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Abstract

Large Language Models (LLMs) perform well
across diverse tasks, but aligning them with hu-
man demonstrations is challenging. Recently,
Reinforcement Learning (RL)-free methods
like Direct Preference Optimization (DPO)
have emerged, offering improved stability and
scalability while retaining competitive perfor-
mance relative to RL-based methods. However,
while RL-free methods deliver satisfactory per-
formance, they require significant data to de-
velop a robust Supervised Fine-Tuned (SFT)
model and an additional step to fine-tune this
model on a preference dataset, which con-
strains their utility and scalability. In this paper,
we introduce Triple Preference Optimization
(TPO), a new preference learning method de-
signed to align an LLM with three preferences
without requiring a separate SFT step and using
considerably less data. Through a combination
of practical experiments and theoretical analy-
sis, we show the efficacy of TPO as a single-
step alignment strategy. Specifically, we fine-
tuned the Phi-2 (2.7B) and Mistral (7B) mod-
els using TPO directly on the UltraFeedback
dataset, achieving superior results compared to
models aligned through other methods such as
SFT, DPO, KTO, IPO, CPO, and ORPO. More-
over, the performance of TPO without the SFT
component led to notable improvements in the
MT-Bench score, with increases of +1.27 and
+0.63 over SFT and DPO, respectively. Addi-
tionally, TPO showed higher average accuracy,
surpassing DPO and SFT by 4.2% and 4.97 %
on the Open LLM Leaderboard benchmarks.

1 Introduction

LLMs are trained across a wide array of tasks,
demonstrating their remarkable versatility in solv-
ing diverse tasks (Brown et al., 2020; Narayanan
et al., 2021; Bubeck et al., 2023). However, their
training on data of varying quality can lead to many
issues, such as the generation of toxic or harmful
text under certain contexts (Perez et al., 2022; Gan-
guli et al., 2022), and in general, the generation of
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Figure 1: Comparison of the loss functions of TPO and
DPO. TPO’s loss function incorporates two main ob-
jectives. Its first term optimizes the log probability of
preferences (Lpreference (7)), Which demonstrates that
optimizing preferences doesn’t necessitate a reference
model (See Section 3). Through its second term, TPO
aims to learn the gold standard response (L cference)-
This aspect of the loss function is regulated by a pa-
rameter «, which serves as a parameter controlling the
extent to which the policy model learns the gold stan-
dard response.

outputs that are not desired by humans. Hence, it
is crucial to align LLMs with human expectations
and preferences that prioritize their helpfulness,
honesty, and harmlessness (Bai et al., 2022).

Supervised Fine-Tuning (SFT) is a direct align-
ment method that involves fitting a model to human-
written data (Sanh et al., 2022). However, this ap-
proach fails to fully impart the human perspective
to the model. During training, the model only re-
ceives a reference response for each input, thus
lacking exposure to incorrect answers and prefer-
ences, which ultimately constrains its performance
on downstream tasks (Touvron et al., 2023).

A prominent method in Al alignment for LLMs



is Reinforcement Learning with Human Feedback
(RLHF) (Ouyang et al., 2022). Despite its impres-
sive performance relative to SFT, RLHF faces limi-
tations such as instability and susceptibility to re-
ward hacking (Liu et al., 2024). Consequently, a
recent approach called Direct Preference Optimiza-
tion (DPO) (Rafailov et al., 2023) has emerged.
DPO is an RL-free method that directly optimizes
human preferences by shifting from RL to simple
binary cross-entropy. However, DPO encounters
several limitations: 1) high dependency on the SFT
part (Tunstall et al., 2023), 2) tendency to overfit
beyond a single epoch (Azar et al., 2023), and 3) in-
efficient learning and memory utilization (Xu et al.,
2024).

To address these limitations, various alignment
methods have been proposed for dialogue systems
(Tunstall et al., 2023), harmful and helpfulness
question answering (Wu et al., 2023), summariza-
tion (Zhao et al., 2023), and translation (Xu et al.,
2024) and all these studies include a separate SFT
component. During SFT, models are fine-tuned to
generate appropriate responses to the correspond-
ing input prompts. Meanwhile, in DPO, models are
fine-tuned to enhance the likelihood of generating
preferred responses over less desirable ones and
not to stray far away from the SFT model (Rafailov
et al., 2023).

In this paper, we introduce the Triple Pref-
erence Optimization (TPO), a new preference
learning approach. In TPO, we combine the
two separate optimization steps (supervised
fine-tuning and preference learning) into a single
step based on Pareto Front concept (Lotov and
Miettinen, 2008), with the training data having
both the gold standard response (as in SFT) and
the preferences (as in PPO/DPO) in a consolidated
format. Thus, our training data will be of the
form (input prompt, gold standard response (Y, ),
preferred response (yy,), less-preferred response
(y1)). Specifically, we jointly optimize a policy
model with —E(Ivymf)ND [log g (Yref | )] and
~E(z,yy)~p [log o (Blogme (yu | ) —Blogme (1 | ))]
in one step (See Figure 1).

Our results show that TPO exhibits impres-
sive performance compared to SFT across vari-
ous benchmarks and outperforms other alignment
methods such as DPO. Specifically, Mistral (7B),
fine-tuned by TPO and trained with six times less
data than other alignment techniques, outperforms
SFT, DPO, KTO, IPO, CPO, and ORPO across nine

benchmarks on the Open LLM Leaderboard. No-
tably, Mistral aligned with TPO achieved a +0.72
increase in the MT-Bench score over SFT.

Overall, TPO addresses two key shortcomings in
alignment tasks. Firstly, by removing 7. justified
in Section 3, TPO mitigates the inefficient learning
and memory utilization issues observed in DPO,
IPO, and KTO, allowing for more computational
efficiency with less memory usage. Secondly, TPO
enhances performance over SFT and other align-
ment methods by maximizing the likelihood of
gold response, regularized by parameter cx. and si-
multaneously optimizing between two preferences
(preferred and less-preferred responses). Despite
TPO’s need for three preferences and its higher cost
relative to other methods, our findings reveal that
it’s possible to considerably lessen the training data
required and still achieve superior outcomes (See
Table 1).

