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Abstract

Direct Alignment Algorithms (DAAs), such
as Direct Preference Optimization (DPO) and
Simple Preference Optimization (SimPO), have
emerged as efficient alternatives to Reinforce-
ment Learning from Human Feedback (RLHF)
algorithms for aligning large language mod-
els (LLMs) with human preferences. How-
ever, DAAs suffer from a fundamental limi-
tation we identify as the “reward-generation
gap”—a discrepancy between training objec-
tives and autoregressive decoding dynamics. In
this paper, we consider that one contributor to
the reward-generation gap is the mismatch be-
tween the inherent importance of prefix tokens
during the LLM generation process and how
this importance is reflected in the implicit re-
ward functions of DAAs. To bridge the gap, we
adopt a token-level MDP perspective of DAAs
to analyze its limitations and introduce a simple
yet effective approach called Prefix-Oriented
Equal-length Training (POET), which trun-
cates both preferred and dispreferred responses
to match the shorter one’s length. We conduct
experiments with DPO and SimPO, two rep-
resentative DAAs, demonstrating that POET
improves over their standard implementations,
achieving up to 11.8 points in AlpacaEval 2 and
overall improvements across downstream tasks.
These results underscore the need to mitigate
the reward-generation gap in DAAs by better
aligning training objectives with autoregressive
decoding dynamics.

1 Introduction

Large language models (LLMs) (Brown et al.,
2020; Touvron et al., 2023; Al@Meta, 2024)
have demonstrated remarkable capabilities across
a wide range of tasks, including instruction fol-
lowing (Zhou et al., 2023), mathematical problem
solving (Cobbe et al., 2021; Shao et al., 2024), and
coding generation (Chen et al., 2021; Roziere et al.,
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Figure 1: During autoregressive generation, LLMs
generate tokens sequentially from left to right. Al-
though DAAs are optimized to ensure r(z,y,) >
r(x,y;) over entire sequences, they do not guarantee
that 7(x, Yw,<k) > r(x, y;, <) for prefixes.

2023). An important step in the training of LLMs is
“alignment”, which refers to aligning LLMs with
human intentions and values, ensuring they are
helpful, honest, and harmless (Askell et al., 2021).
Learning from human feedback plays a crucial role
in LLM alignment, and a popular paradigm for
this is Reinforcement Learning with Human Feed-
back (RLHF) (Christiano et al., 2017; Ziegler et al.,
2019; Ouyang et al., 2022; Bai et al., 2022). The
RLHF pipeline typically involves a three-stage pro-
cess: supervised fine-tuning, reward modeling, and
policy optimization. While effective, RLHF faces
challenges including training instability, computa-
tional inefficiency, and high sensitivity to hyper-
parameters (Zheng et al., 2023b; Santacroce et al.,
2023), motivating the exploration of alternative ap-
proaches.

To simplify the alignment process, researchers
have developed Direct Alignment Algorithms
(DAAs) (Rafailov et al., 2024a), such as Di-
rect Preference Optimization (DPO) (Rafailov
et al., 2023) and Simple Preference Optimization
(SimPO) (Meng et al., 2024). DAAs bypass the
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need for explicit reward modeling and reinforce-
ment learning in RLHF, instead directly perform-
ing preference optimization based on a reference
dataset. The simplicity and effectiveness of DAAs
have made them an attractive alternative to RLHF.

The DAAs are optimized to increase the reward
of preferred responses while reducing the reward
of dispreferred ones (Ethayarajh et al., 2024; Azar
et al., 2023; Zhao et al., 2023), where some can
be expressed as implicit reward functions based on
different manifestations of likelihoods (Rafailov
et al., 2023; Meng et al., 2024). However, a known
issue with DAAs is that they may decrease the
reward of preferred responses as long as the re-
ward margins between preferred and dispreferred
responses increase (Rafailov et al., 2023; Pal et al.,
2024). More importantly, Shi et al. (2024) found
that neither a higher reward of preferred responses
nor larger reward margins necessarily lead to bet-
ter performance, suggesting a deeper issue in how
DAAs connect optimization objectives to LLM’s
performance.

