.

to the instability and inef ciency. To address this, numerous

ef cient methods (Dong et al., 2023; Rafailov et al., 2023;Prompt. We design the following promg( ) intriguing
Song et al., 2023; Yuan et al., 2023) have been proposed. lthe model to generate a correct ansagrand an incor-
particular, DPO develops an objective function to directlyrect answerl- to any questiory, constituting a pair of
optimize the model to adhere to pairwise preference dataruthfulness training datgy ; a\; ; ak ).

avoiding the need to tareward model. It is shown better

than RLHF while easier to implement and needs fewerre- gy = “Consider the following questiorg nnPlease
sources, making it the focal point of our paper. Nevertheless,  generate a correct answer and an incorrect answer.

the domain gap issue inherent in DPI@( the vulnerability Make sure the answers are plausible. There is no need

to domain shifts) has not yet been thoroughly studied, which {0 give an explanation.”

could potentially lead to performance degradation. On the

other hand, it still requires a large amount of annotations folFew-shot Demonstrations. To ensure the model gener-
pairwise preference data, which could be costly. In practicahtes responses in the desired format, we include a few
scenarios, we might only have limited annotated data. ~ demonstration§ (¢ ; &, ; & )9, before the above prompt.

Concurrently, there are several works also leveraging self! ilustrative templateT (p(); f (¢ ; & ;&; ), ) along
generated data to improve LLMs' capabilities. Different With the model response is shown in Figure 2. Detailed tem-
from them, we focus on enhancing model truthfulness. UnPlates are illustrated in Figure 10, 11, 12 in Appendix B. We
like SPIN (Chen et al., 2024), we do not require a |argeals_og|ve some examples qf the creat_ed pairwise truthfulness
human-annotated dataset to initialize an SFT model, nor d§&ining data in Figure 13 in Appendix C.

we rely on an external scalar feedback signal as a quality

indicator likeReSTM (Singh et al., 2023) or utilize LLM  3.2. Self-Truthifying

to reward answers as in Self-Rewarding (Yuan et al., 2024hecent of ine alignment methods (Rafailov et al., 2023;

since our primary concern is the relative truthfulness beSong et al., 2023) align LLMs with humans by increas-
tween generated correct and incorrect answers, rather than 1o probability of generating responses annotated with

thg ?bs‘?'“te truthfulnes_s of e?Ec'\?. As op.p.osed to GA_N'”kEI”nigher quality while decreasing that annotated with lower
training in SPIN or SFT irReST™™ , we utilize DPO, with 4 ity That is, the alignment of the model is improved via
a speci ¢ focus on exploring the domain gap issue in DPOIearning from the responses that differ in alignment quality.
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Inspired by this, we attempt to learn from the responsesiumber of iterations is reached. Through this iterative ap-
that differ in truthfulness, thus enhancing the truthfulnesgroach, we could gradually boost the model truthfulness in
of the model. Speci cally, we leverage an effective of ine a self-supervised manner. The overall procedure of GRATH
alignment method DPO (Rafailov et al., 2023) to ne-tune is summarized in Algorithm 1.

the pretrained base model using the created pairwise truth-
fulness training data. Algorithm 1 GRATH

Formally, let  denote the model to be ne-tuned where INPut: @ pretrained modelye , a set of question gr , few-
are learnable parameterser denote the xed reference ~ Shot demonstration(d ; &y ; & )g'; , prompting template
i Ui i\ mn L T(p(); ), number of ne-tuning steps, number of iterations
model, andDar = f(d';ar;a)gL, denote all pairwise
Loro (5 refs Dpair ), is given by: # (a) Create pairwise truthfulness data
(ar;ae) = pe T(P(A): f(0:87;8:)gm ) foriin[n]
Dpar = f(q;ar;ar)gly

P ) ) # (b) Self-truthifying
Lo log —(2rid) (akia') 0
noi=1 108 g —ray  log—r=sy 1 e ref e 0 0
e (arid’) et (a id') ne-tuned with L ppo i ret; Dpar  fOr s steps
# (c) Gradual self-truthifying
h is the logistic functi d t for tin[T] do . o
wnere IS the logistic Tunction ana serves as a parameter (a'T : aIF) = t. T(_p(q'); f (q] ;aj‘r : aJF )gjm=1 ) foriin[n]

that regulates the deviation from the reference model|

D!. =fqd:a.:agu
with both  and ¢ being initialized as the pretrained base par = 14878 Q=

ref
model pre. t+1 "tuned withLppo  '; rer;Dpar  fOr s steps
S . S end for
By minimizing the loss function, the likelihood of gener-  oyin = 7%

ating correct (incorrect) answers will increase (decrease),
thus contributing to a more truthful model. Since the model

enhances its truthfulness by learning from the difference in4 Experiments
answer pairs that are generated by itself without requiring
any external annotations, we name the learning process a@sl. Experimental Setup

self-truthifying

Models. We adopt two widely-used 7B-LLMs as pre-
trained base models, which are Llama2-Chat-7B (Touvron
et al., 2023) and Zephyr (Tunstall et al., 2023). Each is
Gradual self-truthifying consists of two alternative used to create pairwise truthfulness training data and ini-
steps—re ning the data and updating the model. Thesgialize the base model in self-truthifying. During gradual
steps are executed alternatively in an iterative manner, coself-truthifying, this self-truthi ed model is used as the base
tributing to the gradual improvement in model truthfulnessmodel in the rst iteration, and subsequently, the model
trained by DPO will serve as the base model in the next

Step 1: Re ning Data. Intuitively, the model with im- iteration. Fo_llowing (Tunstall et al., 2023), we compare
proved truthfulness could generate correct answers witfPRATH against a variety of open-access models featured
higher correctness, which inherently bene ts the process o Open LLM Leaderboard (Beeching et al., 2023) with
learning from the truthfulness difference in answer pairsScales of parameters ranging from 7B to 70B, including
Hence, regarding the self-truthi ed model as the base modeltWin-LM (Ni et al., 2024), Mistral-Instruct (Jiang et al.,
we prompt it to generate correct answers and substitute thog&223), MPT-Chat (Team, 2023), StableLM-Llama2-Chat

in the pairwise truthfulness training data while leaving the(Touvron et al., 2023), Zephyr (Tunstall et al., 2023), Vi-
incorrect answers xed. cuna (Chiang et al., 2023), WizardLM (Xu et al., 2023), and

Guanaco (Dettmers et al., 2023).