Our findings suggest that a separate SFT step
is not necessary for TPO and, in certain scenarios,
having one may even hinder TPO’s performance
(See Tables 1 and 2).

We summarize our primary contributions as fol-
lows:

1. We propose a new preference learning method
called Triple Preferences Optimization (TPO)
that simplifies the alignment process and re-
duces two stages to one stage.

2. Theoretically, we derive the TPO objective
and show that combining the human expec-
tation data and preference dataset achieves
better performance.

3. Comprehensive experiments reveal that the
TPO method, applied to two distinct base-
line models—Mistral (7 B) and Phi-2 (2.7
B)—outperforms SFT, KTO, IPO, DPO, CPO,
and ORPO in terms of performance across ten
different benchmarks (refer to Tables 1, 2, and
3).

4. Integrating the SFT step with the preference
alignment step and moderating it with a regu-
larization parameter () enhances the model’s
performance while reducing the data required
for training (See Figure 3).

2 Related Works

The performance of Large Language Models
(LLMs) on a variety of tasks are remarkable (Anil
et al., 2023). Nonetheless, effectively aligning
LLMs remains a significant challenge. Current



studies have fine-tuned LLMs using datasets of
human preferences, leading to improvements in
translation (Kreutzer et al., 2018), summarization
(Stiennon et al., 2022), story-telling (Ziegler et al.,
2019), instruction-following (Ramamurthy et al.,
2023), and dialogue systems.

RLHF (Christiano et al., 2023) aims to optimize
for maximizing the expected reward by interacting
with a reward model trained using the Bradley-
Terry (BT) model (Bong and Rinaldo, 2022), typi-
cally through RL-algorithms like Proximal Policy
Optimization (Schulman et al., 2017). While RLHF
enhances model performance, it faces challenges
such as instability, reward hacking, and scalability
inherent in RL-settings.

Recent works (Zhao et al., 2023; Yuan et al.,
2023) have presented techniques to overcome these
challenges by optimizing relative preferences with-
out relying on reinforcement learning. In partic-
ular, DPO (Rafailov et al., 2023) offers a method
to directly fit an SFT model to human preferences
using the Bradley-Terry (BT) model, providing the-
oretical insights into the alignment process. How-
ever, IPO (Azar et al., 2023) has mathematically
revealed the limitations of the DPO approach con-
cerning overfitting and generalization. It proposes
a comprehensive objective for learning from hu-
man preferences. Zephyr (Tunstall et al., 2023) has
improved DPO by utilizing the distillation method.

KTO (Ethayarajh et al., 2023), drawing inspi-
ration from Kahneman and Tversky’s influential
work on prospect theory (Tversky and Kahne-
man, 1992), seeks to maximize the utility of LLM
outputs directly rather than optimizing the log-
likelihood of preferences. By prioritizing the de-
termination of whether a preference is desirable
or undesirable, this method eliminates the require-
ment for two preferences for the same input.

Recently, CPO (Xu et al., 2024) introduced an
efficient method for learning preferences by com-
bining maximum-likelihood loss with the DPO loss
function, aiming to improve memory usage and
learning efficiency. Additionally, ORPO (Hong
et al., 2024) proposed a novel approach by incor-
porating a penalty term to prevent the learning of
unpreferred responses while enhancing the likeli-
hood of learning preferred responses.

We observe two primary challenges in the
alignment process addressed in mentioned stud-
ies. Firstly, alignment methods like DPO require
an SFT component or perform better with one.

Secondly, there are concerns regarding inefficient
learning and memory usage. Although the CPO
approach has shown effectiveness in learning, con-
flicts between its objectives may limit the policy
model’s performance. In this research, we explore
these limitations and propose a new algorithm to
address them.

3 Triple Preference Optimization

In this section, we introduce Triple Preference
Optimization (TPO), a new approach to prefer-
ence learning. This method optimizes a policy
model (7my) by maximizing the likelihood of the
gold response and optimizing for the preferences
simultaneously.

Typically, in NLP tasks, we utilize a dataset
Dreference = {at, y};e f}fvzl, where z is the input
and y,.; is the gold standard response, crafted
by humans or large models like GPT-4 and
validated by humans. Additionally, for applying
preference optimization methods, a dataset
Dyreference = {2ty yi 1Y, is needed, where
1w and y; are the preferred and unpreferred re-
sponses respectively, generated by smaller models
such as LLaMA-3. The aim of TPO is to optimize
three preferences concurrently. To achieve this, we
merge the reference and preference datasets
into one dataset Dypo = {x', y};ef, vl yli}f-V:l, es-
tablishing a response hierarchy of y.cr = yu, = 1.
Further details on the TPO objective will be
discussed in the following subsection.

3.1 Deriving the TPO objective

Motivated by the goal of simplifying the alignment
process to a single step and enhancing the learn-
ing mechanisms of the DPO, we derive the TPO
objective. We start with a simple RL objective
for aligning an LLLM parameterized with 6, repre-
sented as g with preferences. The RL objective is
just maximizing the expected reward (Ziegler et al.,
2019) as shown in Equation 1:

H;%X [Ea}ND,yNW@ (y|z) [T¢ ($7 y)]] (1)

where 74 represents the expected reward that the
model receives for a given input x and output
y. However, maximizing the reward without con-
straints can lead to distribution collapse in an
LLM. Drawing inspiration from the Maximum
Entropy Reinforcement Learning (MERL) frame-
work (Hejna et al., 2023), we have modified the



RLHF objective, as detailed in Equation 4. The
MERL framework aims to maximize causal entropy
alongside the expected reward. This objective is
formally defined in Equation 2.

maxBop [Byry(yir) 1o (2, 9)] + B, (y]2)]
(2

By definition of Entropy,

oy (yl2) = = D _ molylo)log(me(yl2)) (3

Y

The objective becomes,

H}F%XExND’ywﬂe(y|$) [7“¢($, y) — Blogmg(yl|z)]
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Based on this, the optimal policy model induced
by a reward function 7(z,y) could be derived as
shown in Equation 5 (See Appendix A.1). It takes
the following form:

1 1
7@ P (Gr@y) O

™ (ylr) =

where Z(z) = 3_, exp (%r(x, y)) is the new par-
tition function. Inspired by (Rafailov et al., 2023),
we show that the reward function, in terms of the
optimal policy that it induces, is calculated as per
Equation 6 given below:

r(z,y) = Blogm (y|z) + Blog Z(z)  (6)

Subsequently, we can represent the ground-truth
reward r*(z,y) in the form of its corresponding
optimal policy 7* that it induces.

