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Abstract

In modern large language models (LLMs),
LLM alignment is of crucial importance and
is typically achieved through methods such
as reinforcement learning from human feed-
back (RLHF) and direct preference optimiza-
tion (DPO). However, in most existing methods
for LLM alignment, all tokens in the response
are optimized using a sparse, response-level
reward or preference annotation. The igno-
rance of token-level rewards may erroneously
punish high-quality tokens or encourage low-
quality tokens, resulting in suboptimal perfor-
mance and slow convergence speed. To address
this issue, we propose AlignDistil, an RLHF-
equivalent distillation method for token-level
reward optimization. Specifically, we introduce
the reward learned by DPO into the RLHF ob-
jective and theoretically prove the equivalence
between this objective and a token-level distilla-
tion process, where the teacher distribution lin-
early combines the logits from the DPO model
and a reference model. On this basis, we fur-
ther bridge the accuracy gap between the re-
ward from the DPO model and the pure reward
model, by building a contrastive DPO reward
with a normal and a reverse DPO model. More-
over, to avoid under- and over-optimization on
different tokens, we design a token adaptive
logit extrapolation mechanism to construct an
appropriate teacher distribution for each token.
Experimental results demonstrate the superi-
ority of our AlignDistil over existing methods
and showcase fast convergence due to its token-
level distributional reward optimization.

1 Introduction

Current large language models (LLMs) have
demonstrated remarkable capabilities in produc-
ing human-desired outputs under different circum-
stances (Bai et al., 2022; Ouyang et al., 2022;
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Figure 1: An overview of our AlignDistil. At token
position ¢, the distribution from the current policy 7y (t)
is guided by a teacher distribution 7* (¢), which is con-
structed from an adaptive extrapolation between logit
distributions from a DPO model and a reverse DPO
model with a weight .

Llama Team, 2024). This is largely achieved by a
key procedure in the post-training of LLMs, i.e.,
LLM alignment with human preference. Existing
solutions for LLM alignment mainly includes rein-
forcement learning from human feedback (RLHF)
(Christiano et al., 2017; Stiennon et al., 2020; Bai
et al., 2022; Ouyang et al., 2022) and direct pref-
erence learning algorithms (Rafailov et al., 2024b;
Azar et al., 2024; Ethayarajh et al., 2024). Therein,
RLHF is a two-stage method that first 1) trains
a response-level reward model based on human
preference labels, and then 2) optimizes the policy
model with RL algorithms under this reward model
while preventing deviation from the initial model.
Alternatively, direct preference learning algorithms,
e.g., direct preference optimization (DPO, Rafailov
et al. 2024b), simplify RLHF via parameterizing
the reward with the policy model and directly train-
ing it on the preference data.

Despite their prevalence, most existing meth-
ods for LLM alignment optimize tokens with a
sparse, response-level reward or preference anno-
tation. However, this response-level feedback is
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coarse-grained and lacks reflection on the indi-
vidual contribution of each token in the response
(Yoon et al., 2024; Li et al., 2024c; Xia et al., 2024;
Yang et al., 2024¢), which may erroneously punish
tokens with high quality or encourage tokens with
low quality. Consequently, those methods based on
response-level feedback have been revealed with
limitations on both performance and convergence
speed (Chan et al., 2024; Zhong et al., 2024; Liu
et al., 2024a).

To address this issue, in this paper, we propose
AlignDistil (as shown in Figure 1), a simple distil-
lation method derived from the RLHF objective for
token-level reward optimization. Specifically, our
method starts from introducing the DPO reward
(Rafailov et al., 2024b) into the original objective
of RLHF. Based on the property of token-level
decomposition of the DPO reward (Rafailov et al.,
2024a), we prove a theoretical equivalence between
the original sequence-level objective of RLHF and
a token-level distillation objective. In this distil-
lation objective, the current policy is guided by
a teacher distribution that linearly combines the
logit distribution output from the two LLMs in the
DPO reward. Built on this theoretical finding, our
AlignDistil further involves two targeted designs
for token-level optimization. Firstly, given that
rewards from DPO generally perform worse than
those from pure reward models (Lin et al., 2024),
we use a contrastive DPO reward for AlignDistil
with a DPO model and a reverse DPO model (Liu
et al., 2024a), which yields better generalization
performance than the vanilla DPO reward. Fur-
thermore, to mitigate imbalanced under- and over-
optimization across different tokens, we design a
token adaptive logit extrapolation mechanism to
construct an appropriate teacher distribution for
each token position. Overall, our AlignDistil uses a
simple distillation objective to achieve token-level
reward optimization. Additionally, its training can
flexibly switch between on-policy and off-policy,
trading off between effectiveness and efficiency.

We evaluate the effectiveness of our method on
three common benchmarks for LLM alignment, i.e.,
AlpacaEval 2.0 (Dubois et al., 2024), MT-Bench
(Zheng et al., 2023) and Arena-Hard (Li et al.,
2024b). Experimental results demonstrate the supe-
riority of our AlignDistil over existing methods and
showcase the effectiveness of the targeted designs
in the method. Moreover, AlignDistil exhibits a
faster convergence speed compared to the variants
with response-level and token-level scalar-type re-

wards, highlighting the advantage of token-level
distributional reward optimization.

In a nutshell, the contributions of this paper are
as follows:

* We build a theoretical equivalence between
RLHF with DPO reward and a distillation pro-
cess, which offers a new perspective for per-
forming token-level reward optimization.

* On this basis, we design AlignDistil, a simple
distillation method with a contrastive DPO re-
ward and a token adaptive logit extrapolation.

* Experimental results showcase that AlignDis-
til significantly outperforms existing meth-
ods and achieves faster convergence due to
the token-level distributional reward optimiza-
tion.

