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Abstract

Aligning small language models (SLMs) with
human values typically involves distilling pref-
erence knowledge from large language models
(LLMs). However, existing distillation meth-
ods model preference knowledge in teacher
LLMs by comparing pairwise responses, over-
looking the extent of difference between re-
sponses. This limitation prevents student SLMs
from capturing the nuanced preferences for
multiple responses. In this paper, we pro-
pose a Preference-Aligned Distillation (PAD)
framework, which models teacher’s preference
knowledge as a probability distribution over all
possible preferences, thereby providing more
nuanced supervisory signals. Our insight in
developing PAD is rooted in the demonstration
that language models can serve as reward func-
tions, reflecting their intrinsic preference distri-
butions. Based on this, PAD comprises three
key steps: (1) generating diverse responses us-
ing high-temperature sampling; (2) comput-
ing rewards for both teacher and student to
construct their intrinsic preference; and (3)
training the student’s intrinsic preference dis-
tribution to align with the teacher’s. Experi-
ments on four mainstream alignment bench-
marks demonstrate that PAD consistently and
significantly outperforms existing approaches,
achieving over 20% improvement on AlpacaE-
val 2 and Arena-Hard, indicating superior align-
ment with human preferences. Notably, on MT-
Bench, using the GEMMA model family, the
student trained by PAD surpasses its teacher,
further validating the effectiveness of our PAD.

1 Introduction

Recently, small language models (SLMs) have
demonstrated remarkable performance across a
range of tasks (Grattafiori et al., 2024; Riviere
et al., 2024; Jiang et al., 2023). Compared to large
language models (LLMs) such as GPT4 (OpenAl,
2024), the smaller parameter numbers of SLMs
make them more efficient for deployment across
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Figure 1: Comparison of the Teacher-as-Annotator
methods and our PAD, where “A = B means the LLM
prefers response A over B.

a wide range of applications. However, their rela-
tively small parameter numbers constrain their abil-
ity to capture the nuances of human preferences.
This specific challenge requires SLMs to generate
responses that align with human values, such as
providing harmless replies to extreme or sensitive
questions (Tunstall et al., 2024).

Compared to SLMs, LLMs demonstrate supe-
rior alignment with human preferences (OpenAl,
2024; Georgiev et al., 2024). Consequently, ex-
isting works leverage LLMs as teachers to distill
preference knowledge into student SLMs (Bai et al.,
2022; Cui et al., 2023; Tunstall et al., 2024; Wang
et al., 2024; Yuan et al., 2024). All these works
model preference knowledge in teacher LLMs by
comparing pairwise responses. For example, Bai
et al. (2022) uses teacher-annotated responses to
train a reward model, which guides the student
through reinforcement learning. Similarly, Tunstall
et al. (2024) employs a teacher model for prefer-
ence annotation but directly optimizes the student
model using distilled Direct Preference Optimiza-
tion (Rafailov et al., 2023) on the annotated dataset.
However, the supervision signals provided by these
“Teacher-as-Annotator” methods take the ordering



between responses into account and not the extent
to which one response is preferred over another. As
illustrated in Figure 1, in Scenario 1, response A is
only slightly better than B by providing more infor-
mative details; whereas in Scenario 2, response B
contains harmful content (in red), making the differ-
ence with A more significant. Nonetheless, in both
scenarios, the preference pairs are all represented
as A > B. This simplified treatment overlooks the
differences between preference pairs, thereby neg-
atively impacting their generations after preference
learning (Amini et al., 2024).

To address the limitation, we propose a
Preference-Aligned Distillation (PAD) framework,
in which preference knowledge is modeled as a
probability distribution over all possible prefer-
ences, providing subtle supervisory signals from
the teacher. Our insight in developing PAD is
rooted in the derivation that language models can
be inherently treated as reward functions, draw-
ing from the perspective of inverse reinforcement
learning. Based on this insight, our PAD consists
of three key steps: 1) Sample a diverse list of re-
sponses from the student model with high temper-
ature; 2) Calculate the rewards for each response
using both the teacher and student models. To miti-
gate bias in the teacher’s reward, we subsequently
calibrate these rewards using the selection proba-
bilities from multiple-choice questions prompting;
3) Enumerate all possible preferences and compute
the overall distribution based on the rewards, al-
lowing the student model to learn and mimic the
teacher’s preference distribution. As illustrated in
Figure 1, our PAD is capable of delivering more
precise signals, highlighting the subtle difference
in Scenario 1 and significantly distinguishing the
safe and harmful responses in Scenario 2. To en-
hance PAD’s efficiency, we further introduce a
Preference Decomposing Strategy, which divides
distillation into multiple rounds to accelerate the
process. Comprehensive experiments across four
benchmarks, including AlpacaEval 2, Arena-Hard,
MT-Bench, and GSMS8K, with the GEMMA-2 and
LLAMA-3 families demonstrate that PAD consis-
tently outperforms existing approaches, effectively
aligning SLMs with human preferences.