Since the Bradley-Terry model is dependent only
on the difference between the two reward functions,
ie, p (Yo > wilz) = o(r*(z,yw) — r*(z, 1)),
where, we can reparameterize it as follows in Equa-
tion 7:

P o > 1 | 2) = a(mogmyw | 2)
@)
I T—— x))

Similar to the reward modeling approach, we
model the human preferences, which is now in

terms of a parameterized policy my. Thus, we for-
mulate maximume-likelihood objective (preference
objective) for a dataset D = {:c’,yzu,yf i]\;l as
outlined in Equation 8:

£preference (77-9) == E(wvywvyz)ND
[mgg(ﬁ log mo(yw | ) (8)
— Blogmo(y: | 56))}

Looking at the Equation 8, the objective is fitting
an reward which is reparameterized as r(z,y) =
Blogm(y|x). In section 3.2, we theoretically ex-
plain that fitting this reward would ultimately re-
cover the optimal policy.

The comparison between the loss function in
Equation 8 and the DPO loss function indicates
that the new function is more efficient because it
requires only one model during training. How-
ever, even though maximizing the objective under
the MERL setting prevents distribution collapse, it
trains a pessimistic model, which also limits the
model from learning the preferred responses effec-
tively. To counteract this limitation, we maximize
the likelihood of the gold response. The adjustment
is specified in Equation 9.

Lreference = _E(LyTef)ND [log o (yref | l’)]
)
Based on Equations 8, and 9, the TPO is de-
fined as a multi-objective (bi-objective) optimiza-
tion problem as supported by Pareto Front con-
cept (Lotov and Miettinen, 2008). The TPO loss

function is framed as follows:

Lrpo = ﬁpreference + aLreference (10)
where hyper-parameter («) plays a crucial role in
moderating the model’s learning of the gold re-
sponse. The impact of the o on the model’s perfor-
mance is detailed in Section 4.3.

Insights into the TPO update. A deeper mech-
anistic understanding of TPO can be achieved by
analyzing the gradient of the L1po loss function.
The expression of this gradient in relation to the
parameters 6 is as follows:



VoLrro = — By, . s yw.v)~D [@Velog T(yres|T)
+ Bo(Blog mo(yi|z) — Blog o (yw|z))
increase weight when reward estimate is wrong
x [ Vologm(yw|z) — Velogm(yilz)]] (11)

increase likelihood of 44,

decrease likelihood of y;

where r(z,y) = flogmy (y | x) is the reward in-
herently determined by the policy model 7y. In-
tuitively, the gradient of the TPO loss function
works to increase the likelihood of the gold com-
pletions ;.. ¢, simultaneously enhancing the pref-
erence aspect by amplifying the likelihood of pre-
ferred completions y,, and reducing the likelihood
of the less-preferred completions y;, which are
weighed by how incorrectly the implicit reward
model orders the preferences. (more details on Ap-
pendix A.2). Notably, the hyper-parameters /5 and
a significantly influence the performance of the
policy model, as discussed further in Section 4.3.

3.2 Theory behind TPO

In this section, we provide a theoretical founda-
tion for the TPO algorithm, drawing inspiration
from (Rafailov et al., 2023). We observe that the
preference optimization objective aligns with the
principles of a Bradley-Terry model, where the
reward parameterization is defined as r(z,y) =
plog m,(y|x). Consequently, we optimize our para-
metric model 7y in a manner similar to reward
model optimization, as shown by (Ouyang et al.,
2022). We expand on the theory underlying this
reparameterization of the reward function, illustrat-
ing that it does not constrain the range of reward
models that can be modeled and ensures accurate
retrieval of the optimal policy. We initiate this dis-
cussion by following the insights presented in DPO
about the equivalent class of reward models.

Definition 3.1 Two reward functions r(z,y) and

v (x,y) are equivalent iff r(z,y) —r (z,y) = g(x)
for some function g.

We can state the following two lemmas as it
is apparent that there exists an equivalence relation,
dividing the set of reward functions into distinct
classes.

Lemma 3.1 Under the Plackett-Luce, and in par-
ticular the Bradley-Terry preference framework,
two reward functions from the same class induce

the same preference distribution. (Rafailov et al.,
2023)

Lemma 3.2 Two reward functions from the same
equivalence class induce the same optimal policy
under the constrained RL problem. (Rafailov et al.,
2023)

The proofs are shown in Appendix A.3.

Theorem 3.1 Under mild assumptions, all re-
ward classes consistent with Plackett-Luce mod-
els can be represented with the reparameteriza-
tionr(z,y) = Blog w(y|x) for some model 7(y|x).
(Rafailov et al., 2023)

As proposed in DPO, upon imposing certain
constraints on the under-constrained Plackett-Luce
family of preference models, such that we preserve
the class of representable reward model, it possi-
ble to explicitly make the optimal policy in Equa-
tion 5 analytically tractable for all prompts z. The
theorem is elaborated in Appendix A.4. We fur-
ther elaborate our theoretical basis for defining and
optimally addressing the TPO objective within a
multi-objective optimization framework.

Definition 3.2 Ler f; denote it" objective, S
denote the feasible policy space, then in a multi-
objective optimization setting, a policy m* € S is
said to be Pareto optimal if there does not exist
another policy m € S such that f;(w) < f;(7*) for
alli = 1,...,k and fj(m) < f;(7*) for at least
one index .

Looking at the objectives in Equation 8 and
Equation 9, it is obvious that optimizing them
together is non-trivial; that is, there does not
exist a policy that is optimal with respect to both
objectives. It can be seen that the objectives
are conflicting with each other, especially when
Yref ~ Yw, @S One objective is maximizing the
log probability and the other is minimizing the
log probability. This means that the objectives are
at least partly conflicting. For a multi-objective
problem, (Miettinen, 1999) show that optimizing
one objective and converting the other objective/s
as a constraint with an upper bound, the solution to
this € — constrained problem is Pareto optimal.
This shows that optimizing the TPO objective,
which is a bi-objective problem, gives an optimal
policy that is Pareto optimal as defined in 3.2.