3.3. Gradual Self-Truthifying

Step 2: Updating Model. Based on the re ned pairwise
truthfulness training data, we employ self-truthifying on the
base modelife., ne-tune the base model via DPO), aiming . ) : .

; . : which cover two main categoriesuman alignmentneth-
to improve its truthfulness by learning from the truthfulness

difference in the answer pairs. Subsequently, the learmneg0S—>F T, DPO (Rafailov et al, 2023), RLHF (Ouyang
. pairs. q Y et al., 2022) andruthfulness enhancememiethods—RepE
model will be used to update the base model.

(Zou et al., 2023), ITI (Li et al., 2023b). To apply human
The above process of re ning the data and updating thalignment methods within the realm of truthfulness, we
model could be repeated iteratively until a predeterminedmplement them using the same dataset as dersARC-

Baseline Methods. In addition to the above open models,
we also compare GRATH with various ne-tuning methods

4
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Challenge. Different from ours, they would utilize both GRATH), ama2 achieves the state-of-the-art (SOTA) perfor-
the questions and the annotated answers. Besides, we neance, with impressive MC1 accuracy of 54.71% and MC2
port ITI's results using its published model and reproduceaccuracy of 69.10%. Notably, this 7B model's performance
RepE using its open-source codes. All of the methods useven outstrips that of larger-scale models, including those
LLama2-Chat-7B as the pretrained base model. with 70B parameters. For instance, its MC1 and MC2 accu-
racy exceed those of the leading 70B model.(Xwin-LM
Datasets and Evaluation Metrics. When creating pair- Vv0.1) by substantial margins of 14.44% and 9.44%, respec-
wise truthfulness training data, we utilize training sampledtively. Meanwhile GRATHzepnyralso demonstrates superior
from ARC-Challenge (Clark et al., 2018) as the source ofperformance compared to the selected open models. More
questions, while using six QA primer examples from Truth-experimental results are shown in Appendix D.1. These
fulQA as few-shot demonstrations which follows the im-results indicate thaBRATH serves as an effective post-
plementation in (Zou et al., 2023). The core capabilities ofprocessing method to bolster the truthfulness of different
the models are assessed using testing samples from ARC:=Ms with minimal impact on their core capabilities.
Challenge, HellaSwag (Zellers et al., 2019), and MMLU
(Hendrycks et al., 2021). Meanwhile, the truthfulness of ) _
the models is evaluated on TruthfulQAs MC tasks (Lin Table 1.Performance of GRATH compared with various open

et al., 2022), where we utilize the entire dataset forassesglOOIeIS on Open LLM Leaderboard. On TruthfulQAs MC1

. . . _—and MC2 tasksGRATH achievesSOTA performance, and
ment unless otherwise speci ed. We follow the evaluation G Lama2 ACNICV b

] ; . GRATHzephyr ranks as theecondest On other core functionality
con gurations and procedures introduced in Open LLM benchmarks, GRATH maintains similar performance compared to

Leaderboard, adopting accuracy as the metric. Speci callfne corresponding pretrained base models.

MC1 accuracy is the percentage of assigning the hlghestwIodel el agc Hela o [ TQA TQA
probability to the single correct answer in TruthfulQA's Swag MC1 MC2
MC_1 task. MC2 accuracy is the normghzed total probability ~g e M-Tuned- 7B | 31.91 5359 24.41| 23.99 4037
assigned to a set of correct answers in the MC2 task. MPT-Chat 7B | 4650 75.51 37.62| 27.05 40.16
Xwin-LM v0.1 7B | 56.57 79.40 49.98| 32.93 47.89

. : ; Mistral-Instruct v0.1 7B | 5452 75.63 55.38| 39.53 56.28
Implementation Details. We prompt the pretrained ;- =\ "3 33B| 62.12 8300 59.22| 37.09 56.16
model to generate pairwise answers to all questions in ARC- guanaco 65B| 65.44 86.47 62.92| 36.47 52.81
C. The model generations that do not follow the format Llama2-Chat 70B| 67.32 87.33 69.83 | 31.09 44.92
de ned in demonstrations are ltered out, which results WizardLtM v1.0 70B| 6544 8441  64.05) 38.68 54.81
) . o . Xwin-LM v0.1 70B | 70.22 87.25 69.77 | 40.27 59.86
in 1092 pairs of truthfulness training data in total. We p—- B 6246 8435 60.70| 2223 5753

_ . ephyr . . . . .
adopt DPO to ne-tune the model for 1000 steps using the GRATHzepny: 78 | 6502 8157 5139|5386 66.73

parameter-ef cient technigue—LoRA (Hu et al., 2022). Em- amas-Chat 8 5273 7880 48.14| 3023 4532
pirically, we nd out that a single iteratiom = 1 suf ces GRATHLjomaz 7B | 5776 79.63 46.88| 5471 69.10
to yield substantial improvements in truthfulness, signify-
ing GRATH as an ef cient and convenient post-processing
approach for enhancing LLMs' truthfulness. More details4.2.2. @MPARISON WITHBASELINE METHODS

about the experimental setup are presented in Appendix A. ] ] )
The performance comparison between different ne-tuning

4.2. Effectiveness of GRATH methods is illustrated in Table 2. These methods include
o human alignment methods (SFT, DPO, RLHF) and truthful-
4.2.1. @MPARISON WITHOPEN MODELS ness enhancement methods (RepE, ITI, GRATH). Note that