Code is available!, and our main contributions
can be summarized as follows:

* We propose a Preference-Aligned Distillation
(PAD) framework, which moves beyond pair-

"https: //anonymous. 4open.science/r/PAD-E8C6.

wise preference by modeling the full prefer-
ence distribution, enabling the student to cap-
ture the teacher’s nuanced preferences.

* We demonstrate that within inverse reinforce-
ment learning, language models can serve as
reward functions, thereby inducing their in-
trinsic preference.

* Experimental results across four benchmarks
show that our PAD outperforms existing ap-
proaches, suggesting that PAD more precisely
captures human preferences.

2 Background

This section reviews two topics: 1) Preference mod-
eling in preference learning theory, and 2) The
generation process of language models under the
reinforcement learning framework.

Preference Modeling Given a prompt x € &,
the language model 7 generates pairs of responses
(y1,y2) ~ m(y | ). A possible preference can
be denoted as y1 > y2 | x, where y; and y2
represent the preferred and dispreferred responses.
Preferences are assumed to be generated based on a
reward model r(y | ), which assigns a continuous
reward r to each response y. For simplicity, we
omit x and use 7(y) to denote r(y | ).

The pairwise preference probability p(y1 > y2 |
x) can be modeled using the Bradley-Terry (BT)
framework (Bradley and Terry, 1952) as follows:

exp(r(y1))
exp(r(y1)) + exp(r(yz2)))
ey

pyr = y2 | x) =

Now, consider a more generalized scenario with
a list of n responses, denoted as Y,, = {y;}/",,
and the corresponding list of reward R,, = {r;}}" ;.
A possible preference ranking 7, = y(M) » ... >
y(i) e > y | x, where y() denotes the
response ranked at the i-th position. Using the
Plackett-Luce ranking model (Plackett, 1975; Luce,
2012), the preference probability is defined as:

exp(r(y™))
HZ]ZGXP ) Q)

Text Generation as a Markov Decision Process
(MDP) The text generation process can be mod-
eled as an MDP, which is represented by the triple
(S,V,u)?, where the state space S represents all

2We omit the transition dynamics 7" for simplicity. In text

generation, these dynamics are deterministic, as each state-
action pair uniquely determines the next state.
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possible partially generated sequences, and the ac-
tion space V corresponds to the vocabulary in the
language model. At each step ¢, an action y; € V
(a token) is taken based on the current state s € S
(the partially generated sequence) and gains a step
(token)-level reward u.

3 Language Models as Intrinsic Reward
Functions

This section introduces how we derive a reward
function from language models without any refer-
ence model, providing the theoretical foundation
for the framework proposed in the next section.

Inverse Reinforcement Learning (IRL) To in-
duce the token-level reward model u, we follow the
maximum-entropy IRL framework (Ziebart et al.,
2008; Chan and van der Schaar, 2021), where the
Q-value function at step ¢ is defined as:

Qyt | y<px) = 3)
u(ye | y<p®) +log Y exp[Q(

Yt+1

Following Hao et al. (2022), we parameterize the
Q-function as Q(-) = f(-), where f(-) represents
the output logits of the language model 7. The
reward function w at each step ¢ is then defined as

w(ye | Yo, ®) =fr (Y | Y1, ) 4)
— log Z explfr (Y1 | y<i, )]
Ye+1€V

We further define f; = fr(y: | y-;,, ) and
Zy 1= Zytev exp(fw(yt | Y<i1s m)) for simplic-
ity, which allows us to write that u(y; | y;, @) =
ft — log Z;4+1. Please note that at last step, i.e.,
t = |y|, we have log Z,|.; = 0 according to the
definition of the Q-value.

Cumulative Log-Likelihood Reward Given the
token-level reward function u, the sequence-level
reward is naturally defined by cumulating the token-
level rewards:

lyl lyl
ry o) =) uly |y, @) =
t=1 t=1
lyl
= (fi —log Z;) +log Z1 —TogHZipas.
t=1
lyl

= logpr(yt | Yo @) +log Zy
t=1

= logpx(y | ) + log Z1, (5)

Yer | Y<ts x)].

where pr(y: | Y4, ) is the probability of token
y¢ given the previous sequences (y_;, ). Please
note that log Z; does not depend on the particular
sequence y.

Normalized Log-Likelihood Reward By com-
bining the Plackett-Luce model in Eq. 2 with the
cumulative reward in Eq. 5, the probability for pref-
erence T, is given by:

HZeXp (log p= (v | x)) ©

_iexp (logpr(y") | a))”

When modeling preferences, the term log Z; can
be eliminated due to the translation invariance prop-
erty of the softmax function. Therefore, the cumu-
lative reward simplifies to:

1
r(y|z) = mlogpn(y | x). (7

where 1/|y| is a length-normalized term to avoid
bias towards longer sequences (Meng et al., 2024;
Gu et al., 2024).