4 Experiments and Results

In this section, we present a comprehensive em-
pirical analysis of TPO, yielding several key find-



Model Align ‘ ARC TruthfulQA Winogrande HellaSwag MMLU Average
Mistral SFT 60.41 43.73 74.19 81.69 60.92 64.18
Mistral+SFT DPO 59.04 46.70 76.63 82.10 60 64.91
Mistral+SFT PO 59.30 42.22 76.4 81.02 59.93 63.77
Mistral+SFT KTO 57.84 49.88 76.47 81.61 59.73 65.1
Mistral+SFT CPO 57.50 53.22 75.92 80.37 58.41 65.08
Mistral ORPO 58.61 52.77 77.5 82.04 63.26 66.83
Mistral+SFT TPO (our) 58.02 59.05 76.47 80.6 59.48 66.72
Mistral TPO (oura=115=0.1) | 61.34 60 78.21 83.18 63.18 69.18
Mistral TPO (our « = 0.915 =10.2) | 60.23 57.34 78.29 83.01 63.75 68.52

Table 1: Comparing TPO’s performance with other alignment methods reveals that the Mistral+ TPO model exhibits
comparable performance across different benchmarks and, on average, outperforms other methods. In particular,
Mistral+TPO performed remarkably on the TruthfulQA benchmark. It’s worth noting that the Mistral+TPO model is
directly trained with TPO, which contributes to its superior performance. Additionally, for all benchmarks, accuracy
is the metric used to gauge performance. More detail about ORPO in Appendix B.1.

Model Align MT-Bench | BB-causal BB-sports BB-formal | OpenBookQA
Mistral SFT 5.94 51.57 61.76 514 43.8
Mistral+SFT CPO 6.2 49.47 70.68 51.07 44.6
Mistral+SFT DPO 6.64 52.1 71.9 51 46.2
Mistral+SFT IPO 6.43 51.57 65.01 51.22 44.6
Mistral+SFT KTO 6.48 53.68 73.42 51.33 45.8
Mistral ORPO 5.47 54.21 73.93 50.4 444
Mistral+SFT TPO (our) 6.66 54.21 73.93 50.84 45.6
Mistral TPO (our o =115 =10.1) 6.22 55.26 73.63 51.06 48.2
Mistral TPO (our o = 0.915 =0.2) 6.66 56.31 73.32 50.5 47.8

Table 2: In our comparison of TPO with other alignment methods across more benchmarks, Mistral+SFT+TPO
and Mistral+TPO emerge as the top performer, surpassing other methods in MT-Bench and BB-causal, BB-sports,
OpenBookQA. For BB-causal, BB-sports, BB-formal, and OpenBookQA, performance is evaluated based on
accuracy, while MT-Bench uses a scoring system generated by GPT-4. More detail about ORPO in Appendix B.1.

ings: 1) Phi-2+TPO and Mistral+TPO trained on
10K data outperform Phi-2+SFT and Mistral+SFT
trained on 200K data by 12.7% and 7.2% on MT-
Bench respectively. 2) Phi-2 fine-tuned with TPO
surpasses the performance of models aligned with
other methods on the MT-Bench. 3) Similarly, Mis-
tral fine-tuned with TPO exceeds the performance
of other alignment techniques across the majority
of Open LLM Benchmarks. 4) Within the TPO
method, the hyper-parameters « and 3 play a criti-
cal role in influencing performance outcomes. 5)
An ablation study focusing on batch size adjust-
ments reveals that enlarging the batch size leads to
improved performance for models optimized with
TPO.

4.1 Experimental Setup

Models. All experiments were conducted using
zephyr-sft-full and Mistral-7B-v@.1 as Mis-
tral (7 B), and Phi-2 (2.7 B) (Javaheripi et al., 2023).
We utilized the Transformer Reinforcement Learn-

ing (TRL) library for fine-tuning (von Werra et al.,
2020). It’s noted that the notation "+" is used to
indicate that a model has been fine-tuned with a
specific algorithm, such as "+TPQO". Further train-
ing details for each method are in Appendix B.

Datasets. In this study, we employ two dialogue
datasets: 1) UltraChat (Ding et al., 2023) and
2) UltraFeedback (Cui et al., 2023). UltraChat
comprises 200k examples generated by GPT-3.5-
TURBO across 30 topics and 20 text material types,
offering a high-quality dataset utilized for train-
ing the SFT model. Meanwhile, UltraFeedback
consists of a 64K set of responses generated by
state-of-the-art models such as LLaMA-2 evalu-
ated by a teacher model such as GPT-4. To train
TPO, which requires three preferences, we create
a custom dataset from the UltraFeedback dataset.
Here, the response with the highest score serves as
the reference response, the second-highest score as
the chosen response, and the lowest score as the



rejected response. In light of findings from (Saeidi
et al., 2024), which indicate that alignment meth-
ods perform better with smaller training sets on one
epoch, and due to computational limitations, we re-
strict our analysis to 12K (10K for training and 2K
for evaluation) data points, randomly selected from
the custom UltraFeedback dataset (More details in
Appendix B).

Evaluation. We evaluate our models in both
single-turn and multi-turn scenarios using the MT-
Bench benchmark (Ding et al., 2023). MT-Bench
is composed of 160 questions covering eight dif-
ferent knowledge domains, designed to be evalu-
ated by GPT-4. To have a comprehensive evalua-
tion we assess all alignment methods using five
Open LLM Leaderboard benchmarks including
ARC (Clark et al., 2018), HellaSwag (Zellers et al.,
2019), MMLU (Hendrycks et al., 2021), Truthful
QA (Lin et al., 2022), and Winogrande (Sakaguchi
etal., 2019). We further explore the performance of
the models by evaluating them on four benchmarks
from Big Bench (bench authors, 2023), including
Causal Judgment (causal reasoning), Sports Under-
standing (commonsense reasoning), Formal Falla-
cies, and OpenBookQA (Mihaylov et al., 2018).