2 Preliminary

2.1 Reinforcement Learning from Human
Feedback

Generally, RLHF contains two stages, i.e., reward
modeling and policy optimization.

Reward Modeling. Reward modeling generally
needs a human-labeled preference dataset with
N samples D = {(x, yw, y1)i} N» Where x is the
prompt from the user, and y,,/y; represents the
human-annotated preferred/dispreferred response.
Then, the human preference within the data is mod-
eled by a reward model using the Bradley-Terry
model (Bradley and Terry, 1952), which optimizes
the reward r4 with the following loss function:

Lrm(9) =

- E

log o (r¢(z, yw) — ez, y1)) |- (1)
(@Y 91)~D ¢ ) ~rol@u }

Policy Optimization. Afterward, the policy
model 7y (i.e., the LLM) is optimized with RL
algorithms like PPO to maximize its expected re-
ward while preventing 7y from being too far from
the reference model 7f:

Jriur(0) =
max E 7"¢(ZC, y) - Blog Tre(y,x) ]7 (2)
1~(D| ) 7Tref(yh:)
y~1e(-|x

where [ is a hyper-parameter to control the
Kullback-Leibler (KL) divergence (Kullback and
Leibler, 1951) from the reference model.
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2.2 Direct Preference Optimization and its
Implicit Reward

Although RLHF is proposed as the initial solution
for LLM alignment, the process is somewhat com-
plicated and expensive. To address this, Rafailov
et al. (2024b) propose direct preference optimiza-
tion (DPO) to directly train the LLLM in the reward
modeling stage. Specifically, they leverage the
closed-form solution of the RLHF objective and
parameterize the reward with a log ratio:

rolz, ) = Blog m L Blog Z(z), ()

where Z(x) is the partition function and indepen-
dent to y. Then the training objective of DPO is
derived by substituting Eq. (3) into Eq. (1):

Lppo(0) = _E(%yw,yz)ND[

To(Yuwlz)
Wref(yw’-r)

o (Y1l %)

)

Besides, Rafailov et al. (2024b) point out that Z (z)
in Eq. (3) can be omitted without loss of generality:

Tdpo (Y|
Tdpo(z,y) = Blog Tapo(y/2)

: 5
Tret (4]7) ©)

and token-level reward (Rafailov et al., 2024a) can
be further represented by

deo(yt|y<tv 90)
Teef (Yt|y<t, T)

poo(x7 Y<it,s yt) = ﬂ lOg (6)

These concise forms of reward further facilitate re-
searches on self-rewarding (Chen et al., 2024a) and
fine-grained optimization (Xia et al., 2024; Zhong
et al., 2024; Yang et al., 2024c). Likewise, in this
work, we also leverage the DPO reward and de-
rive a RLHF-equivalent distillation objective for
token-level reward optimization.

3 Theoretical Analysis: From RLHF to
Policy Distillation

In this section, we provide a theoretical analysis
for RLHF with DPO reward, building a connection
between the objectives of RLHF and distillation.
As presented in Sec. 2.2, DPO parameterizes the
reward with the log ratio between two language
models and trains it with the same objective of
reward modeling. Thus, the first intuition of this

work is to substitute the reward in Eq. (5) trained
by DPO into the original RLHF objective:

JIrrur(0) =
mo(y|)
_ Blog O
wax B [rapoly) = flog ZLEES] )
y~mo(-|z)
= Imax
0
E [ﬂologﬂdL(y'x)— log T2 WIT). }7
z~D ﬂ'ref(y‘m) 7"-ref(y’aj)

y~7o(-|x)

DPO reward KL divergence

®)

where 3y denotes the original coefficient in DPO
training and is a constant in this objective.

It can be found that both the DPO reward and
the KL divergence in Eq. (8) can be decomposed
into the sum of token-level results, which offers
the potential to reformulate this objective into a
token-level form. Through solving this, we build a
connection between RLHF with DPO reward and
a policy distillation process, as described in the
following theorem:

Theorem 1. Under the DPO reward, the RLHF
objective is equivalent to the following token-level
policy distillation objective:

We(y\ﬂﬁ)
olx,y) — flog ——=| (9
max E [po (z,y) — Blog S 9)
y~mo(-|z)

|yl
“up 5, 03
y~mo(-|lz)  t=1

Dk (mo(-|ly<t, ©)||7* (-|y<e, ),  (10)

where Dx1,(+||-) is token-level KL divergence and
7*(-|z, y<¢) is the probability distribution output
by the softmax function on a synthetic logit distri-
bution zj:

_h
B

«_ Bo dpo

Zt*ﬁt

+(1 )zref, (11)

where z? P% and zief denote logit distributions of
the DPO model and the reference model at t-th
token position.

The proof is provided in Appendix A. Theorem
1 indicates that with DPO reward, we can equiv-
alently convert the original sequence-level RLHF
objective into a token-level distillation objective,
thereby naturally achieving token-level reward op-
timization.
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4 AlignDistil

In this section, we will introduce our AlignDistil
motivated by the above theoretical analysis. Built
on the theory, AlignDistil additionally introduces
two intuitive designs, i.e., contrastive DPO reward
(§4.1) and token adaptive logit extrapolation (§4.2).
Lastly, we will conclude the objectives of AlignDis-
til for both on-policy and off-policy training (§4.3).