In this paper, we identify this issue as the
Reward-Generation Gap in DAAs—a fundamen-
tal misalignment between DAAS’ training objec-
tives and the autoregressive decoding dynamics of
LLMs. To bridge this gap, we adopt a token-level
MDP perspective of DAAs to analyze their limi-
tations. Our subsequent theoretical and empirical
analysis provides the motivation for our proposed
method. Building on these insights, we propose a
simple yet effective data augmentation approach,
Prefix-Oriented Equal-length Training (POET),
which truncates both preferred and dispreferred re-
sponses in each sample to match the shorter one’s
length, resulting in diverse truncated lengths across
samples. Training with POET, the optimization of
DAASs’ objective is implicitly constrained to con-
verge across all timesteps of token-level MDP.

We conduct extensive experiments with DPO
and SimPO under various experimental settings,
demonstrating that POET consistently improves
over their standard implementations. POET
achieves up to 11.8 points gain on AlpacaEval 2 (Li
et al., 2023; Dubois et al., 2024). Experiments on
downstream tasks also show overall improvements
across various benchmarks. Our analysis further
reveals that POET effectively bridges the reward-
generation gap by generating better prefixes. !

'Our code is publicly available at https://github.com/
sustech-nlp/POET.

2 Reward-Generation Gap in DAAs

2.1 Background

In RLHF (Ouyang et al., 2022; Stiennon et al.,
2020; Li et al., 2016; Ziegler et al., 2019), LLM
learns a policy mp, and 7y(y | =) represents the
probability assigned by the LLM to a response y
given an input prompt z. During the reinforcement
learning (RL) phase, the optimization objective is
to maximize the expected reward while prevent-
ing the policy 7y from deviating too far from the
reference policy 7 ef:

H}%X EJJND, y~mg(y|x) [T¢ (:L'a y)] 1)
— BDkL [mo(y | )| mret(y | 2)]

where 7 is the reward model, typically trained as a
Bradley-Terry (BT) model using a static preference
dataset D of triples (x, ., y;). In each triple,  de-
notes the input prompt, ¥,, the preferred response,
and y; the dispreferred response. The reward model
receives the generated response and provides a re-
ward signal rg(x,y) indicating the quality of the
response.

Alternatively, DAAs (Rafailov et al., 2024a)
eliminate the need for explicit reward modeling and
reinforcement learning, directly performing pref-
erence optimization on a static preference dataset.
The optimization objectives of DAAs contain re-
wards implicitly defined by my, where some re-
wards are based directly on the likelihood (Zhao
et al., 2023; Xu et al., 2024), while others are
derived from different manifestations of likeli-
hoods, such as DPO (Rafailov et al., 2023) and
SimPO (Meng et al., 2024):

mo(y | )
Tret(y | )

rpro(z,y) = Blog ()

rsimpo (T, Y) = @logﬂg(y | x), 3)

where ppo(z, y) and rsimpo(z, y) are the implicit
reward functions of DPO and SimPO, respectively.

2.2 Reward-Generation Gap in DAAs

Designed to increase the reward of preferred re-
sponses y,, while decreasing the reward of dispre-
ferred responses y;, DAAs converge if the reward
margins between preferred and dispreferred re-
sponses grow sufficiently large. However, a known
issue with DA As is that they may decrease the re-
ward of preferred responses as long as the margins
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increase (Rafailov et al., 2023; Pal et al., 2024).
Furthermore, Shi et al. (2024) finds that contrary to
expectations, neither a higher reward of preferred
responses nor larger reward margins between the
preferred and dispreferred responses necessarily
lead to better performance.

The disconnect identified above arises from the
fact that the implicit rewards of DAAs do not rep-
resent the quality of responses, but are rather dif-
ferent manifestations of their likelihoods, such as
Eq. 2 and Eq. 3. However, due to the foundational
discrepancy between the maximum/minimum like-
lihood training and autoregressive generation in
language models (Ranzato et al., 2015; Zhang
et al., 2021; Arora et al., 2022), optimizing for
the DA As training objectives does not necessarily
lead to better generation quality. This discrepancy
creates a substantial misalignment between train-
ing objectives and autoregressive decoding dynam-
ics—a phenomenon we refer to as the Reward-
Generation Gap in DAAs.