. LHF employs RL to ne-tune the SFT model obtained in
The performance of a variety of open-access models an . . .
Its rst stage. To study how this ne-tuning paradigm learns

GRATH over two pretrained base models on different bench: .
: truthfulness, we also apply RL on pretrained base model,
mark datasets are shown in Table 1.

excluding the in uence of SFT base model, denoted as RL.
Compared with the corresponding pretrained base modela

GRATH marginally improves performance on ARC-C, al- : . .
o . . the best, as it not only slightly increases the average accuracy
beit with a slight trade-off in performance on HellaSwag and
on ARC-C, HellaSwag, and MMLU datasets, but also boosts
MMLU. These results suggest that GRATH could preserve )
S he average accuracy on TruthfulQA's MC tasks by 6.65%.
the performance on these datasets, maintaining the mode[s : v aff h . I
core capabilities n comparison, RL barely affects the pretrained mo_d_e S
' performance while both SFT and RLHF tend to diminish
On the TruthfulQA benchmark, we observe that GRATHthe performance, which indicates that SFT might not be
effectively improves the MC1 and MC2 accuracy, with an appropriate strategy for ne-tuning models with OOD

both increased by an average of over 15%. In particulatraining data. When it comes to methods aimed at enhancing

mong various human alignment methods, DPO performs
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truthfulness, RepE is superior to DPO, effectively increasing— Does the domain gap between pairwise truthfulness train-
the average accuracy on Truthful QA by 14.18%. Moreovering data and testing data impact the truthfulness learned
GRATH even outperforms RepE, delivering a substantiaby DPO?During evaluation, the truthfulness of the learned
improvement of 24.14% while maintaining performancemodel is assessed in a particular testing domain. Herein, we
on the other three datasets. These results again validatgplore how this truthfulness is in uenced when the domain
GRATH's effectiveness in enhancing the model truthfulnessgap in the training data is widened or narrowed.

The model learned by DPO is more truthful in the testing

Table 2.Performance comparison between human alignment metilomain if there is a smaller domain gap between pair-
0ds—SFT, DPO, RMRL, RL, and truthfulness enhancement methaise truthfulness training data and testing data.First, we
ods—RepE, ITI, GRATH. All methods are applied on Llama2- split TruthfulQA into 700 training samples and 117 testing
Chat-7B. On TruthfulQAs MC1 and MC2 task&RATHuama2 ~ samples. One training sampliee(, a pair of truthfulness
achievesSOTA performance, and RepE ranks asseeondbest  gata) comprises a question, a correct answer, and a randomly
On other core functionality benchmarks, most methods maintainyg|ected incorrect answer. To elevate the degree of domain
similar performance compared to Llama2-Chat-7B. gap with respective to the testing domain, we employ a

Method ARC g@'a'lz mmu ave | (2% T8 ave sentence-level transformation (Krishna et al., 2020) on the
answers in training samples. In particular, we transform
the answers to the Shakespearean style with different levels

LIamaZ-ChaﬁB‘52.73 78.50 48.14 59.7930.23 4532 37.77

SFT 51.88 76.65 4589 58.1422.40 34.52 28.46 ) )
DPO 6297 8184 4401 6294] 3672 5213 aaa2 Of perturbations characterized by the parametertop-
RL 53.41 78.36 4830 60.03|30.11 44.89 37.50 larger topp indicates higher level of perturbation, thereby
RLHF 49.91 7656 4514 57.2022.64 3437 2850 ; ; ;

increasing th main in the answers. N h -
RepE 5759 7875 47.86 61.4043.45 60.45 51.95 creasing the domain gap t. e answers. Note t .aptgp
Il 5273 7850 4817 59.80| 3023 45.32 37.77 0.0 equates to no tranSformatlon,hence no domain gap. As
GRATHuama2 | 57.76 79.63 46.88 6142|5471 69.10 6191 llustrated in Figure 3(left), there is a clear downward trend

in both MC1 and MC2 accuracy as the domain gap in an-
) swers widens. This pattern demonstrates )athen there
4.3. In-Depth Exploration of GRATH is no domain gap in questions, the model learned by DPO

In this section, we will delve into GRATH to comprehend will be less truthful if the domain gap in answers increases.
how it facilitates the learning of a truthful model. We rstin-

troduce different disparity concepts that will be instrumental

in our analysis.

De nition 1 (Domain Gap). The domain gap refers to

the disparity between the training domain and the testing
domain. More precisely, it refers to the disparity between
the pairwise truthfulness training data and the testing data.

De nition 2 (Distributional Distance). The distributional
distance within pairwise truthfulness training data refers tdrigure 3.MC1 and MC2 accuracy of DPO (left) and SFT (right)
the disparity between the distribution of correct answers andvith varying degrees of transformations applied on the answers
that of incorrect answers. in pairwise truthfulness training data. A larger tpprdicates a
larger domain gap between truthfulness training data and testing
De nition 3 (Pairwise Distance). The pairwise distance data. Downward trends here in each gure indicate that the model
between a correct answat and an incorrect answeg is learned by either DPO or SFT will be less truthful if the domain
the Euclidean distance between their vectors projected ontgap in answers increases. DPO performs better than SFT overall.
arepresentation spabé , i.e., dpair (ar;ar) = kM (ar)
M (ar )Ko. In Section 4.2, DPO is applied on the pairwise truthfulness
In particular, we use the representation at the last token inthcejata crgated using OOD quegtlons (from ARC-C) and 6
last layer of the Llama2-Chat-7B model. Consequently, them-domam few-shot demonstraﬂons (from TrUthf,UIQA)' we
enote such DPO which leverages the model's generated

distributional distance can be characterized by the statistic ] )
y answers aBP 020 )- Here, we extend this creating