4.1 Contrastive DPO Reward

Although the DPO reward can theoretically rep-
resent any reward under the Bradley-Terry model
(Rafailov et al., 2024b), it has been pointed out
to be less accurate than a pure reward model in
practice (Lin et al., 2024). We also observe this
phenomenon in our experiments (see Table 2) and
conjecture that this imperfect reward estimation
will impact the final alignment performance. Thus,
in AlignDistil, we parameterize the DPO reward by
a pair of contrastive DPO models (Liu et al., 2024a),
i.e., anormal DPO model and a reverse DPO model
(trained by switch chosen-rejected pairs in training
data). Intuitively, a reverse DPO model is more
appropriate for the DPO reward as it captures neg-
ative features in low-quality data and makes the
reward more discriminative. Formally, this con-
trastive DPO reward can be represented as:

deo(y|m)
Tapo(YlT)

where 7, represents the reverse DPO model.
Note that the contrastive DPO reward introduces
a new model Tapo 1O the objective and increases
the training cost. To solve this, we switch the refer-
ence model in the RLHF objective from the initial
model to the DPO model mqp,,. This not only saves
the required models in training, but also moves the
reference model forward for better alignment. Af-
terward, the objective of RLHF in Eq. (9) becomes:

Tctr(xv y) = Bolog (12)

deo(y|$) W@(ykc)
log ——"—~ — Blog ——~2"—"|.
e zilj:D [50 °8 Tano(Y]2) Plog Tapo(Y[T)
Yy~ (-] 2) P
(13)

Correspondingly, the synthetic logit distribution in
Eq. (11) also changes to

2 =1+ B;)zfpo — %ZSPO (14)
= P 4 @(thpo — 27y (15)
— B

DPO distribution
reward distribution

The detailed derivation can be referred to in Ap-
pendix B. Given that 3y > 0 and 8 > 0, this equa-
tion strictly describes an extrapolation between
logit distributions of the DPO model and the re-
verse DPO model. The extrapolation is crucial
for pushing the current policy to surpass the DPO
model, since it constructs a stronger aligned distri-
bution by removing some “negative’” information
from the reverse DPO model and has been proven
effective in (Liu et al., 2024b).

4.2 Token Adaptive Logit Extrapolation

Although logit extrapolation theoretically provides
a stronger distribution, we find that it is tricky to
select an appropriate 5 in practice. Specifically, a
large [ yields a small % and may result in under-
optimization, while a small 8 produces a drastic
distribution and tends to over-optimize the current
policy. Considering that tokens in the sequence
have different tendencies, we design a token-level
adaptive weight to adjust % for each token posi-
tion. Specifically, we use the total variation dis-
tance (TVD)! (Levin and Peres, 2017) between the
DPO distribution and the reverse DPO distribution
to calculate a coefficient oy for position ¢:

ar =Dpyp(t) *r+e € [e,r + €, (16)
where Dryp(t) = § 0, cp [Tapo(yely<t, ) —
Tapo(Yt|Y<t, )|, V is the vocabulary, r is a hyper-
parameter to control the upper-bound of the coef-
ficient, and e = 0.001 is a small value to avoid
a3 = 0. The intuition is that when DPO distribu-
tion is far from the reverse one, this position may
have a key impact on the final reward and thus
should learn from a stronger teacher distribution.
Accordingly, we modify Eq. (15) as follows:

2 =20 a2 — 2Py (17)

Note that we replace the constant B0 with an adap-
tive weight oy, and thus the static 5 in Eq. (10)
0

also becomes adaptive as 5; = G

4.3 Opverall Objectives

The theoretical objective of AlignDistil follows
Eq. (10) with a synthetic teacher distribution 7*
calculated from Eq. (17). It defines AlignDistil
as an on-policy algorithm. Practically, the loss for
on-policy training of AlignDistil relies on Monte-
Carlo sampling to estimate the expectation in Eq.

'We choose TVD since it is symmetric and computation-
ally efficient with a limited range in [0, 1].
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(10) and calculate the token-level distillation loss:

AD = (18)
|9
EPM 2 Dra (ol ti<t, )l Cloe, )
mEB

where B represents the mini-batch of prompts sam-
pled from the prompt dataset {(z);}y and g is
sampled from 7y (-|z). As this loss function is ac-
tually a supervised distillation loss, we can also
construct an off-policy version using a prompt-
response dataset {(z,y);} n:

£ = (19)

ly|
’1‘ S ﬁZDKL o -[y<t, )|l (Clyct, ).

z,y)EB
5 Experiments

In this section, we present the experimental setups
and showcase the evaluation results of our method.

5.1 Experimental Setup

Models. In our experiments, we use two instruct
models, i.e., Qwen2-1.5B-Instruct (Yang et al.,
2024a) and Qwen2.5-1.5B-Instruct (Yang et al.,
2024b) as the initial models for further alignment.

Datasets and Training. Following most previous
work (Meng et al., 2024), we use UltraFeedback
(Cui et al., 2023) as the training dataset, which
contains about 63K prompts and corresponding
response pairs with preference annotation. Specifi-
cally, for DPO and reward modeling, we use both
the prompts and the response pairs for training,
while for other on-policy methods including ours,
we only use the prompts for training. For off-policy
AlignDistil, we use the prompts and the preferred
response in UltraFeedback. For all experiments,
we train the initial model for 1 epoch, with a batch
size of 128, a learning rate of le-6, and a warmup
ratio of 0.1. All our experiments are conducted on
8 x A100-40G GPUs. More training details are
provided in Appendix C.

Evaluation. Following the common practice
(Meng et al., 2024; Kim et al., 2024), we choose the
following three benchmarks to evaluate the align-
ment performance of all the models:

* AlpacaEval 2.0 (Dubois et al., 2024) consists
of 805 instructions with the responses of GPT-
4 as the baseline. The evaluated responses

are compared with the baseline by an LLM
evaluator. We report the win rate (WR) and
the length-controlled win rate (LC WR) for
each model, where the LC WR is designed to
eliminate the length bias in LLM-as-Judge.