We consider that one contributor to this gap is
the mismatch between the inherent importance of
prefix tokens during the LLM generation process
and how this importance is reflected in the implicit
reward functions of DAAs. As shown in Fig. 4(a)
in Appendix A, the token-level entropies (i.e., un-
certainty) are significantly higher in the early po-
sitions, and gradually decrease as more context
becomes available. As demonstrated by Arora
et al. (2022), errors in autoregressive generation
tend to accumulate, with early mistakes propagat-
ing and amplifying through the sequence. This
phenomenon, known as exposure bias, means that
suboptimal choices in prefix tokens can severely de-
grade the quality of the entire response. However,
DAAs’ reward functions assign equal weight to
every token, ignoring these positional differences.
As illustrated in Fig. 4(b), the log probability of
early tokens is significantly lower than that of later
tokens, yet their contribution to DAAs’ implicit
reward is diluted by the overwhelming number of
subsequent tokens. This is highlighted by the large
gap between the early tokens’ log probabilities and
the mean log probability across all positions, which
is a key component of the implicit reward.

3 How to Bridge the Gap?

3.1 Token-level MDP perspective of DAAs

Most classical RLHF approaches formulate the
preference optimization problem as a contex-

tual bandit problem, where the dataset D =
{(x(i), y(i)) }fil of language prompts x and tar-
get answers y, each of which can be broken
down into a sequence of tokens, for example
x = (x0,...,Tm), from a fixed discrete vocab-
ulary A. In this formulation, the entire response y
is treated as a single action, and the reward is com-
puted based on the entire response. DAAs, such
as DPO and SimPO, stay entirely within the con-
textual bandits setting, but can theoretically be cast
into the token-level MDP (Rafailov et al., 2024b).

In the perspective of token-level MDP of DAAs,
the state s consists of all tokens generated so far
(i.e., st = (2o, .-, Tm, Yo, - - -, Yt)), and the action
a is to select a single token ;41 from the vocab-
ulary A. The corresponding Bradley-Terry (BT)
model is therefore defined as follows:

P (Y = y1) = T A “)

R )

exp (SN, 7 (shal)). 7 (s¥,ap) and 7 (s}, al)

17

where A,, = exp (Zf\;lr(sw aw)> and 4; =

are the token-level rewards for each action in the
preferred and dispreferred trajectory, respectively,
and p* (y, = y;) gives the probability that the pre-
ferred trajectory y,, is better than the dispreferred
trajectory y;.

Although token-level DPO theoretically enables
the derivation of an optimal policy 7* for the under-
lying MDP of Eq. 1 (Rafailov et al., 2024b)?, it is
challenging to train 7* in practice, as we only pos-
sess sparse reward signals in the form of sequence-
level labels indicating that ¥, is preferred over ;.
Furthermore, the sequence-level BT model does
not model the preference of sub-trajectories, fail-
ing to capture the convergence behavior of partial
sequences, which leads to the issue illustrated in
Figure 1.

3.2 Theoretical Basis of Proposed POET

Inspired by the limitations of DAAs from the token-
level MDP perspective, we introduce a formal
theoretical basis for our approach. Our key in-
sight is that optimizing policies on equal-length
sub-trajectories yields the same optimal policy as
sequence-level optimization, while providing better
supervision for crucial early tokens.

2Other DAAS can also be formulated to yield an optimal
policy for an MDP; however, the underlying MDP for them is
distinct from that defined by Eq. 1.
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We begin by defining the equal-length sub-
trajectories BT model:

Ey

Pr (Yw,<k = Yi.<k) = Eot B 5
w

where F,, = exp (Zf:() (s ap’) + V*(S%}H))

and £} = exp (Zf:o r (si, aé) + V*(s§€+1)>.
Yw,<k = Yi,<k indicates that the sub-trajectory
Yuw,<Fk 18 preferred over y; <5 when the cumulative
reward plus the state value of the resulting state for
Yuw <k €xceeds that of y; <. Here, V* represents
the optimal state-value function under the MDP
defined by Eq. 1.