4.2 Demonstration of TPO Performance

We evaluate the TPO approach against other align-
ment techniques, such as KTO, IPO, CPO, DPO,
and ORPO, using MT-Bench and the Open LLM
Leaderboard Benchmarks. Our comparison in-
volves two distinct model configurations: 1) the
alignment of an SFT model using TPO and vari-
ous other alignment methods, and 2) applying TPO
directly to fine-tune a pre-trained model. Across
all alignment approaches, we utilized Phi-2 (2.7
B) and Mistral (7 B) as the baseline models (More
details in Appendix B). Additionally, we compared
the ORPO method with a version that excludes
the SFT part, the rationale for which is detailed in
Appendix B.1.

MT-Bench. The data presented in Table 3 reveals
that the Phi-2+TPO method outperforms other
alignment techniques, enhancing the MT-Bench
score by 12.7% and 7.2% over Phi-2+SFT+DPO
and Phi-2+SFT, respectively. Remarkably, Phi-
2+TPO achieves this superior performance even
when trained on just 10K data, in stark contrast to
Phi-2+SFT’s training on 200K data (See Table 3).
Additionally, the results in Table 2 demonstrate
that Mistral+TPO surpasses competing alignment

MT-Bench
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Figure 2: The MT-Bench score for various « and
settings in Mistral+TPO illustrates the influence of o on
performance.

methods in MT-Bench scores. Mistral+TPO
trained on 10K data shows a 7.2% improvement
over Mistral+SFT, which is trained on 200K data.

The results in Table 2 and Table 6 in the
Appendix indicate that TPO exceeds the perfor-
mance of other alignment methods, inspite of
the SFT step being skipped (See Appendix C.1).
Furthermore, additional experiments show that
TPO achieves greater improvements over DPO,
KTO, IPO, and CPO by 13.3%, 13.6%, 2.5%, and
13.3% respectively, on SFT trained on 10K data
(See Appendix C.2).

Open LLM Leaderboard Benchmarks. The
primary findings, as detailed in Table 1, high-
light that Mistral+SFT+TPO, on average, sur-
passes other alignment methods. This supe-
rior performance is largely attributed to its no-
table success in the Truthful QA benchmark de-
spite lagging behind Mistral+SFT+DPO in per-
formance. An intriguing observation from the
data is that Mistral+TPO not only excels on
average but also leads in performance across
all benchmarks, showcasing the effectiveness of
the TPO strategy. Specifically, Mistral+TPO
achieved average accuracy improvements over Mis-
tral+SFT, Mistral+SFT+DPO, Mistral+SFT+IPO,
Mistral+SFT+KTO, Mistral+SFT+CPO, and Mis-
tral+ORPO by 4.97%, 4.27%, 5.37%, 4.07%,
4.07%, and 2.35%, respectively. For additional
results, readers are directed to Appendix D.



‘ Alignment Method

Model ‘

+SFT +SFT+DPO +SFT+IPO +SFT+KTO

+SFT+CPO

+ORPO +SFT+ORPO +SFT+TPO +TPO

Phi-2 | 542 6.06 591 6.64

6.42 6.06 4.32 6.18 6.69

Table 3: The comparison of Phi-2’s performance when aligned with various methods on MT-Bench shows that
Phi-2+TPO surpasses other alignment techniques. More detail about ORPO in Appendix B.1.

Exploration on More Benchmarks. For a com-
prehensive evaluation, we assessed the efficacy
of the TPO method against various alignment
strategies across different benchmarks: BB-causal,
BB-sports, BB-formal, and OpenBookQA. As
detailed in Table 2, Mistral+SFT+TPO exhib-
ited superior performance on BB-causal and
BB-sports benchmarks, while it showed less
impressive results on BB-formal and Open-
BookQA. Notably, Mistral+TPO not only en-
hanced the Mistral+SFT+TPO’s outcomes on BB-
causal and OpenBookQA but also surpassed Mis-
tral+SFT, Mistral+SFT+DPO, Mistral+SFT+IPO,
Mistral+SFT+KTO, Mistral+SFT+CPO, and Mis-
tral+ORPO in accuracy by 4.81%, 1.71%, 3.91%,
1.01%, 3.01%, and 1.3%, respectively. Additional
results can be found in Appendix D.

4.3 Ablation Studies

In this subsection, we delve into the impact of «
and [ values, batch size, and learning rate on the
performance of the TPO method. Central to our
exploration is the TPO method’s ability to bypass
the SFT stage, thereby assessing its efficacy with-
out this component. Our evaluation focuses on the
MT-Bench score and the Open LLM Leaderboard
benchmarks to gauge the models’ performance.

Impact of o and 5. Alpha and Beta serve as
crucial hyper-parameters that simultaneously en-
hance the likelihood of the correct response and
refine preference learning. Figure 2 illustrates that
the Mistral+TPO model, when set with =0.9 and
£=0.2, outperforms alternatives in terms of perfor-
mance on the MT-Bench. Additionally, Figure 3
highlights that Mistral+TPO notably excels in the
Open LLM Leaderboard benchmarks, boasting an
average accuracy performance increase of 5.12%
over the SFT method.

Other hyper-parameters. We extend our anal-
ysis to examine the influence of various hyperpa-
rameters on the TPO’s efficacy, including differ-
ent epochs, learning rates, and batch sizes, specifi-

cally with the Mistral+TPO model. We discovered
that the learning rate is particularly critical when
dealing with smaller datasets; a change by two
orders of magnitude prevented the model from con-
verging. Additionally, while different batch sizes
do affect performance, there’s a threshold beyond
which performance plateaus and no longer bene-
fits from increases. Interestingly, we observed that
Mistral+TPO, when trained on 10K data, tends to
overfit after just one epoch, with additional epochs
failing to enhance performance. Nonetheless, we
hypothesize that performance improves with larger
datasets beyond the initial epoch, as detailed further
in Appendix E.