In other words, the reward of a language model
can be formalized as the average log-likelihood.
This approach naturally reflects the inherent pref-
erences of the language model, meaning that the
higher the probability the model assigns to generat-
ing a particular response y, the greater its reward.
Additionally, the average log-likelihood directly
corresponds to the language model’s inference pro-
cess, and thus numerous studies practically employ
it as the objective during the optimization process
(Meng et al., 2024; Song et al., 2024).

4 PAD: Preference-Aligned Distillation

In this section, we first describe our framework,
whose training consists of three key steps (§4.1-
4.3), and then introduce a preference decomposing
strategy to accelerate the training process (§4.4).

4.1 Diverse Response Generation

As the first step, taking prompt x as input, we

Z (ft — log Z;1) directly sample n responses Y, from the student

model 7" through repeated sampling. To enhance
the diversity of responses, a higher decoding tem-
perature, i.e., 0.8, is applied. Repeated sampling
directly from the student model offers two key ad-
vantages. First, enabling the generation of higher-
quality responses. Existing works have shown that
as the number of repeated samples increases, the
likelihood of the model generating better answers



(a) Response Sampling (b) Reward Calculation

(c) Preference Distillation

Prompt
LWhy is the problem always DNS? )

Repeated sampling

Student

Response A
Because it is a core
component of the internet...

# Query

j

MCQ
Please evaluate and select
the best response to a query.

A B C S )
| |
@8-
- argsort(-) | |
arcrp |©OF@ -

| MNlLLoss |

Unique Ranking

P(A>B>C)

Response B

The statement is a .
humorous exaggeration...

ﬁ

Response C
I'd like to clarify that the _!
concept of ...

A) Because ... B) The state ...

reward
020 ) calibrate 024

P(A> C> B)

Al
>

Ranking
Permutation

P(B> A>C)

D student

C— teacher
(ii) Probabilistic Preference Distillation (PPD)

Figure 2: The overall process of the PAD contains three critical steps. The initial step involves sampling diverse
responses with high temperature (§4.1). Next, rewards for both models are computed, where the rewards of the
teacher would be calibrated(§4.2). Finally, the student is trained to mimic the teacher’s preference distributions.(§4.3)

across various tasks, such as math and coding, also
improves (Wang et al., 2023; Roziere et al., 2024;
Brown et al., 2024). Second, mitigating the expo-
sure bias. Exposure bias arises from the mismatch
between training and inference, where the model
is trained on ground truth contexts but relies on its
own predictions during inference, leading to error
accumulation. Following Gu et al. (2024); Agarwal
et al. (2024), we train the student model on self-
generated responses to help align the distributions,
reducing this issue.

4.2 Reward Calculation and Calibration

Given a prompt  and its corresponding list of
responses Y;, from the previous step, we can com-
pute the rewards of the teacher and the student
models for each response y, € Y;, using Equation
(2). These rewards are denoted as 7'"(y;) and
r*"(y,), respectively, and correspond to the mod-
els’ average log-likelihood for each response. How-
ever, language models often exhibit miscalibration,
where the likelihood assigned to sequences does
not correlate well with their actual quality (Zhao
et al., 2023). For example, the phrases "pros and
cons" and "cons and pros" convey the same mean-
ing, but the former may appear more frequently in
the training dataset, leading the model to assign it a
higher probability. This miscalibration introduces
a significant challenge: if the teacher’s reward is
miscalibrated, aligning the student to the teacher
model may propagate this issue.

Building upon the findings of Ren et al.
(2023a,b), which demonstrate that Multiple-Choice
Question (MCQ) selection probabilities more ef-
fectively capture the quality of responses compared
to sequence likelihood, we introduce the selec-
tion probability from MCQ prompting to calibrate

the teacher model’s reward. Specifically, we ran-
domly map each response y, € Y, to a choice
within a predefined alphabet set C,,, for example,
Cs3 = {°A’, ‘B’, ‘C’}. We present these choices in
the MCQ format and compute the probability of
selecting each choice based on the model’s token-
level probabilities:

psel(yi) = p(Ci ‘ Yo, Cmm)a (8)

where c; corresponds to the choice associated with
response y,.

We then calibrate the reward for each response
by combining the normalized log-likelihood reward
with the selection probability:

#h(y) = (1

where the reward calibration ratio o € [0,1] is a
hyperparameter that balances the influence of the
original reward and the MCQ selection probability.

— a)r'(y) + alog pei(y), (9)

4.3 Preference Distillation

Based on different ways of modeling teacher pref-
erences, we employ two losses to distillation: the
vanilla preference loss Lypp, and the probabilistic
preference loss Lppp.