I « A4l n
Of f dpair (373 8 )g- (€., mean), procedure to mgégsti\D/erse setups, including: i) merging
the ground-truth correct and incorrect answers annotated in
ARC-C into the prompt during model generation (denoted
asDP ngggwo &T )); ii) altering the few-shot demonstra-
In this section, we aim to investigate the factors that affections to OOD examples sourced from HaluEval dataset (Li

the truthfulness of the model learnedsielf-truthifying et al., 2023a) (denoted mspog(oggm )); iii) combining

4.3.1. TOWARDS UNDERSTANDING HOW TO LEARN
TRUTHFULNESS INSELF-TRUTHIFYING
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Figure 4.MC1 and MC2 accuracy of DPO (left) and SFT (right). DPO and SFT are applied with truthfulness training data created using a
variety of strategieQoop (Qinp ) represents using OOD (in-domain) questions from ARC-C (Truthful@&)p indicates using
annotated answers from ARC-G{ ) indicates using answers generated by LLMs. Speci c&dl$oop (FSinp ) corresponds to

OOD (in-domain) few-shot demonstrations, a&&d@ implies merging ground-truth answers into the prompts. We rﬂﬁjog(";’gm )

performs the best among &P O ?c°0 | indicating that the usage of in-domain demonstrations yields answers that are closer to testing
domain, leading to a more truthful model. ii) Arrows symbolize performance shifts as questions are transitioned from OOD to in-domain.
The trends towards upper right indicate that the model will be more truthful if the domain gap in questions decreases. The same ndings
hold for SFT. iii) DPO outperforms SFT since it improves the pretrained model's truthfulness in general.

both of them (denoted d3P Og?gg(m o7 )). In addition, demonstrates th&) the model learned by DPO will be more

we consider directly feeding the annotated pairwise answersuthful if the domain gap in questions decreases.

; _ inh i Qoop
in ARC-C to DPO which is denoted &P O, . For Can SFT be a better choice than DPO in terms of learning

a fair comparison, we uniformly utilize 700 truthfulness » : L
training data across all strategies. Note that without thetruthfulness?ln addition to studying the effects of training

: . : data, here we focus on the ne-tuning technique. We are in-
usage of demonstrations, the model might fail to generat?igued by whether the widely-used approach—Supervised
700 truthfulness data. Thus, we do not study this zero-sh

setting. As depicted by the circles in Figure 4(left), we ine-Tuning (SFT)—offers comparable bene ts with DPO.

discover thaDP og(oggm ) (shown by the purple circle) The model learned via SFT is less truthful in the testing

performs the best among @POQOOD . We infer that its domain if there is a |arger domain gap between pairWise
utilization of in-domain demonstrations potentially yields truthfulness training data and testing data. Besides, SFT
answers that are closer to the testing domain. In contradg |ess effective than DPO for improving truthfulness.
other strategies that either refer to the OOD ground-trutiere, we replicate the setups previously used, with the dif-
answers or switch to OOD demonstrations might cause théerence that SFT only utilizes correct answers instead of

generated answers to deviate from the testing domain, thudfirwise answers. Speci cally, we rst apply varying levels

impairing performance in comparison BP 0352 . of transformations on the annotated correct answers from

The results indicate tha) when there is a domain ga)p in TruthfulQA. The downward trends of accuracy in Figure

guestions, the model learned by DPO will be less truthful if3(right) demonstrate thdf) when there is no domain gap
the domain gap in answers increases. in questions, the model learned by SFT will be less truthful

) ) ) if the domain gap in answers increases. Next, we follow
So far, we have discussed the impact of the domain gap ithe same answer generation strategies given questions from
answers on model truthfulness. To further explore the effecta rc.c while applying the generated correct answers to

of the domain gap in questions, we implement the same fOU§ET, As shown in Figure 4(right)3FT§(°F°§ , (shown
answer generation strategies, but using in-domain questions 0o

i Qoop -
(from TruthfulQA). Arrows in Figure 4(left) symbolize the y the purpl_e C|rcl_e) outperforms oth8F T - (repre
. . " sented by circles in other colors), suggesting #)athen

performance shifts as the questions are transitioned fro

OOD to in-domain under each respective strategy. Notablr{here is a domain gap in questions, the model learned by

: ' C FT will be less truthful if the domain gap in answers in-
there is a trend toward the upper right, signifying a general - )
) X . . ._creases. Then, upon switching the questions from OOD to
improvement when the questions become in-domain, whick: . .
in-domain, the trend of most arrows toward the upper right
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signi es that3) the model learned by SFT will be more
truthful if the domain gap in questions decreases. Notably,
we discover that the majority of DPO's points are situated
to the upper right of the pretrained model (shown by the red
star), signifying enhanced model truthfulness. By contrast,
most SFT's points are located in the lower left of the pre-
trained model, suggesting degraded model truthfulness. The
comparison indicates thd) DPO is more effective than

SFT for improving model truthfulness.
P 9 Figure 5.Left: Distributions of pairwise distance in truthfulness

— How does the number of ne-tuning steps affect the modedlata used iDP O *?. Right: Performance of the pretrained model

truthfulness as well as other core capabilitied® deferthe  ne-tuned with truthfulness data used@P O on TruthfulQA.
discussion to Appendix D.2. The improved performance indicates that a larger distributional
distance within truthfulness data leads to a more truthful model.