* MT-Bench (Zheng et al., 2023) contains 80
multi-turn questions and assesses the quality
of responses with scores between [1, 10] by
an LLM evaluator. We report the scores in
the 1st turn (1st Turn) and the 2nd turn (2nd
Turn) and the final averaged scores (Avg.).

* Arena-Hard (Li et al., 2024b) incorporates
500 technical problem-solving queries with
the responses of GPT-4 as the baseline. We
report the win rate (WR) and the style-
controlled win rate (SC WR) to mitigate the
style bias in LLM evaluation.

We choose Qwen2.5-72b-Instruct as the auto-
matic evaluator since we find that it achieves com-
parable judgment performance with GPT-4 with a
much lower price (see Table 5).

5.2 Baseline Methods

We compare our method to the following methods:

DPO. DPO (Rafailov et al., 2024b) is the most
common direct preference learning method. The
model trained by DPO is used both as a baseline
and to calculate rewards for our method.

KTO. KTO (Ethayarajh et al., 2024) is a direct
preference learning method like DPO but optimizes
on the non-paired preference data.

TDPO. Zeng et al. (2024) propose token-level
DPO (TDPO) by equipping DPO reward with
token-level forward KL constraint. This method
contains two versions, i.e., TDPO; and TDPO,.

SimPO. SimPO (Meng et al., 2024) is also a di-
rect preference learning method and further simpli-
fies DPO by removing the reference model.

PPO. PPO (Schulman et al., 2017) is selected
as the default RL algorithm for RLHF, which op-
timizes the advantages of the policy estimated by
generalized advantage estimator (GAE).

RTO. Zhong et al. (2024) propose reinforced to-
ken optimization (RTO) by substituting token-level
DPO reward from Eq. (6) into PPO.

The implementation details for these baselines
are provided in Appendix C.
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Methods

AlpacaEval 2.0

MT-Bench

Arena-Hard

| LCWR (%) WR (%) | 1st Turn  2nd Turn

Avg. ‘ WR (%) SC WR (%)

Owen2-1.5B-Instruct

Initial Model 3.10 1.99 6.11 5.15 5.63 1.8 2.8
DPO (Rafailov et al., 2024b) 6.42 5.03 6.19 5.59 5.89 3.0 3.6
DPOg_g 01 (Rafailov et al., 2024b) 10.72 11.61 6.70 6.06 6.38 7.0 6.8
KTO (Ethayarajh et al., 2024) 7.16 6.34 6.54 5.55 6.05 34 4.2
SimPO (Meng et al., 2024) 8.19 9.63 5.94 571 5.83 6.9 4.2
TDPO; (Zeng et al., 2024) 6.58 4.60 6.53 5.64 6.08 32 3.9
TDPO; (Zeng et al., 2024) 3.59 242 6.25 5.06 5.66 1.3 1.9
PPO (Schulman et al., 2017) 4.86 4.41 6.76 5.51 6.13 2.7 3.0
RTO (Zhong et al., 2024) 8.92 9.32 6.46 6.06 6.26 6.7 59
Off-Policy AlignDistil (ours) 11.79 14.29 6.83 5.68 6.25 10.5 6.0
On-Policy AlignDistil (ours) 12.93 15.65 6.89 6.13 6.45 11.0 6.7
QOwen2.5-1.5B-Instruct
Initial Model 12.57 8.94 7.15 6.05 6.60 16.8 12.7
DPO (Rafailov et al., 2024b) 14.35 10.74 7.39 6.58 6.98 17.1 14.8
DPOg_g 01 (Rafailov et al., 2024b) 14.09 14.29 7.36 6.54 6.95 16.2 15.5
KTO (Ethayarajh et al., 2024) 14.07 10.00 7.41 6.59 7.00 15.0 12.3
SimPO (Meng et al., 2024) 11.61 9.81 7.43 6.96 7.20 4.0 4.0
TDPO; (Zeng et al., 2024) 13.19 9.94 7.45 6.66 7.06 16.5 14.1
TDPO; (Zeng et al., 2024) 13.64 9.07 7.57 6.48 7.02 15.8 13.0
PPO (Schulman et al., 2017) 18.06 12.67 7.60 6.81 7.21 15.9 13.7
RTO (Zhong et al., 2024) 16.54 15.53 7.37 6.51 6.94 18.2 16.6
Off-Policy AlignDistil (ours) 21.16 24.29 7.62 6.53 7.07 24.1 21.8
On-Policy AlignDistil (ours) 19.45 22.11 7.65 6.98 7.31 24.0 23.0

Table 1: Evaluation results of baselines and our AlignDistil on three benchmarks. The best results are bolded.

“DPOg—0.01” represents DPO training with 5 = 0.01.

5.3 Main Results

The evaluation results on three benchmarks are
listed in Table 1. We can draw several conclusions
from the results: 1) Overall, both on-policy and
off-policy AlignDistil significantly outperform
baseline methods. Although the teacher distri-
butions in our AlignDistil are constructed from
DPO models, the performance of AlignDistil sur-
passes DPO by a notable margin (e.g., over 6 %
improvement for length-controlled win rates on
AlpacaEval 2.0). since Liu et al. (2024b) reveal
that logit extrapolation in inference is similar to
rescale § in DPO training, we also implement an-
other DPO with 8 = 0.01 (noted as DPOg—g.01).
We observe that rescaling 3 does not always lead
to improvement (e.g., the results on Qwen2.5-1.5B-
Instruct), which indicates that a simple logit extrap-
olation may not stably improve the performance
and the design of the contrastive DPO reward and
token adaptive logit extrapolation are necessary. 2)
AlignDistil yields better token-level LLM align-
ment. TDPO, ; introduces token-level KL con-