Vanilla Preference Distillation (VPD) Follow-
ing Rafailov et al. (2023); Song et al. (2024), the
preference is modeled as a unique ranking. Specifi-
cally, we obtain ranking 7,, of the responses Y,, by
sorting them according to their rewards #'". The
student model is then trained with negative log-
likelihood (NLL) loss to maximize the probability
of teacher preference using Eq. 6.

n exp (,BTStu(’y(i)»
L = log — —
; S exp (Br(y()))

(10)



where (3 is a hyperparameter that controls the scal-
ing of the reward difference.

Probabilistic Preference Distillation (PPD) In-
spired by Cao et al. (2007), we treat the teacher’s re-
wards as uncertain indicators of preference, which
means any preference ranking is assumed to be
possible but has a different likelihood. The prefer-
ence distribution over all possible rankings for the
teacher is expressed as:

exp (B (y))

Il

=1

VTn €T, Ppen(Th) Z?:z exp (qutch(y(j)))
(11
where 7 represents the set of all possible rankings,
and the distribution for the student p,su(7,) also
can be modeled in the same way.
We then employ the Jensen-Shannon divergence
(JSD) loss to align the student’s and teacher’s pref-
erence distributions:

[DKL(T(tCh| ‘ﬂ_miX) + DKL(ﬂ_stu| ’ﬂ_miX)] ,

12)
where mixed distribution 7™X = (7'h 4 75W) /2,
and Dk (+]|-) is the Kullback-Leibler divergence
(KLD). Specifically, the KLD between the teacher’s
preference distribution and the mixed distribution
is defined as:

1
Lppp = 3

Z Pteh Tn)logp”L().

DKL (ﬂ_tch ‘ |ﬂ_m1x
e Do (1)

Similarly, Dk (7%"||7™*) can be calculated as

the same way. By aligning the student’s preference

distribution with the teacher’s, the student model

not only learns specific preference rankings but also

captures the teacher’s confidence in these rankings.

4.4 Preference Decomposing Strategy

In our PAD, the number of sampled responses, i.e.,
the sample size n, is a crucial parameter. A larger
n allows for a more macro comparison among re-
sponses, reduces the variance introduced by sam-
pling, and increases the likelihood of generating
high-quality responses (Brown et al., 2024). How-
ever, as n increases, the computational cost of both
sampling and forward propagation also rises. Par-
ticularly when modeling preference distributions,
the complexity grows factorially, making the com-
putation unfeasible when n becomes large.

To mitigate the computational cost during train-
ing, we propose a preference decomposition strat-
egy. This strategy breaks down the preference of
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Figure 3: Iterative Distillation Process.

a large batch of responses into the preferences of
multiple smaller batches, allowing the training pro-
cess to be split into several iterative rounds, thereby
reducing the overall computational load.

Decomposing Preference Modeling Given a
preference ranking 7,, we define a prefer-
ence decomposition function ¢ to decompose
it into k sub-preferences, such that ¢(7,) =
{n(,}),ﬂgf), ... ,T#f)}. Assuming that these sub-
preferences are independent, we simplify the prob-
ability of the complete preference to the probability

of the decomposed preferences as follows:

k

() T p((r)) = [ p(rD).

i=1

(13)

Hence, we use decomposed preferences as the
learning objective, for VPD, its NLL loss for de-
composed preferences as

(14)

Zlogp ) .

log p(¢

This demonstrates that the distillation loss for
decomposed preferences on a large batch of re-
sponses is equivalent to the sum of losses over
multiple smaller batches of responses. A similar
decomposition also applies to PPD, and the proof
can be found in Appendix A. Based on this insight,
we adopt the Iterative Distillation Process, as illus-
trated in Figure 3. We decompose the full distilla-
tion process over n responses into k iterations of
distillation over m responses each. In this process,
the complexity of modeling the preference distribu-
tion is reduced from O(n!) to O(k - m!), thereby
decreasing the computational cost of training.