4.3.2. TOWARDS UNDERSTANDING HOW TO LEARN
TRUTHFULNESS INGRATH ence (DAP) approachesRAP approaches aim to align a

In this section, we aim to investigate the factors that afP0licy directly with preference pairs, with DPO being a rep-
fect the truthfulness learned ®RATH Following the no- resentative one. To explore the effectiveness of GRATH ap-
tations in Section 3T denotes the iterations in gradual Pliéd with different DAP approaches, we replace DPO with
self-truthifying. To avoid ambiguity, l6Tppo denote the WO representative DAP approach(_as: IPO (Azar et al., 2024)
times that DPO is executed. Apparenflgpo = T +1. and RSO (Liuetal., 2024), respectlvgly, and demonstrgte the
In particular,DP O° refers to the scenario where no DPO performance of the resulting models in Table 3. In particular,

is performed, meaning the model remains in its pretrainedn® models obtain'ed- after self-truthifying and aD/r:Pi;[eration of
state.DP O represents the DPO in self-truthifying while gradual self-truthifying are denoted BRATH 4, and

DPO! (1<t Tppo ) corresponds to its use in gradual GRATHPAY  respectively.

self-truthifying. The alignment approach adopted in GRATH can be gen-

— Does the distributional distance between correct anderalized from DPO to various direct alignment from pref-
incorrect answers within pairwise truthfulness training data erence approachesCompared to the pretrained base model,
impact the truthfulness learned by DPO@?GRATH, we  all of the DAP approachesge., DPO, IPO, and RSO, could
ne-tune the model using DPO two times sinde= 1. effectively increase the average accuracy on the TruthfulQA
Then, a natural question arises: CompareB®0?*, why  benchmark by over 9% in self-truthifying. During gradual
the model can be more truthful aftefP O2? Is it only  self-truthifying, they could further improve the truthfulness
because the base model is more truthful? Or is it also relatedf the corresponding self-truthi ed models, leading the av-
to the quality of truthfulness data usediP O2? erage accuracy on the Truthful QA benchmark to 61.91%,
53.51%, and 49.13%, respectively. Meanwhile, their per-
formance on other core functionality benchmarks maintains
similar to that of the pretrained base model. Therefore,
GRATH is generalizable over different DAP approaches.

The model learned via DPO is more truthful if the distri-
butional distance between correct and incorrect answers
within pairwise truthfulness training data is larger. Fig-
ure 5(left) depicts the distributions of pairwise distance in
truthfulness data used P O?! andDP O?. There is a
distinct shift towards right when transitioning frodP O!  Table 3.Performance comparison between the pretrained base
to DP 02, with the mean value evolving from 65.94% to model {.e., Llama2-Chat-7B) and GRATH using various direct
87.80%. This trend indicates that the truthfulness data irlignment from preference (DAP) approach6®RATHPAP , and
DP 02 exhibits a larger distributional distance. To further GRATHPAP . denote the models obtained after self-truthifying and
validate whether truthfulness data with a larger distributionalan iteration of gradual self-truthifying, respectively.
distance contributes to a more truthful model, we ne-tune |, 4 arc Hella o6 ‘ TQA TQA
the pretrained model with DPO using these two datasets Swag MC1 MC2
respectively. As illustrated in Figure 5(right), both MC1 Llama2-Chajs | 52.73 78.50 48.14 59.7930.23 45.32 37.77
and MC2 accuracy present an uplift, verifying that a larger GrRaTHRS., | 56.40 79.68 47.22 61.1E41.25 56.21 48.73
distributional distance within truthfulness data leads to a GRATHX.G,, | 57.76 79.63 46.88 614p54.71 69.10 61.91
higher degree of truthfulness in the model learned via DPO. GRaTHS,,, | 57.85 7849 4434 60.2341.49 60.77 51.13
GRATHRG . | 57.34 79.10 44.46 60.3E44.43 62.58 53.51

AVG

— Can the alignment approach adopted in GRATH be ex 5
GRATHRS 5461 79.19 47.83 60.5@38.43 56.97 47.70

tended from DPO to various direct alignment from prefer- Llama2
GRATH 56.74 79.50 46.33 60.8639.90 58.37 49.13

Llama2
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— What is the relationship between the number of DPOto generations of lower quality in certain aspects, potentially
executiondppo and the amount of pairwise truthfulness affecting the truthfulness of the ne-tuned model.

training datan? To answer the question, we x the number
of ne-tuning steps as 1000 in each DPO execution an
conduct GRATH with varyindippo andn.

ere, we provide some potential solutions to over tting.

) Early stopping: Such strategies include reducing the
steps in DPO or the number of truthifying iterations. For
GRATH is an ef cient approach to boost model truthful- instance, as shown in Figure 8, there is minimal impact on
ness. In particular, a larger amount of pairwise truth-  the performance on core functionality benchmarks when
fulness training data leads to a more truthful model.As  the model is truthi ed for one or two iterations. 2) Setting
shown in Figure 6, under a xe@ippo , GRATH with fewer  DPO's reference model as the pretrained base model: As
samples tends to exhibit lower performance, as re ected irspeci ed in Section 3, DPO's reference model is set as the
the diminished MC1 and MC2 accuracy. Note that MC2current base model in each truthifying iteration, which may
accuracy could be NaN, which is possibly due to that theaccelerate model's over tting to pairwise data. In Appendix
numerous executions lead the model over- tting to pair-D.3, we exploréhow the choice of reference model in DPO
wise truthfulness data, at the expense of deviating from thaffects the performance of the learned moddahere we
pretrained model. This deviation might hinder the model x DPO's reference model as the pretrained base model.
from generating uent text, resulting in an extremely low Results demonstrate that adding regularization towards the
probability of generating uent text. Consequently, MC2 pretrained base model can facilitate stable performance on
accuracy, de ned as the normalized probability assignedore functionality benchmarks throughout the training.
to a set of correct answers, might be NaN. And for a xed
amount of truthfulness data GRATH typically achieves  Enhancement of LLMs' Multiple Capabilities.  While
its peak MC1 accuracy whefppo = 3 or 4. Notably, the focus of this paper is on truthfulness, LLMs are expected
this optimal accuracy declines aseduces. These results tg exhibit a range of desirable qualities. A natural question
demonstrate that GRATH only requir@spo ~ 4to attain  arises:How can we enhance LLMs' multiple capabilities si-
its highest level of MC1 accuracy, with larger amounts ofmyltaneously? naive idea would be to extend the creation
truthfulness data yleldlng hlgher degree of truthfulness. procedure in GRATH to generate pairwise answers that
differ in diverse attributese.g, harmlessness and morality.