straint for DPO, while this constraint may limit
the performance on small models. Besides, RTO
introduces token-level DPO rewards into PPO and
exhibits strong performance, especially surpassing
PPO significantly on Qwen2-1.5B-Instruct. This
superiority highlights the benefits of token-level
rewards in LLM alignment. Nevertheless, our
AlignDistil performs even better than RTO on both
models since we further leverage the whole reward
distribution instead of the scalar reward on the
predicted token for optimization. 3) Off-policy
AlignDistil performs competitively to the on-
policy version. Different from most methods for
LLM alignment, our AlignDistil can work under
both on-policy training and off-policy training. On
Qwen2-1.5B-Instruct, on-policy AlignDistil per-
forms better, while off-policy AlignDistil performs
comparably with the on-policy one on Qwen2.5-
1.5B-Instruct. We conjecture that for the DPO
reward, the data for off-policy AlignDistil is in-
distribution, while the data for on-policy AlignDis-
til is generated by the current policy model and is
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Reward Train Test AE2
Acc. (%) | Acc. (%) | LC. (%)
Reward Model 70.41 71.19 -
DPO Reward 72.85 69.53 16.51
Contrastive DPO Reward 74.71 71.29 19.45

Table 2: Reward accuracy of different types of rewards
on 1000 samples from the training set and test set of
UltraFeedback and the corresponding length-controlled
win rate on AlpacaEval 2.0. All models are based on
Qwen2.5-1.5B-Instruct.

out-of-distribution. These promising results sug-
gest the off-policy AlignDistil as an efficient and
effective method for LLM alignment.

6 Analysis

In this section, we first conduct the ablation
study by separately analyzing the two designs in
AlignDistil, i.e., the contrastive DPO reward (§6.1)
and the token adaptive logit extrapolation (§6.2).
Then we showcase the advantage of our AlignDistil
on the convergence speed (§6.4).

6.1 DPO Reward: Contrastive vs. Vanilla

Lin et al. (2024) reveal that DPO reward often
shows inferior generalization performance than
a pure reward model. We also verify this phe-
nomenon in Table 2. Specifically, we calculate
the response-level accuracy of different types of
rewards on the training set and the test set of Ul-
traFeedback. Table 2 shows a performance gap
between the DPO reward and the reward model.
By contrast, the contrastive DPO reward not only
shows better accuracy than the vanilla DPO re-
ward on training data, but also generalizes better
on test data, even surpassing the reward model.
Correspondingly, our on-policy AlignDistil with
the contrastive DPO reward outperforms the one
with the vanilla DPO reward on AlpacaEval 2.0.
This performance gain can be attributed to the re-
verse DPO model, which captures subtle features in
low-quality responses and implicitly doubles the
trainable parameters in the DPO reward. There-
fore, the contrastive DPO reward plays a key role
in our AlignDistil.

6.2 Effect of Adaptive Logit Extrapolation

In our AlignDistil, we design a token adaptive logit
extrapolation before constructing the teacher distri-
bution. The motivation is that a constant extrapola-
tion weight % for all tokens tends to over-optimize

AE2
Dk (7| Tdpo) 4 ‘ Avg. Length | ‘

g ‘ LC. (%) T
1.0 constant 10.16 2332 18.40
1.2 constant 13.95 2481 18.33
1.5 constant 20.71 2973 19.49
1.8 constant 28.55 3644 21.87
2.0 constant 34.52 4434 25.17
o | token adaptive | 22.95 | 2424 | 2116

Table 3: Comparisons between constant extrapolation
weight and token adaptive extrapolation weight. The
training is off-policy to mitigate the impact of data.

Methods ‘ Win Rates (%) ‘ Avg. Reward
SFT 50% 0.55
DPO 85.7% 1.67
PPO 87.7% 2.22
RTO 90.8% 1.98
Off-Policy AlignDistil 92.8% 2.28
On-Policy AlignDistil 92.5% 2.46

Table 4: Win Rates (%) compared to SFT baseline
and the average reward scores of different methods on
TL;DR.

or under-optimize on some tokens. Therefore, we
explore whether this motivation holds. Specifically,
we set the extrapolation weight % to a constant
and test the performance and the KL divergence
from the DPO model 7qp,, as well as the average re-
sponse length under different constants. As shown
in Table 3, when the constant is small (e.g., 1.0
and 1.2), the teacher distribution is similar to the
distribution of the DPO model 7qp,, reflecting by
a small KL divergence. However, the mild ex-
trapolation also limits the strength of the teacher
distribution and leads to under-optimization of the
current policy. By contrast, although a large ex-
trapolation weight (e.g., 1.8 and 2.0) indeed yields
better performance on AlpacaEval, the current pol-
icy is over-optimized, showcasing too much devia-
tion from the DPO model and extremely increasing
the response length. Compared to these constant
values, our token adaptive extrapolation weight
considers the individual characteristics of differ-
ent tokens and assigns an appropriate weight for
each position, thus achieving a balance between
performance and deviation.