Model Families Method Alpaca-Eval 2.0 Arena-Hard MT-Bench GSMSK
LC (%) WR (%) WR (%) Score (1~10) Acce. (%)
Teacher (9B) 55.27 42.50 61.16 6.99 87.41
Student (2B) 39.51 41.99 37.55 6.70 51.63
Standard KD 41.67 (12.2) 45.24 (13.3) 52.36 (114.8) 6.78 (10.1) 54.37 (12.7)
SeqKD 4291 (13.4) 46.44 (14.4) 54.87 (117.3) 6.88 (10.2) 55.72 (14.1)
MiniLLM 42.97 (13.5) 48.32 (16.3) 55.75 (118.2) 6.88 (10.2) 55.26 (13.6)
GEMMA-2 DPO 43.77 (14.3) 54.02 (112.0) 57.43 (119.9) 6.87 (10.2) 57.07 (15.4)
SimPO 4494 (15.4) 54.16 (112.2) 58.64 (121.1) 6.91 (10.2) 57.24 (15.6)
PRO 45.87 (16.4) 56.48 (114.5) 58.95 (121.4) 6.96 (10.3) 58.83 (17.2)
PAD w/ Lvep 46.13 (16.6) 57.94 (116.0) 59.07 (121.5) 6.93 (10.2) 59.06 (17.4)
PAD w/ Lppp 49.62 (110.1) 59.50 (117.5) 60.00 (122.4) 7.02 (10.3) 59.29 (17.7)
Teacher (8B) 37.01 38.93 52.66 7.00 84.00
Student (3B) 27.82 29.02 31.70 6.42 57.09
Standard KD 29.11 (11.3) 29.60 (10.6) 41.68 (110.0) 6.49 (10.1) 59.15 (12.1)
SeqKD 29.48 (11.7) 30.04 (11.0) 42.52 (110.8) 6.53 (10.1) 60.94 (13.8)
MiniLLM 30.05 (12.2) 30.38 (11.4) 42.21 (110.5) 6.67 (10.3) 60.35 (13.3)
LLAMA-3 DPO 31.42 (13.6) 32.01 (13.0) 44.71 (113.0) 6.62 (10.2) 61.63 (14.5)
SimPO 32.74 (14.9) 32.46 (13.4) 44.85 (113.2) 6.73 (10.3) 61.22 (14.1)
PRO 32.11 (14.3) 32.23 (13.2) 45.09 (113.4) 6.71 (10.3) 61.47 (14.4)
PAD w/ Lvpp 32.71 (14.9) 32.34 (13.3) 45.23 (113.5) 6.77 (10.3) 61.35 (14.3)
PAD w/ Lppp 33.61 (15.8) 32.55 (13.5) 46.73 (115.0) 6.84 (10.4) 62.24 (15.1)

Table 1: Main results with the Gemma-2 and LLaMA-3 Models.

5 Experiment

5.1 Setup

Models We evaluate two model families in our
main experiments: 1) GEMMA-2 Models® (Riv-
iere et al., 2024) include GEMMA-2-9B-IT as
teacher and GEMMA-2-2B-IT as the student, and
2) LLAMA-3 Models* (Grattafiori et al., 2024)
includes LLAMA-3.1-8B-INSTRUCT as teacher
and LLAMA-3.2-3B-INSTRUCT as student.

Training We construct the training data from UL-
TRAFEEDBACK?® (Cui et al., 2023), which com-
prises around 60k preference data. This dataset
covers a broad range of real user prompts, spanning
tasks such as mathematical reasoning and open-
ended writing. We filter out samples that exceed
the context length of the models. We set the num-
ber of sampled responses n to 4. To mitigate the
reward bias of the teacher model, we set the reward
calibration ratio o to 0.8. By default, our training
epoch is 1. Detailed experimental settings can be
found in Appendix B.1.

Evaluation We evaluate our model on the fol-
lowing four benchmarks: AlpacaEval 2.0 (Li et al.,
2023), MT-Bench (Zheng et al., 2023), Arena-Hard

Shttps://ai.google.dev/gemma

*https://ai.meta.com/blog/meta-1lama-3/

5h'ctps ://huggingface.co/datasets/argilla/
ultrafeedback-binarized-preferences-cleaned

(Li et al., 2024), and GSM8K (Cobbe et al., 2021).
These benchmarks assess the model’s versatile con-
versational capabilities across various queries and
have been widely adopted by the community. For
AlpacaEval, we provide both the raw win rate (WR)
and the length-controlled win rate (LC) against the
reference model. The LC metric is specifically de-
signed to be robust against model verbosity. For
Arena-Hard, we report the win rate (WR)®. For
MT-Bench, we report the average MT-Bench score
evaluated by GPT-4 Turbo. Detailed evaluation
settings can be found in the Appendix B.2

Baselines We compare PAD with two types of
baselines: 1) Traditional Knowledge Distillation,
which aims to learn the teacher’s distribution at
the logits level, including Standard KD (Hin-
ton et al., 2015), SeqKD (Kim and Rush, 2016),
and MiniLLM (Gu et al., 2024); 2) Preference
Knowledge Distillation, which aims to transfer
the teacher’s preference knowledge to the stu-
dent model. Under the “Teacher-as-Annotator”
paradigm, we choose DPO (Tunstall et al., 2024),
SimPO (Meng et al., 2024), and PRO (Song et al.,
2024) as baselines. A detailed description of these
baselines can be found in Appendix B.3.