Due to space limit, we defer the discussion on the evaluation
of model truthfulness to Appendix E.

6. Conclusion

In this paper, we propose GRATH, a novel post-processing
method to enhance LLMs' truthfulness. Intensive exper-
iments have demonstrated GRATHffectivenesOOD-
Figure 6.MC1 (left) and MC2 (right) accuracy of GRATH with  resilience cost-effectivenesandef ciency. Furthermore,
different amounts of truthfulness dataand numbers of DPO beyond the methodology itself, we provide an innovative
executionsTppo . Fora xed Tppo , a largem leads to amore  ne-tuning paradigmij.e., gradual self-training, which lever-
truthful model. MC2 accuracy might be NaN due to over- tting. ages the self-generated data to improve a model's certain
ability, while utilizing the model's improved ability to gener-
— How does the number of iterations affect the model truthate data of better quality. The alternative interaction between
fulness as well as other core Capabi]ities? What is thethem contributes to the gradual enhancement in the ability.

impact of the choice of DPO's reference modeVe defer ~ Diverse alignment approaches can be incorporated into this
the discussion to Appendix D.3. paradigm, as evidenced by our exploration of DPO, SFT,

IPO, and RSO. Suclexibility enables it to capitalize on the
distinct bene ts of different approaches, potentially offering
widespread implications for LLMs.

Over tting to Pairwise Data.  As the training progresses,

the learned model might overt to the pairwise training Acknowledgements. This work is partially supported by
data (Azar et al., 2024). This over tting could affect some the National Science Foundation under grant No. 1910100,
capabilities implicitly learned during pretraining, as implied No. 2046726, No. 2229876, DARPA GARD, the National
by the performance drop on core functionality benchmarkfAeronautics and Space Administration (NASA) under grant
in later iterations during gradual self-truthifying, which is no. BONSSC20M0229, the Alfred P. Sloan Fellowship, and
shown in Figure 8 in Appendix D.3. This impact might lead the Amazon research award.
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A. More Details about Experimental Setup de ned in the demonstrations, which would be excluded.
. . . _ . In total, this process results in 1092 pairs of truthfulness
In thls section, we will provide more details about the ex'training data. In Step 1 of gradual self-truthifying, we create
perimental setup. pairwise answers to questions in 1092 truthfulness training
data. If a generation is consistent with the designated for-
Models. In Section 4.2, we report the performance of dif- mat, the original correct answer is substituted with this new
ferent models across various benchmark datasets. Mogkneration; if not, the initial correct answer is retained.

results come from the Open LLM LeaderBoard (Beeching o o
et al., 2023). In particular, for the Zephyr model (Tunstall !N Self-truthifying and Step 2 of gradual self-truthifying,

etal., 2023), we adopt the results of its beta version insteay® @dopt DPO to ne-tune the model for 1000 steps. In
of the alpha version. In ablation studies, i.e., when invegP@rticular, we implement DPO (Rafailov et al., 2023) us-

tigating the factors that affect the truthfulness learned ii"9 the Transformer Reinforcement Learning (TRL) library
self-truthifying and gradual self-truthifying, we uniformly (von Werra et al,, 2020). We adopt the default parameter

use Llama2-Chat-7B as the pretrained base model in affon gurations and implement DPO using one RTX A6000
experiments. GPU. Moreover, to enable an ef cient training, we utilize

the parameter-ef cient technigue—LoRA (Hu et al., 2022),
. : setting its rank as 8, alpha as 16, and dropout parameter as
Baseline Methods. RepE (Zou et al,, 2023) provides a 0.05. Within the above setup, one step in DPO takes about

variety of representation engineering methods to improv%f seconds and one DPO execution takes about one hour
a model's different capabilities. Here, we select the pro- '

posed honesty control method LORRA, which could en- ] )
hance the model truthfulness as evidenced by the improveB. Prompting Template Details

performance on TruthfulQAS MC1 task. Since they do nOtln this section, we will illustrate the prompting templates

publish their performance on the leaderboard, we use th.eFor generating pairwise truthfulness data. Figure 10 and
open-source codes tp reproduce the_LoRRA method Wm_JLl represent the templates for Llama2-Chat models and
Llama2-Chat-7B serving as the pretrained base model. Th ephyr models, respectively. Speci cally, we utilize six

reported results in Table 2 are consistent with those in theibA primer examples from TruthfulQA as few-shot demon-

paper. strations. $questio$ in the prompt will be replaced by

. . guestions from the given dataset.
Datasets and Evaluation Metrics. We follow the evalua-

tion con gurations, including the zero/few-shot setting, and Recall that in Section 4.3.1, we merge the ground-truth
procedures outlined in the Open LLM LeaderBoard, utiliz-answers into the prompt. The corresponding template is il-
ing the same Language Model Evaluation Harness librarjustrated in Figure 12. Compared to the above templates, we
(Gao et al., 2021) to implement the evaluation. The leadedd a candidate correct answer and a candidate incorrect an-

board covers a variety of benchmark datasets, of which wewer to each demonstration and the nal prompt. And these
select four for our experiments: ARC-Challenge (Clarkcandidate answers come from the annotated dataset—ARC-
et al., 2018), HellaSwag (Zellers et al., 2019), MMLU C.

(Hendrycks et al., 2021), and TruthfulQA (Lin et al., 2022).