5 Conclusions

In this paper, we begin by addressing the lim-
itations inherent in existing alignment methods.
Typically, alignment techniques require an SFT
component to achieve notable results. However,
incorporating SFT introduces two primary chal-
lenges: firstly, fine-tuning a model using SFT de-
mands a substantial dataset (for example, complet-
ing a chat task may require fine-tuning with 200K
data points). Secondly, generating a preferences
dataset by sampling from the SFT model poses
additional difficulties, including determining the
optimal configuration for producing preferred and
less preferred responses. To address these short-
comings, we introduce TPO, a new alignment ap-
proach aimed at concurrently optimizing for hu-
man preferences and gold responses. Our findings
demonstrate the impressive performance of TPO
compared to other alignment methods on ten bench-
marks. Particularly, Mistral and Phi-2 fine-tuned
by TPO achieve increases in the MT-Bench score
of +0.72 and +1.27, respectively, compared to SFT,
despite being trained on a dataset six times smaller.
Another intriguing insight is the significant influ-
ence that the values of « and 5 have on the model’s
performance.



Limitations and Future Works

While TPO has demonstrated impressive perfor-
mance compared to other alignment methods
across various benchmarks, the requirement to pre-
pare three preferences for each input in a dataset
poses challenges. In this section, we outline poten-
tial directions for future work. Our evaluation of
TPO focused on chat completion tasks, but we are
particularly interested in examining its effective-
ness in other areas, such as safety and reasoning.
Another intriguing aspect for further study is inves-
tigating how the quality of reference and preferred
responses affects TPO’s performance. Notably, our
current findings suggest that the reference response
is generally better than the preferred response. In-
vestigating whether increasing the preferential dif-
ference between these responses enhances perfor-
mance could yield valuable insights. Additionally,
we are interested in exploring TPO’s effectiveness
in larger models, such as those with 30 B or 70
B, which represents a promising avenue for future
work. Drawing inspiration from the new method
proposed in (Chatterjee et al., 2024) for fine-tuning
diffusion models, we are keen to investigate how
these models perform when aligned using the TPO
method.

Ethics Statement

We have used Al assistants (Grammarly and
ChatGPT) to address the grammatical errors and
rephrase the sentences.
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Appendix
A Derivation
A.1 Deriving the optimal policy under the Preference Objective

In this section, we derive the optimal policy achieved by optimizing the objective in Equation 4. For a
given prompt x, the objective can be analogously written as follows:

mgx Ey~7r(y|x) [r(z,y) — Blogm(yl|z)] s.t. Zﬂ'(y’l‘) =1
Y

Next, we form a lagrangian for the above objective with A being the lagrangian multiplier.

£ = Y wlole)r(a) - 5| S ntula)ogrlolo)] + A1 = S (ol
Yy

Y Y

Differentiating £ with respect to 7(y|x) results in,

oL
Or(

o r(z,y) — B [logﬂ(ylz) + 1] - A

To obtain the optimal policy, we can set the above equation to zero and solve for 7 (y|x).

r(z,y) — ﬂ[logw(y\a:) + 1} —A=0

log 7(y|) = ;r@c,y) - g 1

m(ylx) = exp (;r(aﬁ, Y)). exp (? -1)

Since }, m(y|z) = 1, the second exponent is a partition function that does normalization as shown
below:

[Zexp(ér(m,y))].exp (_B)\ “1)=1

(51 = [Sew )]

Hence, the partition function Z(z) = 3_, exp (%r(w, y)) and the optimal policy 7, (y|z) induced by
reward function r(z, y) is therefore given by,

m(0ln) = 55 e (Gr(y) n

Now, we can express the reward function in terms of an optimal policy 7, by performing some algebraic
transformations on Equation 1 as shown below,
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m(y]2).Z(x) = exp <;r<x,y>>

Taking logarithm and multiplying by 3 on both sides,

r(z,y) = Blogm(y|v) + Blog Z(x) 2)

A.2 Deriving the Gradient of the TPO Objective

In this section, we derive the gradient of the TPO objective:

VoLreo = —VoE @y, s yuwu)~D [ @108 To(Yres|z) +log o(Blog my(yw|z) — Blog me(yi|z)) | (1)

We can rewrite the RHS of the Equation 1 as

VgLrpo = _E(x,yref,yw,yl)ND [ aVy log W@(yref‘m) + Vy log 0'(5 Iog W@(yw‘x) -3 1Og Wg(yl’CC)) ]
(@ (b)

2

In equation 2, the part (b) can be rewritten with

u = [log mo(yw|r) — Blog me(yi|x)

1
Vologo(u) = U—Vga(u)

Vologo(u) = >

Using the properties of sigmoid function function o' (u) = o(u)(1 — o(u) and o(—u) = 1 — o (u),

o(u)(1 = o(u))

Vologo(u) = )

Vo(u)
Velogo(u) = (1 —o(u))Ve(u)
Vologo(u) = o(—u)Vg(u)

Vologo(u) = Bo(Blogmy(y|x) — Blog me(yw|x)) [Velog m(yw|x) — Vo log m(y|z)] 3)

Plugging Equation 3 into Equation 2 we get,

vG»CTPO = E(z,ymf,yw,yl)wD [Oéve 10g77(yref|$)
+ Bo(Blog mg(yi|z) — Blog me(yw|x))
x [Vglog m(yw|z) — Vg log 7(yi|z)]] ()

A.3 Proof of Lemma

In this section, we will prove the lemmas from Section 3.2.
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Lemma 1 Restated. Under the Plackett-Luce preference framework, and in particular the Bradley-Terry
framework, two reward functions from the same equivalence class induce the same preference distribution.

Proof. Let’s consider two reward functions, r(x, y) and r’(z, y). They are said to be equivalent if they
can be related by ' (x,y) = r(x,y) + g(z) for some function g. We analyze this in the context of the
general Plackett-Luce model, which includes the Bradley-Terry model (special case when K = 2). Here,
we denote the probability distribution over rankings generated by a given reward function r(z, y) as p,.
Given any prompt z, responses ¥1, ..., Y, and a ranking 7, we can establish the following:

K

exp(r'(, Yr(k)))
;}—[12 —i exp(r (2, Y7 ()

pr"(T ’ Y, - YK, T

eXp (%, Yry) + 9())
H ] kexp< (:IZ yT(]))+g(z))

exp eXp( (‘T?yT(k)))
H 1 exp(g(x ) ZJ 1 exp(7(2, Yr(j)))

K

H eXp x yT(k)))
] keXp< (x7y7(j)))

7'(7— | Yy .- 7?JK733),

This completes the proof.