®Please note that for AlpacaEval 2.0 and Arena-Hard, we
employ LLAMA-3.1-70B-INSTRUCT as the judge model,
which achieved capabilities comparable to GPT-4 Turbo on
the judge test of AlpacaEval while being more cost-effective
and faster.
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5.2 Main Result

Table 1 presents the main experimental results
across multiple benchmarks, including Alpaca-
Eval 2.0, Arena-Hard, MT-Bench, and GSMS8K.
The key finding is that the student models trained
by PAD consistently outperform its initial counter-
part and existing approaches, achieving over 20%
improvement on AlpacaEval 2.0 and Arena-Hard,
demonstrating that PAD is able to more precisely
capture the teacher’s preferences, thereby better
aligning with human values.

When comparing PAD with traditional knowl-
edge distillation (KD) and preference distillation
methods, PAD demonstrates a clear edge. Tradi-
tional KD methods, such as Standard KD and Se-
gKD, show limited improvement over the initial stu-
dent model, with performance improvements rang-
ing from 1-3% in Alpaca-Eval 2.0 LC scores. In
contrast, distillation methods like DPO and SimPO
show more significant improvements, particularly
in aligning better with human preferences, as ob-
served in the Alpaca-Eval 2.0 and Arena-Hard
benchmarks, which is consistent with the findings
of Tunstall et al. (2024).

PAD w/ Lppp consistently outperforms PAD
w/ Lvpp, with notable gains across benchmarks
such as Alpaca-Eval 2.0 LC (49.62 vs. 46.13) and
MT-Bench (7.02 vs. 6.93). In particular, for the
GEMMA-2 model family, the student trained with
Lppp even slightly surpasses the teacher model in
MT-Bench, achieving a score of 7.02 compared
to the teacher’s 6.99. The key advantage of PPD
over VPD lies in the preference modeling strategy.
Instead of just giving a simple preference ranking,
modeling the full preference distribution provides
more nuanced supervisory signals. This enhance-
ment is crucial, as it better captures subtle human
preference, a factor often overlooked in existing
distillation methods.

5.3 Analysis

We analyze the impact of our proposed Preference
Decomposing Strategy and Reward Calibration. To
explore the generalization capability of PAD, we
also analyze the performance when the teacher and
student come from different model families. More
detailed analyses can be found in Appendix C.

Effect of Preference Decomposing Strategy
Based on the preference decomposing strategy, we
investigated the impact of the iterative distillation
process on performance and training time. Table 2

Teacher
Student

—— DPO
SimPO
42.5 —— PRO
39.51 —+— PAD w/ Lvpp
40.0p "~ - —4— PAD W/ Lppp -
1 2 3

Iteration

Figure 4: Alpaca-Eval 2 LC with different iterations.

Iteration / Alpaca-Eval 2 GPU Hours
Sample Size LC (%) A800
1/4 49.42 12.32
2/2 48.94 12.35
1/8 50.57 31.51
2/4 51.42 27.98

Table 2: Impact of different number of iterations and
sample sizes on performance and training time.

illustrates the effects of different numbers of iter-
ations and sample sizes. When the sample size is
4, decomposing the sampling process into two iter-
ative steps does not reduce training time, because
the complexity of modeling the distribution with
fewer samples is low and thus negligible. However,
when the sample size increases to 8, adopting a two-
iteration decomposition shortens the time by 12%,
indicating that as the sample size increases, the
preference decomposing strategy becomes more
advantageous in accelerating training. Moreover,
decomposing the sampling into multiple iterative
steps does not lead to a significant performance
drop, demonstrating that this strategy can maintain
stable performance while improving efficiency.

We further explored the impact of the itera-
tive distillation process as a continuous learning
method. In Figure 4, we compared three high-
performing baseline methods: DPO, SimPO, and
PRO. The results show that the iterative distillation
process enhances performance across all methods,
with our PAD achieving the best results, highlight-
ing its effectiveness.

Influence of Reward Calibration Ratio We in-
vestigate the effect of the calibration ratio « in
our PAD (Figure 5). Without reward calibration
(a = 0), the performance improvement of the dis-
tilled student model is marginal, possibly due to
mis-calibration of sequence likelihood. Increasing
« improves performance, with the best results at
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Figure 5: Alpaca-Eval 2 LC Win Rate with different «

Method Alpaca-Eval Arena-Hard
LC (%) WR (%)
Student 27.82 31.70
DPO 49.42(121.6) 56.72(125.0)
SimPO 49.78(122.0) 56.69(125.0)
PRO 50.18(122.4) 58.23(126.5)
PAD w/ Lvpp 50.45(122.6) 58.47(126.8)
PAD w/ Lppp 51.96(124.1) 59.96(128.3)

Table 3: Heterogeneous Distillation Study. We use
GEMMA-2-9B-IT as the teacher and LLAMA-3.2-3B-
INSTRUCT as the student.

o = 0.8. However, further increases in « offer
diminishing returns and may slightly decrease per-
formance. For lower-performance requirements,
using @ = 1 is a viable option, as it avoids the
computational cost of calculating the teacher’s log-
likelihood.