Speci cally, ARC-Challenge and HellaSwag are utilized C. Examp|es of Pairwise Truthfulness Data

to gauge the commonsense reasoning abilities of language

models, with normalized accuracgG.om) Serving as the  In Figure 13, we illustrate some examples of the pairwise
evaluation metric. MMLU, designed to test multi-task lan-truthfulness training data used O*! andDP O?. The
guage understanding, Comprises numerous subtasks. He‘@? examples illustrate instances in which both generated
we use accuracyatq for each subtask and calculate the correct answers are ground-truth correct. The middle exam-
average as the nal metric for MMLU. TruthfulQA, on the Ples showcase scenarios where both of the generated correct
other hand, is employed to evaluate the truthfulness of larRnswers are ground-truth incorrect. The bottom examples
guage models, particularly their capacity to avoid imitativedisplay situations where the initially generated correct an-
falsehoods. As detailed in Section 4.1, we employ MC1swer (the one used iBP O?) is ground-truth incorrect,
(mc1) and MC2 accuracy (mc2) as the metrics for assessinghereas the subsequent one (the one usdaFD?) is
performance on TruthfulQA. ground-truth correct.

_ _ _ o The ground-truth incorrectness of some generated correct an-
Implementation Details. When creating pairwise truth- swers might indicate that GRATH makes the model improve
fulness training data, we prompt the pretrained model tats truthfulness via learning from thelative differencéoe-

generate pairwise answers to all questions in ARC-C. Howtween generated correct and incorrect answers, instead of
ever, the model generations might not follow the format
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theabsolute truthfulnessf the generated correct answers.

D. More Experimental Results
D.1. Effectivess of GRATH

In addition to Zephyr and Llama2-Chat-7B, we also apply

the proposed method GRATH on a model of larger sdade,

Llama2-Chat-13B. As shown in Table 4, GRATH markedly

boosts the MC1 and MC2 accuracy by 16.65% and 13.71%,

respectively. Concurrently, it marginally enhances perfor-

mance on the ARC and HellaSwag datasets, albeit with little

decrement in performance on MMLU. The results demon-

strate that GRATH acts as a potent post-processing methogy,re 7 performance of GRATH on four benchmark datasets with

signi cantly strengthening the truthfulness of the modelsyarying ne-tuning steps.

while preserving other core capabilities with minimal detri-

ment.
ndings suggest that, on one hand, GRATH effectively en-
hances performance on Truthful QA within just a few itera-

Table 4.Performance of GRATH and the corresponding pretrainedtions without detrimentally affecting other capabilities. On

base model—Llama2-Chat-13B. the other hand, extending the number of iterations leads

Model Size ARC gfv':; MMLU Tlv?cAl T,\?CAZ toa de.teri.oration in oyerall pt_arformance, Ii_ker due Fo the

over tting issue associated with DPO, as discussed in Sec-
tion 4.3.2. Consequently, we SEtpo = 2 (equivalent to

T = 1) for our experimental setup.

Llama2-Chat-13B 13B 59.13 8194 5461 28.03 43.95
GRATH{jamaz2-chat-138 13B 65.87 83.86 52.57 44.68 57.66

D.2. Towards Understanding How to Learn
Truthfulness in Self-Truthifying

— How does the number of ne-tuning steps affect the model
truthfulness as well as other core capabilities?

We illustrate the variation of the model performance on
benchmark datasets across ne-tuning steps in Figure 7. As
the ne-tuning progresses, there is a notable improvement
in both MC1 and MC2 accuracy on TruthfulQA, with the
metrics stabilizing around the 1000th step. Conversely, the
performance on ARC-C, HellaSwag, and MMLU almost
maintains consistency throughout ne-tuning. Therefore,

we adopt 1000 ne-tuning steps in our experiments. Figure 8.Performance of GRATH on four benchmark datasets with
varying iterations. Note that the performance on TruthfulQA's
D.3. Towards Understanding How to Learn MC2 task is not reported since MC2 accuracy becomes NaN at the
Truthfulness in Gradual Self-Truthifying third iteration.

— How does the number of iterations affect the model truth— How does the choice of reference model in DPO affect the
fulness as well as other fundamental abilities? performance of the learned moddl? GRATH, we set the
reference model as the current base model when applying
Bro. But, an alternative exists—using the pretrained model
as the reference model, which means that the reference
model in DPO is xed across iterations.

Figure 8 displays the changes in model performance o
benchmark tasks across iterations. Initially, within the rst
few iterations, there is a signi cant improvement in the
model performance on TruthfulQAs MC1 task, while the
results on other datasets remain relatively stable. Howeverp explore this, we x the reference model as the pretrained

beyond a certain number of iterations, a decline in performodel, execute GRATH for 10 iterations, and assess the

mance is observed across all datasets. Notably, the MC2erformance on benchmark datasets, as depicted in Figure
accuracy on Truthful QA registers as NaN starting from the9. The transparent lines represent the scenario where the
third iteration, which is not presented in the gure. Thesecurrent base model serves as the reference (corresponding
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to Figure 8's results), whereas the dotted lines symbolizé.4. Results on More Tasks

the use of the pretrained model as the reference. We oIP— hi del hful . h
serve that the results on ARC-C, HellaSwag, and MMLU nt IS paper, we assess mode truthiuiness using the
remain steady, suggesting a preservation of the model'@U|t'ple'Cho'.qe (M.C) tas}(s from TruthfulQA, \.Nh'Ch are
core capabilities. On the other hand, there is a consister@Ornmonly utilized in previous qurk and recogmzed by. the
enhancement in model performance on TruthfulQA, indica- pen LLM Leaderboard. In a_ddltlon, a generaﬂ_ve taskiis in-
tive of a gradual improvement in model truthfulness. Notetmducr‘\OI in TruthiulQA. On this task, the model_ is prompted
that MC2 accuracy is omitted in Figure 8 due to the potenEo generate aone- to two-sentence answer in response to
tial non-applicability (NaN); however, with the pretrained agien questhn. Hovx{ever, the e_valuauon process.for this
model as the reference, MC2 accuracy won't become Nal\tlaSk involves either using a propne'tary.LL.M Fo predict the
but instead exhibits an increase. Despite this stable growﬂt{uthfulness of the answer or applyln_g S|m|lgr|ty-based met-
it's noticed that the optimal performance on TruthfulQA rics from natural language generation which cannot fully
does not reach the levels achieved when the current ba&gpture human assessments of truthfulness.