Lemma 2 Restated. Two reward functions from the same equivalence class induce the same optimal
policy under the constrained RL problem.

Proof. Let’s consider two reward functions, 7(z,y) and r’(z, y). They are said to be equivalent if they
can be related by r'(x,y) = r(x,y) + g(x) for some function g. Let 7, and 7,/ be the optimal policies
induced by their corresponding reward functions. By Equation 5, for all x, y we have,

S (1 - y)) exp (;r’(x,w)

1 1
B >, exp (%(T(m,y) + g(:l:))) o <»3(r(x’ v+ g<x))>

m(y | @) =

B exp (%g(@) Zl exp ( r(z, y)) i <;r(x’y)> =P <;g(x))
1 1
) >y exp( r(, y)) o (ﬁr(x7y)>

= 7T7"(y ‘ l’),

This completes the proof.

A.4 Proof of Theorem

Theorem 1 Restated. For a parameter 8 > 0, all reward equivalence classes can be reparameterized
as r(z,y) = Blogm(y|x) for some model m(y|x).

Proof. Consider a reward function r(z, y), which induces an optimal model 7, (y|x) under the MERL

framework, which takes the form as shown in Eq.5 in Section 3.1. Following, Equation 2 in Section A.1
of Appendix, we have:
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r(z,y) = Blogm.(y|lz) + Blog Z(x) (1)

where Z(z) =3 exp (%r(w, y)) is the partition function of the optimal policy induced by the reward

function r(z, ). Let r' (z, y) be a new reward function such that r' (z,y) = r(z,y) — 8log Z(x). It is
obvious that the new reward function is within the equivalence class of 7, and the we have:

v (z,y) = r(z,y) — Blog Z(x)

From the Equation 1, we get

v (z,y) = Blog m,(y|z) + Blog Z(x) — Blog Z(x)

r (z,y) = Blogm(y|z)

This completes the proof.

Proposition 1. For a parameter 8 > 0, every equivalence class of reward functions has a unique reward
function r(x, y), which can be reparameterized as r(z,y) = 5 log 7 (y|z) for some model 7(y|x).

Proof — by — Contradiction. Let us assume that we have two reward functions from the same class,
such that ' (z,y) = r(x,y) + g(z). Assume that 7' (x,y) = Slog 7 (y|x) for some model 7' (y|2) and
r(z,y) = Blog m(y|z) for some model 7(y|x), such that 7" # 7. We then have,

v (x,y) =r(z,y) + 9(x)
= Blogm(y|x) + g(z)

= Blog n(ylz) + Blogexp (égm)

= Blog(y|a) exp<;g<x>>

= Blog 7 (y|z)

for all prompts x and completions y. Then, we must have 7(y|x) exp (% g(x)) = 7 (y|z). Since these are
probability distributions, summing over y on both sides,

S [r(yl) exp <;g<x>>] =3 7 ()

y
(o(a) =1
exp (=g(x)) =
B
Since 8 > 0, g(z) must be 0 for all 2. Therefore, we will have 7(z,y) = 7 (, y), which contradicts
our initial condition of 77 # .

Thus, by contradiction, we have shown that every reward class has a unique reward function that can be
represented by the reparameterization in Theorem 3.1.
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Datasets ‘ ARC TruthfulQA Winogrande HellaSwag MMLU BB-causal BB-sports BB-formal OpenBookQA

# few-shot 25 0 5 10 5 3 3 3 1
Metric acc_norm mc2 acc acc_norm acc mc mc mc acc_norm

Table 4: Detailed information of Open LLM Leaderboard and Big Bench benchmarks.

B Training and Evaluation Details

All models were trained using the AdamW optimizer without weight decay. Furthermore, parameter-
efficient techniques such as LoRA (Hu et al., 2021) were not employed. The experiments were conducted
on 4 A100 GPUs, utilizing bfloat16 precision, and typically required 5-8 hours to complete. All models
are trained for one epoch, employing a linear learning rate scheduler with a peak learning rate of 5e-07
and 10% warmup steps. Additionally, the global batch size is set to 16, and 3 = 0.1 is used to regulate
the deviation from the reference model. For every dataset used in our evaluation, we detail the count of
few-shot examples utilized along with the specific metric employed for assessment in Table 4.

The custom UltraFeedback dataset includes ¥, Y, and y; for each input z. For a fair comparison,
when training alignment methods based on the SFT model, we utilized y,, and y; under the assumption
that the model was trained on y,..; during supervised fine-tuning. Conversely, in scenarios where we
directly trained a model using alignment methods, we used ¥,y and y;.

B.1 Detail Evaluation for ORPO

The central hypothesis of the ORPO method (Xu et al., 2024) suggests that skipping the SFT component
can achieve performance comparable to that of SFT and DPO methods. Based on this premise, it is
essential to compare a model directly fine-tuned using ORPO against other alignment methods. To test this
hypothesis, we designed two experiments: 1) Fine-tuning an SFT model using ORPO, and 2) Fine-tuning
a pre-trained model using ORPO.

Model Align | MT-Bench | ARC TruthfulQA Winogrande HellaSwag MMLU | BB-causal BB-sports BB-formal OpenBookQA

Mistral ORPO 5.47 58.61 52.77 77.5 82.04 63.26 54.21 73.93 50.41 44.4
Mistral+SFT  ORPO 4.93 53.92 48.03 75.69 79.69 59.62 50.52 71.19 51.07 434

Phi-2 ORPO 6.06 61.17 45.68 74.42 74.69 58.33 55.78 50.7 49.01 52.8
Phi-2+SFT ~ ORPO 432 55.11 49.15 74.74 70.38 55.36 54.21 50.91 49.27 44.8

Table 5: Comparison OPRO method on different scenarios.

The results presented in Table 5 indicate that, consistent with the hypothesis outlined in the paper (Xu
et al., 2024), ORPO performs better when the SFT component is omitted. Thus, for our comparisons, we
utilized the Mistral+ORPO and Phi-2+ORPO models.