Heterogeneous Study In previous experiments,
both the teacher and the student models belonged
to the same model family, indicating that they share
the same vocabulary and have similar architectures.
To verify the generalization capability of our PAD,
we conducted experiments where the teacher and
student models come from different model fami-
lies. As shown in Table 3, our method consistently
outperforms other approaches, achieving a 24.1
improvement in LC on Alpaca-Eval and a 28.3 im-
provement in WR on Arena-Hard. These results
demonstrate its generalization ability.

6 Related Work

Traditional Knowledge Distillation Knowledge
distillation (KD), introduced by Hinton et al.
(2015), primarily aims at model compression by
training a smaller student model to mimic the
output behavior of a larger teacher model (Kim
and Rush, 2016; Liang et al., 2021; Zhang et al.,
2023; Gu et al., 2024; Agarwal et al., 2024). Kim
and Rush (2016) extended KD to machine transla-
tion by training students on sequences generated
by teachers in order to imitate teacher behavior.

More recently, Gu et al. (2024) advanced KD us-
ing reverse KL divergence on student -generated
sequence to mitigate exposure bias, improving stu-
dent model performance. A key feature of these
methods is that distillation is performed over the
shared vocabulary of both teacher and student mod-
els. Our PAD eliminates this limitation, enabling
effective distillation with different vocabularies.

Preference Knowledge Distillation Motivated
by the observation that large models have achieved
a high degree of alignment with human values and
preferences, many efforts focus on distilling pref-
erence knowledge from large models to smaller
ones (Bai et al., 2022; Cui et al., 2023; Lee et al.,
2024; Yuan et al., 2024; Tunstall et al., 2024; Yang
et al., 2024). Bai et al. (2022) first introduced this
concept, also known as Reinforcement Learning
from Al Feedback (RLAIF), where teacher models
annotate response pairs from the student to create a
preference dataset for training a reward model. Tun-
stall et al. (2024) further utilized teacher-annotated
preferences with Direct Preference Optimization
(DPO) (Rafailov et al., 2023), streamlining the
training of student models. These approaches fol-
low the "Teacher-as-Annotator" paradigm. The
annotated preference datasets generated through
this paradigm can be directly employed with meth-
ods such as DPO, SimPO (Meng et al., 2024), and
PRO (Song et al., 2024), enabling preference opti-
mization of student models. However, a significant
limitation of these methods lies in their reliance on
unique ranking, which constrains their ability to
model nuanced preferences. In contrast, our PAD
treats modeling preference knowledge as a distribu-
tion over all possible preferences, enabling nuanced
alignment for the student and teacher models.

7 Conclusion

In this paper, we introduced the Preference-Aligned
Distillation (PAD) framework, in which we model
the teacher’s preference knowledge as a probabil-
ity distribution over all possible preferences. This
supervisory signal allows the student to learn the
subtle differences between responses. Our exper-
iments on the GEMMA-2 and LLAMA-3 model
families demonstrated that PAD outperforms tra-
ditional knowledge distillation and existing prefer-
ence distillation methods across four benchmarks,
showcasing its emergent capability of learning in-
depth human preferences.



Limitations

Our research has several limitations. Firstly, the
generalization capability is insufficient as we have
not conducted experiments on larger-scale teacher
and student models, primarily due to limited com-
putational resources. Secondly, sampling multiple
responses consumes more computational overhead.
However, because SLMs have relatively smaller pa-
rameter sizes, this overhead remains comparatively
modest. Thirdly, our method requires token-level
probabilities, which are unavailable in some black-
box models.
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hyperparameter Value Searching Space Model Human Agreement
8 10 [1,2,5,8,10] GPT4 69.17
batch size 128 (32,64, 128] LLAMA-3.1-70B-INSTRUCT 69.10
warmup ratio 0.1 [0.05,0.1] GPT4-Turbo 68.09
LLAMA-3-70B-INSTRUCT 67.53
Table 4: The hyperparameter values in PAD training. QWEN2.5-72B-INSTRUCT 67.51
Humans 65.66

A Decomposing Probabilistic Preference
Distillation
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Therefore, the KLD can be decomposed as:
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The JSD Loss (Eq. 12) used in PPD is the av-
erage of two KLDs in different directions, making
JSD also decomposable.

B Implementation Details

B.1 Training

We individually search the learning rates for dif-
ferent model families in the range of [3e — 7, 5e —

12

Table 5: Leaderboard of judge models in AlpacaEval.