model is used as the reference. Nevertheless, here we present the results on this generative
The results are reasonable since if using the pretrainleiESk' Sptec: cgl(l))é,owe rst tﬂe-tung;hg dav;nq—OOj tGPT q
model as the reference model, DPO's objective functio thg?lwr?r(?mi;t,it toju) dléysemv?/hefhzrroz\i”meo dgl'es- rirgggnsaeailsagor
will apply a regulation factori(e.,, ) to limit deviations ) L ; )
PRl 9 ( ) ’fect or not. Besides, we adopt similarity metrics, BLEURT

from the pretrained model. Consequently, compared to th . . .
scenario where the current base model is the reference, tuéellam et al,, 2020) and ROUGEL (Lin, 2004) in partic-

learned model is more similar to the pretrained model, yieldf a, to gjellntlfy the closist (t:ﬁ"eCt and [[nc&rrect answers
ing stable results across ARC-C, HellaSwag, and MMLU 0 @ Modets response. YVe then compute the accuracy by

Nevertheless, this regulatory effect also means that gains inompanng whether the similarity to th_e closest correct an-

truthfulness are slower and less pronounced. swer is gregter than that to the closest !ncorrect aréisjvovqer. The
results are illustrated in Table 5. In particUl&RATH 5 maz

In summary, if a model trainer cares more about the indenotes GRATH applied with DP@times and ( xed ef)

uence on the model's core capabilities and there is lessndicates that DPO's reference model is xed as the pre-

concern for rapid and signi cant enhancements in truthfultrained base model, rather the current base model, during

ness, then the pretrained model should serve as the referengeadual self-truthifying.

Conversely, if a model trainer prioritizes ef ciency and sub-

stantial gains in truthfulness—and is willing to accept minor

impacts on core capabilities—then opting for the currentable 5.Performance comparison between the pretrained base

base model as the reference and executing GRATH for onlj'°de! €. Llama2-Chat-7B) and GRATH with different con-

a few iterations emerges as a highly ef cient and effective gurations on TruthfulQA benchmark. MC1 ACC and MC2 ACC
approach. denote accuracy on multiple-choice tasks while the others repre-

sent accuracy on the generative task. The best results are in bold
and the second best results are underlined.

Model ‘ MC1 MCZ‘ BLEURT ROUGEl1 GPT

ACC ACC| ACC ACC  ACC
Llama2-Chat-7B 30.2 453| 51.8 46.0 24.2
GRATHPRS 413 56.2| 552 482 255
GRATHPFC 547 69.1| 54.6 34.6 8.69
GRATHPRO, (xed o) | 484 64.3 | 60.5 51.0 24.4

Compared to the pretrained base mo@RATHPPY  ex-
hibits improvements on both multiple-choice and generative
tasks, suggesting that the proposed self-truthifying method
effectively enhances the model's ability to choose truth-
ful answers and generate truthful responses. In contrast,
GRATHPPO _ achieves SOTA accuracy on the multiple-
. _choice tasks but does not perform as well on the generative
Figure 9.Performance of GRATH on four benchmark datasets V.V'th&ask. This indicates that when DPO's reference model is set
varying iterations. The dotted lines indicate using the pretraine

model as the reference model in DPO while the transparent line s_the current Ibase_ model, gradual self-truthifying may im-
indicate using the base model as the reference model in DPO. pair the model's ability to generate truthful statements. On
the other hand, when the reference model for DPO is xed

as the pretrained base model, the resulting model performs

15



GRATH: Gradual Self-Truthifying for Large Language Models

exceptionally well on both tasks, with a 18.9% improvement
in MC2 ACC and an 8.7% increase in BLEURT ACC. These
results demonstrate that by adding regularization towards
the pretrained base model, the proposed method effectively
enhances the model's ability to identify as well as generate
truthful text.

Overall, GRATH offers various ways to enhance the truth-
fulness of LLMs for different objectives. Speci cally, self-
truthifying alone can signi cantly improve the model's abil-

ity to identify and generate truthful text. To further enhance
the capability of identifying truthfulness ef ciently, one
could set DPO's reference model as the current base model
and apply gradual self-truthifying over few iterations. Con-
versely, to achieve strong performance across both tasks, the
optimal approach involves xing DPO's reference model
as the pretrained base model and conducting gradual self-
truthifying for several iterations.

E. Other Discussions

Evaluation of Model Truthfulness. In this paper, we
evaluate model truthfulness using TruthfulQA's multiple-
choice (MC) tasks, as these tasks are widely adopted by prior
work as well as the Open LLM Leaderboard. Additionally,
the Truthful QA benchmark introduces a generative task. We
report the results on this task in Appendix D.4.

On the whole, existing benchmarks for evaluating model
truthfulness are limited due to the inherent challenges in
de ning and measuring this concept. Here, we provide some
potential directions for evaluating model truthfulness from

different perspectives:

e Evaluating an LM's internal truthfulness: One way to
measure an LM's internal belief of truthfulness is by
assessing how well truthful and untruthful statements
can be separated within the representation space.

¢ Evaluating an LM's external truthfulness: Given that
world knowledge is constantly updated, one approach
to evaluating the truthfulness of an LM's outputs is to
measure the semantic similarity between the generated
text and the information retrieved from a knowledge
base. In addition to truthfulness, informativeness and
uency are also crucial for model outputs. Therefore,
developing a comprehensive benchmark that evaluates
all these desired properties is necessary.

« Evaluating the gap between an LM's internal and ex-
ternal truthfulness: This involves testing whether the
model generates responses honestly, bridging the gap
between what the model knows internally and what it
outputs externally.

16



GRATH: Gradual Self-Truthifying for Large Language Models

Figure 10.Prompting template for Llama2-Chat models. $question$ in the prompt will be replaced by questions from the given dataset.
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Figure 11.Prompting template for Zephyr models. $question$ in the prompt will be replaced by questions from the given dataset.
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