Theorem 1. The policy derived from the optimal
equal-length sub-trajectory BT model is equiva-
lent to the optimal policy derived from the original
sequence-level BT model defined in Eq. 4 for DPO.

The proof strategy is to show that the optimal
equal-length sub-trajectories BT model can be ex-
pressed in terms of the optimal policy from the
original sequence-level optimization, demonstrat-
ing that the two approaches yield equivalent op-
timal policies. The detailed proof is provided in
Appendix B,

3.3 Feasibility of Equal-Length Preference
Training

While Theorem 1 establishes that the optimal pol-
icy is preserved unconditionally when optimizing
the equal-length sub-trajectory BT model, in prac-
tice we face two challenges: (1) existing preference
datasets only provide full-sequence preference la-
bels indicating that y,, > ¥;, rather than off-the-
shelf equal-length preference data; (2) we cannot
directly compute the optimal state-value function
V* required by the BT model. In this section, we
empirically investigate the feasibility of directly
reusing existing full-sequence preference data for
training.

We begin with a central observation: the quality
of a response to be generated heavily depends
on the quality of its initial prefix. Formally, we
denote a prefix of length k as y<; and define the
quality of y<}, as the expected quality of complete
responses given it:

Q(yﬁk) = Ey>k~7r9 (Y>klz,y<k) [TG (:Ea Y<k D y>k)] )
(6)
3The proof for SimPO follows a similar structure, but with

a different expression of the BT model using the optimal
policy.

where 7y is an oracle policy, ry is the oracle reward
model that evaluates the quality of responses, ¥~
denotes the completion given prefix y<y, and ©
represents the concatenation operation.

Experimental setup. We randomly select 1,000
samples from the training set of UltraFeed-
back (Cui et al., 2024). For each pair of responses
(Yw,yr) in these samples, we truncate both re-
sponses at different positions k to obtain prefixes
of varying lengths, and then generate multiple com-
pletions from these prefixes. We use two mod-
els as proxy policy 7g: Zephyr (Tunstall et al.,
2023) and Llama-3-Base-8B-SFT (Meng et al.,
2024). We quantify the prefix quality difference
by AQ(k) = Q(yw,<k) — Q(y1, <k) at different
prefix lengths k, utilizing ArmoRM-Llama3-8B-
v0.1 (Wang et al., 2024) as proxy reward model.

Results. As shown in Figure 2, the prefix qual-
ity gap emerges very early and grows as the prefix
length increases, with diminishing marginal gains
at longer lengths. Specifically, the marginal in-
crease AQ(k + 1) — AQ(k) decreases substan-
tially as k increases and becomes negligible for
sufficiently large k, indicating that AQ(k) ap-
proaches a plateau. This convergence behavior
implies that for sufficiently large k, the difference
V*(sf ;) — V*(sh, ) becomes negligible, con-
firming that the full-sequence preference ordering
is preserved after equal-length truncation.

From the token-level MDP perspective, the
majority of reward is obtained in the early
timesteps, after which the trajectory enters a
stationary phase and the incremental reward
difference from subsequent actions diminishes
significantly.

3.4 Prefix-Oriented Equal-length Training

We introduce POET, a straightforward and ef-
fective method designed to prompt DAAs to cap-
ture the convergence behavior of partial sequences,
thereby bridging the reward-generation gap.
Motivated by these theoretical and empirical
findings, we propose POET to approximate the op-
timization of the equal-length sub-trajectories BT
model. Concretely, given a pair of preferred and
dispreferred responses (v, y;) with lengths |y, |
and |y;|, we truncate both responses to the length
of the shorter one, denoted as k = min(|yy|, |y1]),
resulting in truncated responses ¥, <x and ¥ <.
By Theorem 1, optimizing the equal-length sub-
trajectory BT model yields the same optimal policy
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Figure 2: Average prefix quality difference between
preferred and dispreferred responses at different prefix
lengths. The results demonstrate that quality differ-
ences emerge early in the prefixes and increase with
prefix length, though with diminishing marginal gains
at longer lengths.

as full-sequence optimization. In practice, since
k = min(|yw|, |yi]), one response remains com-
plete while only the suffix of the longer one is
discarded. As shown empirically in Section 3.3,
the quality ranking is preserved after truncation
with high consistency (Table 1), validating the use
of full-sequence preference labels for the truncated
equal-length pairs.