C More Experiments

In this section, we assess the performance of alignment methods in two distinct scenarios: 1) skipping
the SFT component and 2) aligning an SFT model that has been fine-tuned on a dataset of 10K instances
using various alignment techniques.

C.1 Skipping the SFT Component

The primary benefit of using TPO is the ability to skip the SFT component, which often results in better
performance for TPO without SFT. In this experiment, we also investigate the effectiveness of other
alignment methods without the SFT part. For this purpose, we directly trained a Mistral-7B-v@.1 model
using various alignment techniques like DPO, KTO, IPO, CPO, and ORPO.

The results in Table 6 indicate that without the SFT component, both DPO and IPO fail to match
the performance levels of Mistral+SFT. Additionally, the results for KTO and CPO show negligible
differences when compared with SFT. Although ORPO recommends bypassing the SFT phase in the
alignment process, it seems that a policy model fine-tuned with ORPO underperforms when only one
epoch is used. A comparison between the results in Tables 2 and 6 reveals that most of the alignment
methods perform better when the SFT part is retained.
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Model Align MT-Bench
Mistral SFT 5.94
Mistral DPO 5.45
Mistral KTO 6.21
Mistral IPO 2.06
Mistral CPO 6.3
Mistral ORPO 5.47
Mistral TPO (our o =0.9138 =0.2) 6.22
Mistral TPO (our « = 0.31 5 = 0.7) 6.61
Mistral TPO (ouraa =115 =0.1) 6.66

Table 6: Comparison of the performance of various alignment methods on skipping the SFT part using MT-Bench.

C.2 Aligning an SFT Model with Less Data

In this experiment, we investigate how alignment methods perform when applied to an SFT model trained
on significantly less data. TPO utilizes the dataset D = {z, yfn ef vl yf}fil Initially, we fine-tune a
Mistral-7B-v@.1 model on 10K data, which are designated as y,.. s for TPO. Subsequently, we applied
various alignment methods to this fine-tuned model.

Model (training Size) ‘ DPO CPO KTO IPO

+ Mistral+SFT (200K) | 6.64 6.2 6.48 6.43
+ Mistral+SFT (10K) 533  5.89 53 6.41

Table 7: Comparison of the performance of various alignment methods on different SFT models using the MT-Bench.
Notably, the score for Mistral+SFT trained on 10K data is 4.2, while the score for Mistral+SFT trained on 200K
data is 5.94.

The findings presented in Table 7 suggest that alignment methods yield superior results when applied to
an SFT model trained on a larger dataset. It is evident that, when using the same data as for Mistral+TPO,
other models perform significantly worse. These results confirm our hypothesis that TPO surpasses other
methods with considerably less data.

D More results on Open LLM Leaderboard and Big Bench Benchmarks

Our assessment of Phi-2 through the Open LLM Leaderboard benchmarks, in comparison with various
alignment methods, showed that Phi-2+TPO, trained on a dataset of 10K, achieved performance on par
with other alignment strategies across the ARC, TruthfulQA, and MMLU benchmarks. Also, The results
showed that this model performs better on BB-causal and OpenBookQA.

Model Align ARC TruthfulQA Winogrande HellaSwag MMLU | BB-causal BB-sports BB-formal OpenBookQA
Phi-2 SFT 61 46.01 74.58 74.66 56.48 55.26 51.72 49.54 50.2
Phi-2+SFT DPO 61.34 51.53 74.82 75.88 56.99 57.36 52.63 49.5 522
Phi-2+SFT PO 61.43 49.05 75.05 75.36 56.83 55.26 51.31 49.69 512
Phi-2+SFT KTO 61 5235 74.98 75.43 57.02 56.31 51.62 49.47 514
Phi-2+SFT CPO 60.49 533 75.05 74.78 56.94 54.21 50.5 49.48 49.8
Phi-2 ORPO 61.17 45.68 74.42 74.69 58.33 55.78 50.7 49.01 52.8
Phi-2+SFT TPO (our) 61.09 53.6 74.82 74.98 56.95 54.21 50.3 49.27 50.6
Phi-2 TPO (our v =115 =0.1) | 61.51 45.41 74.34 75.27 58.38 55.78 51.44 49.28 532
Phi-2 TPO (our a = 0915 =10.2) | 61.6 46.21 74.66 74.91 58.12 57.36 51.31 48.35 534

Table 8: Comparison between TPO and other alignment methods on Open LLM Leaderboard and Big Bench
benchmarks based on Phi-2 model.

E More results on Ablation Studies

This section presents the performance of Mistral+TPO across various learning rate, epoch, and batch size
utilizing the MT-Bench score as the benchmark for assessment.

In Figure 3 we compared TPO with SFT on different value of o and 8 on Open LLM Leaderboard
benchmarks.
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First Turn Second Turn Average
Model Align Learning Rate Epoch Batch Size (Score) (Score) (Score)
Mistral ~ TPO (a=115=0.1) 5e-07 1 16 6.78 5.66 6.22
Mistral ~ TPO (a=118=0.1) 2e-05 1 16 1 1 1
Mistral TPO (a=0.915=0.2) 5e-07 1 16 7.12 6.2 6.66
Mistral  TPO (a=0.915=0.2) 5e-07 1 32 6.98 6.1 6.54
Mistral  TPO (a=0.915=0.2) 5e-07 2 16 7.2 6 6.61

Table 9: Performance of the Mistral+TPO on different values of hyper-parameters.

[ Mistral+SFT [ Mistral+TPO (a=1; B=0.1) B Mistral+TPO (a=0.9; B=0.2) B Mistral+TPO (a=0.3; B=0.7)
[ Mistral+TPO (a=1; B=0.1) =3 Mistral+TPO (a=0.5; =0.1) B Mistral+TPO (a=0.1; =0.9) B Mistral+TPO (a=0.7; B=0.3)
801 u
< 601
S
>
@
S 40]
3
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ARC TruthfulQA Winogrande HellaSwag MMLU Average
Figure 3: This figure displays the performance of Mistral+TPO across various settings of « and . In several

configurations, Mistral+ TPO outperforms SFT on the Open LLM Leaderboard benchmarks. Further discussion is
provided in Section 4.3.
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