6.3 Performance on TL;DR

To further evaluate the performance of our
AlignDistil, we also conduct experiments using
Qwen2.5-1.5B on TL;DR (Stiennon et al., 2022).
For evaluation, we calculate the win rate of each
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Figure 2: Convergence curves of token averaged reward
from optimization on the sentence-level, token-level
scalar-type, and token-level distributional reward.

method compared to SFT with Qwen2.5-72B-
Instruct as the judge model. Besides, we calculate
the average reward of each method by averaging
the reward scores from the reward model in PPO
training. More details on training and evaluation
are listed in Appendix C.2. As shown in Table 4, all
alignment methods significantly outperform vanilla
SFT. On this basis, PPO further outperforms DPO
on both win rates and reward, showcasing the ben-
efits of RL training. RTO shows a better win rate
than PPO, while the reward is lower than that of
PPO. The reason we conjecture is that PPO directly
optimizes this reward, while RTO optimizes the
DPO reward. Despite this, both our off- and on-
policy AlignDistil surpass PPO and RTO on both
metrics, which demonstrates the consistently ex-
ceptional performance of our method on different
benchmarks.

6.4 Convergence Speed

As noted in previous literature (Chan et al., 2024;
Zhong et al., 2024), token-level reward optimiza-
tion generally yields a faster convergence speed
than sentence-level reward optimization. We also
test the convergence speed of our AlignDistil.
Specifically, we train the on-policy AlignDistil
with a static 5 on a subset (10k prompts) of Ul-
traFeedback. For comparison, we implement a
sentence-level optimization method that optimizes
the overall reward on the whole response as a bandit
problem? and a REINFORCE-based method that
optimizes on token-level scalar-type DPO rewards.

’The final reward involves the same contrastive DPO re-
ward and KL constraint as AlignDistil.

The coefficient 3 is set to 0.08 for all methods?.
The convergence curves on token averaged reward*
corresponding to the training steps are plotted in
Figure 2. It is shown that sentence-level reward op-
timization yields the poorest convergence, signifi-
cantly lagging behind token-level rewards, which is
consistent with the conclusion in (Chan et al., 2024,
Zhong et al., 2024) Moreover, although token-level
scalar reward boosts the convergence speed, our
AlignDistil still has a more than 2 faster conver-
gence speed. The reason is that the optimization of
AlignDistil leverages the whole reward distribution
instead of a single scalar reward, allowing exact
calculation of the reward expectation at each to-
ken position. This comparison sufficiently demon-
strates the benefits of our AlignDistil on token-level
reward optimization.

7 Related Work

Fine-Grained LLM Alignment. Existing meth-
ods for LLM alignment are criticized for optimiz-
ing sparse, coarse-grained rewards. To address this,
(Lightman et al., 2023) propose the process reward
model (PRM) trained with step-level human anno-
tations for complicated LLM reasoning. On this ba-
sis, several methods are proposed to automatically
collect step-level rewards without human annota-
tion (Wang et al., 2024; Luo et al., 2024; Yuan et al.,
2024). Besides, Cao et al. (2024) extract span-level
rewards from LLM critiques to enhance the PPO
algorithm. Furthermore, there are solutions for
token-level reward signals via edit distance (Guo
et al.; Chen et al., 2024b), attention scores in the re-
ward model (Chan et al., 2024), and reward model
outputs on intermediate tokens (Li et al., 2024a).
Additionally, Rafailov et al. (2024a) reveal that
DPO also automatically learns token-level reward.
Afterward, this token-level DPO reward is applied
to existing alignment methods like DPO (Liu et al.,
2024a; Yang et al., 2024c) and PPO (Zhong et al.,
2024) or new algorithms (Xia et al., 2024). Follow-
ing this line, we also leverage the DPO reward in
our method, while the difference is that we further
exploit the distributional information in this reward
for more sufficient optimization.

Knowledge Distillation for LLMs. Knowledge
distillation (KD, Hinton, 2015) is proposed as an es-
sential technique for compressing neural networks.

3Implementation details are provided in Appendix E.

*The token averaged reward is used to mitigate the length
bias in DPO reward.
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With the emergence and development of LLMs,
KD has attracted more attention to reduce the nu-
merous parameters in LLMs. In this context, KD
methods are divided into white-box KD (Hinton,
2015) and black-box KD (Kim and Rush, 2016),
depending on whether the weight of the teacher
model can be obtained. For white-box KD, ap-
proaches typically bridge probability distributions
(Agarwal et al., 2024; Gu et al., 2024; Ko et al.,
2024; Zhang et al., 2024, 2025) or intermediate fea-
tures (Wang et al., 2020) between the teacher model
and the student model. Intuitively, this process
transfers sufficient information from the teacher
model, thus often used for pre-training small yet
powerful LLMs (Team et al., 2024; Meta, 2024).
In contrast, black-box KD is actually more widely
used for LLMs as it only requires collecting outputs
from the teacher model and supervised fine-tuning
the student model (Taori et al., 2023; Chiang et al.,
2023; Tunstall et al., 2023). Different from these
methods, our AlignDistil is derived from RLHF
and aims for token-level reward optimization.

8 Conclusion

In this paper, we aim at the fine-grained LLM align-
ment problem and propose AlignDistil as the so-
lution. Specifically, we introduce the DPO reward
into the objective of RLHF and theoretically build
an equivalence between RLHF and token-level pol-
icy distillation. On this basis, we design two com-
ponents in our AlignDistil, i.e., the contrastive DPO
reward and token adaptive logit extrapolation, for
better performance and stable optimization. Ex-
perimental results on prevalent alignment bench-
marks sufficiently demonstrate the superiority of
our AlignDistil compared to existing methods for
LLM alignment. Moreover, we showcase that the
token-level distributional reward optimization in
AlignDistil offers a faster convergence speed than
sentence-level and token-level scalar-type rewards.

Limitations

Due to the resource limitation, the evaluation of
our AlignDistil is limited to small language models
(~1.5B). The evaluation of AlignDistil on larger
models is still under-explored, and we leave this
for future work.
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A Proof of Theorem 1

Here we recall Theorem 1:

Theorem. Under the DPO reward, the RLHF objective is equivalent to the following token-level policy
distillation objective:
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where D1, (+||-) is token-level KL divergence and 7w*(-|x, y<¢) is the probability distribution output by the
softmax function on a synthetic logit distribution z} :
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where z? and z ref denote logit distributions of the DPO model and the reference model at t-th token
position.