Training with POET, where both responses in
each sample are equal in length and diverse lengths
across samples, the optimization of DAAs’ objec-
tive is implicitly constrained to converge across
timesteps of token-level MDP, thus providing finer-
grained reward signals of sub-trajectories and pay-
ing more attention to prefix tokens than the stan-
dard DAAs.

We summarize three advantages of POET:

* Universal compatibility: POET is compatible
with any DAAs, requiring no modifications to
their optimization objectives. This allows for
seamless integration with both current and future
DAAs, making POET a versatile enhancement
to DAAs.

* Hyperparameter-free: By using the shorter re-
sponse’s length as a natural truncation point,
POET requires no additional hyperparameters.
This makes implementation straightforward and
eliminates the need for additional hyperparame-
ter tuning.

* Minimal data noise risk: There is a possibility
that after truncation, the originally preferred re-
sponse might become inferior to the dispreferred

Setting Consistency
Zephyr + UltraFeedback 91.4%
Llama-3-8B-Instruct v0.1 93.8%
Llama-3-8B-Instruct v0.2 98.5%

Table 1: Quality ranking consistency before and after
truncation across three settings.

one, i.e., Q(yw,<k) < Q(y1,<k). POET inher-
ently minimizes the risk of introducing noise into
training data. By truncating to the shorter re-
sponse’s length, we ensure that the risk only
comes from the truncated suffix of the longer
response, which is less critical to the overall re-
sponse quality according to our empirical anal-
ysis in Figure 2. We verify the risk empirically
in three settings and report the results in Table 1.
Specifically, we get y,,, <i and y;, < by POET,
generate completions from the truncated prefix,
and evaluate whether the quality ranking between
the completion and the untruncated shorter re-
sponse is preserved, using ArmoRM-Llama3-8B-
v0.1 (Wang et al., 2024) as the reward model.
As shown in Table 1, the quality consistency be-
fore and after truncation is high across all three
settings: 98.5% in the Llama-3-8B-Instruct v0.2
(on-policy) (Meng et al., 2024) setting, 93.8%
in the v0.1 (on-policy) setting (lower due to a
weaker reward model for annotation), and 91.4%
in the Zephyr + UltraFeedback (off-policy) set-
ting, where Zephyr’s behavior differs from the
data-generating model, making it a less ideal

proxy policy.

4 Experiments

4.1 Experimental Setup

Models and training settings. Following Meng
et al. (2024), we perform preference optimiza-
tion under two setups: Base and Instruct. For
the Base setup, we use either Zephyr (Tunstall
et al., 2023) or Llama-3-Base-8B-SFT (Meng et al.,
2024) as the starting point for preference optimiza-
tion. These models are trained on the UltraChat-
200k dataset (Ding et al., 2023) and are based
on Mistral-7B-v0.1 (Jiang et al., 2023) and Meta-
Llama-3-8B (Al@Meta, 2024), respectively. The
preference optimization is performed on the Ultra-
Feedback dataset (Cui et al., 2024), which contains
approximately 61K human preference triples. For
the Instruct setup, we use either Meta-Llama-3-
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Mistral-Base (7B)

Llama-3-Base (8B)