7,8¢ — 7,1e — 6,1e — 5]. As a result, the learn-
ing rate for GEMMA-2 Models is 8¢ — 7 and for
LLAMA-3 Models is 1e — 6. Table 4 shows other
hyperparameters for training. All the training ex-
periments in this paper were conducted on 2xA800
GPUs based on the TRL repo’.

B.2 Evaluation

Data Statistics AlpacaEval 2 consists of 805
questions from five datasets, MT-Bench includes
80 questions across eight categories, and the re-
cently released Arena-Hard is an enhanced version
of MT-Bench, comprising 500 challenging ques-
tions. Since the training data, ultrafeedback, in-
cludes some mathematical reasoning problems, we
additionally incorporate the GSM8K test set, which
contains approximately 1,300 questions, to evalu-
ate the model’s mathematical abilities.

Judge Models For AlpacaEval 2.0 and Arena-
Hard, we employ LLAMA-3.1-70B-INSTRUCT
as the judge model. For MT-Bench, we employ
GPT-4 Turbo as the judge model. For GSM8K, we
report accuracy on the test set. Table 5 presents the
evaluation capability test® of these judge models on
AlpacaEval. We can see that LLAMA-3.1-70B-
INSTRUCT has evaluation capabilities comparable
to GPT4-Turbo.

B.3 Baselines

For traditional knowledge distillation, we consider
three baselines: 1) Standard KD (Hinton et al.,
2015): Fine-tunes the student model using the
teacher model’s logits distribution as a supervision
signal, applied to golden responses. 2) SeqKD
(Kim and Rush, 2016): Directly fine-tunes the stu-
dent model with cross-entropy loss using responses
generated by the teacher model. 3) MiniLLM (Gu
et al., 2024): Employs the teacher model’s logits

"https://github.com/huggingface/trl/tree/main
8https: //github.com/tatsu-lab/alpaca_eval/
tree/main/src/alpaca_eval/evaluators_configs
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distribution as supervision signal while fine-tuning
the student model on its own generated responses.

For preference knowledge distillation, under
the "Teacher-as-Annotator" paradigm, we employ
three offline preference optimization methods as
baselines: 1) DPO (Rafailov et al., 2023; Tunstall
et al., 2024): Treats the student model as a reward
model, fine-tuning it based on a reward function
derived from a reference model. 2) SimPO (Meng
et al., 2024): Operates similarly to DPO but uses
average log-likelihood as the optimization objec-
tive. 3) RPO (Song et al., 2024): Extends the
above approaches by optimizing with listwise pref-
erence information. For a fair comparison, we also
use responses sampled from the student model for
these baselines. We use the MCQ selection prob-
ability introduced in Section 4.2 as the score to
rank the responses. For the pairwise preference
optimization methods DPO and SimPO, we se-
lect the responses with the maximum and mini-
mum rewards to form preference pairs. For the
listwise preference optimization method PRO, we
directly sort the scores to form the preference rank-
ing. Please kindly note that constructing preference
pairs using the maximum and minimum scores of
responses is a common practice (Cui et al., 2023;
Meng et al., 2024). Moreover, our preliminary ex-
periments indicate that splitting the entire listwise
response data into multiple pairwise data and train-
ing with DPO/SimPO does not yield significant
performance improvements.

C Additional Experiments and Analyses

Method Alpaca-Eval Arena-Hard
LC (%) WR (%)

Teacher 56.89 76.09
Student 39.51 37.55
DPO 51.93 65.42
SimPO 52.36 66.36
PRO 52.45 68.01
PAD w/ Lvpp 53.32 67.38
PAD w/ Lppp 55.96 69.90

Table 6: Scaling-up Study.

Scaling Up We use GEMMA-2-27B-IT as the
teacher and GEMMA-2-2B-IT as the student. The
overall performance is shown in Table 6. When
employing larger-scale teacher models, our PAD
consistently and significantly enhances the ability
of small models to align with human preferences.
Compared to the main result (§5.2), we observe

13

60
55.27

55

61.16
57.83

61.11 61.82

— Teacher

60.00

60

50 49.62 50.10

46.25
45

39.51]

T

4Sample sizeﬁn
(a) Alpaca-Eval 2.0 LC Win Rate (%)

40

Student
[ et e SRS SR B =3 Win Rate -
f— 1

8

N

8

ol

éample size ?]
(b) Arena-Hard Win Rate (%)

Figure 6: Win Rate with different sample size n.

that when using a more capable teacher, the student
model achieves greater performance improvements,
indicating that the performance gap between the
teacher and student is a key factor in determining
the extent of the student’s enhancement.

Effect of Sample Size We investigate the impact
of the number of sampled responses on PPD, and
the results can be seen in Figure 6. We observe
that as the number of sample size n increases, the
performance of the student model improves accord-
ingly. This indicates that obtaining more feedback
knowledge through extensive sampling from the
text generation space facilitates better alignment of
the student model with the teacher’s preferences.
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