Proof. First, we need to decompose the objective of RLHF into token level. Inspired by Wen et al. (2023),
we derive the decomposition process from the objective in Eq. (8):
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Eq. (28) is derived by decomposing the expectation in Eq. (26) at the last step and exactly calculating it.
Likewise, we can recursively decompose the expectation from step 7' — 1 to step 1 and obtain the final
token-level representation:

|yl

~ , L U y L
JrLur(0) = max E SN moluly<r [50 log Tapo(Yely<t: ) _ Blog M} (29)
6 y~7r9( \:v) =1 yreV Tref (yt‘y<ta .’IJ) 7Tref(yt|y<t7 33)
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Then, we reorganize the log ratio in Eq. (40):

|y|

= Tidpo\Yt|Y<t, T o y &
jRLHF(e) = max E Z Z Tp yt|y<t7 |:B0 IOg po( t| <t ) . 510g (yt|y<t )
0 7Tref(yt |y<t7 .73) Tref (yt ‘y<t’ x)
y~7re( |z) t=1 y€V
]
=max B BY > mo(yily<s, [ 10g Tapo (Yt|y<t, )
ymg(fr) =1 eV
Bo
+(1— F) log Tref (Ye|y<t, ) — log mo(yey<t, x)} (30)

Here we introduce an equivalence between log probabilities and logits, i.e., when

e

p(i) = — (1)
Z' | e
we have
4
log p(1) — log Z e, (32)
Then, we substitute Eq. (32) into Eq. (30):
B ly|
Trrur(0) = max B BY D mo(uily<s, [ 10g Tdpo (Yt|y<t, )
yNM( lz) t=1y€V
+ (1= )08t (lyer, ) ~ log il )| (3)
d Bo _a Bo
=max BB Y mlulyen )| G+ (= D) + 7~ logmo(uly<i, )|
NIND t=1 y; €V
y~mo(-|z)
(34)
lyl
= y L ;=1 ; ] ) 35
max mil?D ,BZ Z To(Yely<t, @ [ z; — log mo(yely<t, ) (35)

y~mo (o) =L weeV

where z* = % z? Pe (11— Bb? )zief, and Z is a constant representing the logsumexp term in Eq. (32).
Thus, it has no influence on the expectation and can be omitted in the later calculation. Then we leverage
the equivalence again and convert the logits back to log probabilities:

|y
Jrrnr (9) = max E BY S mo(uily<s { i —log mo(yely<t, )
yrg(fr) =1 eV

ly|

=max K 522779 Yiely<t, @ {logw (yely<t, z) — log mo(ys|y<t, ) (36)
ymo(fe) =1 0eEV

|yl

S B, 933 sl os 0
ymo () =L vV
ly|
= mein xiED BZ Z Dy (7o (ye| 2, y<o) 17" (ye ]2, y<t))- (38)
y~mg(fo) =L wEV
Thus, the theorem is proved. O
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B Derivations for Changed Logit Distribution

As shown in Eq. (13), we rewrite the objective of RLHF under the contrastive DPO reward as follows:

jRLHF(H) =max [ [6glog dpo( ) — Blog M} (39)
’ y~x7r~9%~)|x) Tapo (Y1) Tapo(y)

Correspondingly, the token-level objective becomes

yl

e _ Tdpo (Yt|Y<t, )_ o (Yt|y<t, )
Jreur(0) = max E Z Z o (Yely<t, T [50 log ——————— — Blog }

dpo(yt’y<t7 ) Tapo (Yt|y<t, T)
(40)

yma o) =1 €V

|y]

= meax E BZ Z 7o (Ye|y<t, ) [( B;)logﬂdpo(ytw«,x)

y~7re( |z) t=lwey

p _
— EO log 6 (Ytly<t, @) — log mo (yely<t, w)] : (41)

The following derivation is similar to the one after Eq. (30) and thus omitted.

C

Implementation Details

In this section, we provide details on the implementation of baseline methods and our AlignDistil. All our
implementation is based on the open-source toolkit OpenRLHF>.

Cl1

UltraFeedback

Below, we list the individual settings for each method on UltraFeedback:

DPO (default setting): we set 3 = 0.1 and optimize the model on UltraFeedback;
DPOg— 01: the only difference compared to DPO (default setting) is 5 = 0.01;
KTO: we set 8 = 0.1 and use the unpaired version of UltraFeedback for training;
TDPO;: similar to DPO in the default setting, we set 5 = 0.1;

TDPO->: TDPO, introduces a new hyper-parameter « to control the intensity of KL term and we
find that o = 0.1 works best in our experiments;

SimPO: SimPO involves two hyper-parameters, i.e., 8 and a ratio % which are needed fine-grained
tuning to achieve ideal performance. Specifically, for both models, we set 5 = 10 and % = 0.5 after
extensive tuning.

PPO: Before PPO, we first train a reward model on UltraFeedback based on Qwen2.5-1.5B-Instruct.
We use the same reward model for both initial models since we find the reward model based on
Qwen2-1.5B-Instruct leads to unstable PPO optimization. Afterward, we mainly follow the suggested
settings in OpenRLHF for PPO training, e.g., setting the critic learning rate to 9e-6, rollout batch
size to 1024, and the KL coefficient to 0.01.