Method

AlpacaEval 2 Arena-Hard AlpacaEval 2 Arena-Hard
LC (%) WR (%) Length WR (%) LC (%) WR (%) Length WR (%)
SFT 5.3 5.3 931 2.6 6.1 4.0 976 6.0
DPO 12.9 10.6 1569 11.2 16.9 14.4 1644 18.6
+ POET 24.7 17.7 1401 14.6 28.4 214 1403 25.5
SimPO 20.0 18.0 1777 16.0 28.0 25.3 1777 13.5
+ POET 24.2 23.7 1939 17.4 33.8 323 1964 14.8
Llama-3-Instruct v0.2 (8B) Gemma-2-Instruct (9B)
Method AlpacaEval 2 Arena-Hard AlpacaEval 2 Arena-Hard
LC (%) WR (%) Length WR (%) LC (%) WR (%) Length WR (%)
SFT 28.4 27.4 1932 19.0 52.6 39.9 1558 45.4
DPO 65.9 63.3 1998 36.3 78.4 76.1 2026 61.2
+ POET 70.4 58.2 1615 29.1 79.7 72.2 1756 61.7
SimPO 68.1 62.4 1805 29.9 78.5 73.7 1854 58.6
+ POET 70.1 57.9 1609 25.7 80.1 74.5 1860 61.6

Table 2: Instruction-following evaluation results. LC and WR denote length-controlled and raw win rate, respectively.

Length indicates the average length of the responses.

8B-Instruct (Al@Meta, 2024) or gemma-2-9b-it
model (Team et al., 2024) as the starting point for
preference optimization. The responses in the pref-
erence datasets for this setup are regenerated by
these models using the prompts from the Ultra-
Feedback dataset, bringing the setup closer to an
on-policy setting. In our experiments, we reuse the
preference datasets from Meng et al. (2024).

As highlighted in Meng et al. (2024), tuning
hyperparameters is critical for achieving optimal
performance with all DAAs. Accordingly, in our
experiments, we follow the choices of hyperparam-
eters as described in Meng et al. (2024); further
details are provided in Appendix D.

Baselines. We apply POET to two estab-
lished DAAs: DPO (Rafailov et al., 2023) and
SimPO (Meng et al., 2024), which represent
reference-based and reference-free DA As, respec-
tively. Our baselines consist of models trained with
these same DAAs, establishing a direct compari-
son to isolate the impact of POET. Additionally,
we include SFT models as reference points to as-
sess the relative improvements of all preference
optimization methods.

Evaluations. We primarily evaluate models
along two distinct dimensions of capability:
instruction-following ability and performance

across diverse downstream tasks. For instruction-
following evaluation, we utilize two widely-
adopted benchmarks by the community: AlpacaE-
val 2 (Li et al., 2023) and Arena-Hard v0.1 (Li
et al., 2024). AlpacaEval 2 provides 805 diverse in-
structions from 5 datasets, while Arena-Hard vO0.1
consists of 500 well-defined technical problem-
solving queries. For AlpacaEval 2, we report both
raw win rate (WR) and length-controlled win rate
(LC) (Dubois et al., 2024), with the latter metric
designed to control for potential bias from model
verbosity. The LC metric has a Spearman corre-
lation of 0.98 with ChatBot Arena (Zheng et al.,
2023a), compared to 0.93 for the WR, making it
a more reliable metric for evaluating instruction-
following performance. For Arena-Hard, we re-
port the win rate (WR). For assessing down-
stream task capabilities, we utilize the compre-
hensive suite of benchmarks from the Huggingface
Open Leaderboard (Beeching et al., 2023), includ-
ing tasks such as GSM8K (Cobbe et al., 2021),
MMLU (Hendrycks et al., 2021), and others. We
report the average performance across all tasks.
The details of the evaluations can be found in Ap-
pendix C. We also conduct experiments on the
safety alignment task, observing substantial im-
provements in safety rates (Section 4.5).
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4.2 Main results

POET consistently improves the instruction-
following performance. As shown in Table 2,
POET consistently improves AlpacaEval 2 LC of
both DPO and SimPO without introducing any ad-
ditional hyperparameters or requiring further hyper-
parameter tuning. Most notably, POET achieves a
substantial improvement of 11.8 points in AlpacaE-
val 2 LC for Mistral-Base-7B-DPO. These consis-
tent improvements across all experimental settings
demonstrate the robustness and effectiveness of
POET. In some settings, we observe that while
POET improves the LC, the WR decreases. This
contradiction can be attributed to the known bias to-
ward verbosity (Dubois et al., 2023; Singhal et al.,
2023). As shown in Table 2, settings where POET
achieves lower WR typically exhibit reduced av-
erage response length compared to their baseline
counterparts. The WR might favor longer gener-
ations due to the absence of a length penalty. Im-
portantly, in most settings, improvements are main-
tained across both the LC and WR metrics, suggest-
ing that POET genuinely enhances response qual-
ity rather than merely exploiting metric-specific
characteristics.