RTO: The procedure of RTO is similar to PPO, except for the token-level DPO reward
Blog %ﬂ;“’; We use the DPO model in the default setting with 5 = 0.1 to calculate the
DPO reward. Besides, RTO set 35 as the KL coefficient in PPO. In our experiment, we find RTO is

sensitive to B2 and tends to produce overly long responses. Thus, we set B2 = 0.05 as an appropriate

Shttps://github.com/OpenRLHF/OpenRLHF
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value for stable training. After our experiments, the authors of RTO update their methods to fix this
issue in the latest (v3) version of the paper (Zhong et al., 2024). Despite better performance, this
update is a concurrent work with ours and our implementation of RTO is still based on the v2 version
of the paper.

* On-Policy AlignDistil: The on-policy AlignDistil uses the DPO model in the default setting as
well as a reverse DPO model trained by switching the chosen/rejected responses in DPO training.
For on-policy AlignDistil, we only use the prompts in Ultrafeedback and sample responses from
the current policy. The hyper-parameter r for token adaptive logit extrapolation is set to 20 for
Qwen2-1.5B-Instruct and 15 for Qwen2.5-1.5B-Instruct.

» Off-Policy AlignDistil: For off-policy AlignDistil, we use both the prompts and the chosen responses
in Ultrafeedback for training. The hyper-parameter 7 is set to 10 for Qwen2-1.5B-Instruct and 15 for
Qwen2.5-1.5B-Instruct.

C.2 TL;DR

Here, we provide the implementation details of the experiments on TL;DR.

Training. We start from the base model Qwen2.5-1.5B-Base and first conduct SFT on the SFT version
of TL;DRS. Based on the checkpoint after SFT, we further apply LLM alignment algorithms, including

DPO, PPO, RTO and our AlignDistil using the preference dataset of TL;DR’. The configurations of all
training procedures are listed below:

* SFT: We train the Qwen2.5-1.5B model on the SFT dataset of TL;DR dataset for 1 epoch, with a
batch size of 128 and a learning rate of 2e-5.

* Reward Modeling: Based on the checkpoint after SFT, we train a reward model on the preference
data of TL;DR dataset for 1 epoch, with a batch size of 128 and a learning rate of 1e-6. This model
is used for both PPO training and evaluation.

¢ DPO: In DPO training, 3 is set to 0.1. The batch size and the learning rate are set to 128 and 1e-6
for DPO and all the following methods.

e PPO: The learning rate of the critic model is set to 9e-6 and the KL coefficient is set to 0.01. Other
settings follow the default settings in OpenRLHF.

¢ RTO: Sissetto 0.1 and 3 is set to 0.05. Other settings are kept the same with PPO.
* Off-Policy AlignDistil: r is set to 1.
* Off-Policy AlignDistil: r is set to 2.

Evaluation. During evaluation, we randomly sample 1000 items of data from the validation set of
TL;DR-preference. We use Qwen2.5-72B-Instruct to judge the win rates of different methods against SFT.
The prompt for judgement follows (Ahmadian et al., 2024). Moreover, we leverage the reward model
trained for PPO to measure the average reward of the models after different methods.

D Performance for Qwen2.5-72B-Instruct as Judge

Qwen2.5-72B-Instruct has been demonstrated as a strong open-source model with comparable perfor-
mance against the state-of-the-art LLMs. Following the tools for evaluating LLLM-as-Judge provided in
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Evaluators Human Agreement Price [$/1000 examples] Spearman corr. Pearson corr.

alpaca_eval_gpt4 69.17 13.60 0.97 0.93
alpaca_eval_gpt4_turbo_fn 68.09 5.53 0.93 0.82
Qwen2.5-72B-Instruct 67.63 0 0.92 0.86
weighted_alpaca_eval_gpt4_turbo 65.73 4.32 0.78 0.77
humans 65.66 300 1.00 1.00

Table 5: Comparisons of Qwen2.5-72B-Instruct and some top evaluators on the AlpacaEval leaderboard in terms of
performance and cost. We select several key columns from the leaderboard.

the repository® of (Dubois et al., 2024), we test the evaluation performance for Qwen2.5-72B-Instruct and
list the performance in Table 5.

As shown in Table 5, Qwen2.5-72B-Instruct achieves comparable human agreement with
alpaca_eval_gpt4_turbo_fn and alpaca_eval_gpt4 with a much lower price since we can de-
ploy the model with vVLLM locally. Moreover, compared to the official recommended evaluator
weighted_alpaca_eval_gpt4_turbo, Qwen2.5-72B-Instruct performs significantly better on both per-
formance and cost. Thus, we choose Qwen2.5-72B-Instruct as the evaluator for the three benchmarks.

E Implementation Details for Convergence Speed Comparison

To evaluate the convergence speed of our AlignDistil, we use two methods that optimize sentence-level
(response-level) rewards and token-level scalar-type rewards, respectively. For sentence-level optimization,
we use the contrastive DPO reward on the whole sequence and calculate the gradient of the policy model
as follows:

lyl
1
VoT (0) =1 [ZTC‘JT(JU’:’/)V@ log g (yt|y<t, ) — BVglog Ly\x)}

42
‘y’ — deo(y’x) (42

For token-level optimization with scalar-type rewards, we optimize token-level contrastive reward with a
REINFORCE algorithm:

|y]

1
VoJ (0) = ol Z [Gtve log 7o (ye|y<t, ©) — BVeDxr (o (-|y<t, ©)||Tapo (-[y<t, )|,  (43)
t=1

where Gy = Zly:‘t Tetr (%, Y<i, yi) is the return at position .

°https ://huggingface.co/datasets/trl-1lib/tldr
"https://huggingface.co/datasets/trl-1ib/tldr-preference
8https://github.com/tatsu-lab/alpaca_eval
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