POET does not increase the alignment tax on
downstream tasks. An important consideration
for preference optimization methods is the align-
ment tax—the potential degradation of general ca-
pabilities as a side effect of alignment training.
To verify that POET does not exacerbate this is-
sue, we evaluate model performance across various
downstream tasks (Table 7). Comparing DPO and
SimPO models with and without POET, we ob-
serve that POET does not degrade general capabili-
ties and even yields modest but consistent improve-
ments in overall performance in most settings. We
attribute these moderate gains to the generation of
high-quality prefixes in downstream tasks, aligning
with findings of Ji et al. (2025) on the role of pre-
fixes in complex reasoning tasks. Note that these
downstream tasks are not targeted by preference
optimization; rather, this evaluation serves to con-
firm that POET’s gains in instruction-following do
not come at the cost of general task performance.

4.3 Ablation Studies

To further investigate the impact of the key com-
ponents of POET, we conduct experiments on the
Mistral-Base (7B) setting to demonstrate that sim-
ply truncating responses to shorter lengths does

Method Length Strategy 25% 50% 75% 100%
DPO Original Len. 141 172 162 129
POET Len. 235 249 (267 247

SimPO Original Len. 125 17.0 11.9 20.0
' POET Len. 19.9 261 245 242

Table 3: Results of the ablation studies. Darker colors
indicate higher AlpacaEval 2 LC scores.

not necessarily lead to better performance; in-
stead, the equal-length truncation strategy is
crucial for achieving significant gains.

We compare two truncation strategies: (1) Orig-
inal Len.: We truncate both the preferred and dis-
preferred responses to a certain percentage of their
original lengths. (2) POET Len.: We first truncate
both responses to the length of the shorter one (the
POET strategy), and then further truncate them to
a certain percentage of this equal length. We vary
the retention percentage from 25% to 100% and
report the AlpacaEval 2 results.

The results, summarized in Table 3, lead to three
main observations. First, the POET Len. strat-
egy consistently outperforms the Original Len.
strategy across almost all retention ratios for both
DPO and SimPO. Second, the performance gap
between the two strategies is already substantial
at low retention ratios, indicating that equal-length
truncation is more important than simply shorten-
ing them. Third, while simple truncation (Original
Len.) brings some gains for DPO, it fails to im-
prove SimPO, whereas the POET Len. strategy
benefits both. Finally, performance can be further
improved by increasing the truncation ratio; nev-
ertheless, as discussed earlier, the parameter-free
version of POET remains the safest choice and
already provides strong performance.

4.4 Comparison with Token-level Methods

We compare POET with two token-level DAAs
methods: SamPO (Lu et al., 2024) and D?PO (Shao
et al., 2025). SamPO is designed to mitigate the
length bias of DAAs by restricting reward calcu-
lation to a random subset of tokens, rather than
focusing on the prefix. D?PO prioritizes prefix to-
kens by applying a temporal decay weight to each
token based on its position. Notably, D?PO em-
ploys an exponential decay. With a recommended
factor of v = 0.98, the weight for tokens beyond
position 200 drops below 0.02, effectively acting
as a truncation strategy based on absolute length.
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Method LC WR Length
DPO 129 10.6 1569
DPO + SamPO 224 156 1319
DPO + D?PO 15.1 14.8 1925
DPO + POET 247 17.7 1401
SimPO 200 18.0 1777
SimPO + SamPO 19.6 17.6 1789
SimPO + D?PO 125 7.9 1127
SimPO + POET 24.2 237 1939

Table 4: Comparison results with other token-level
DAAs methods on AlpacaEval 2.

We conduct experiments based on Mistral-7B-
Base and report the AlpacaEval 2 results in Table 4.
As shown in Table 4, POET consistently outper-
forms both SamPO and D?PO across both DPO
and SimPO.

4.5 Safety Alignment Evaluation

‘We further evaluate the effectiveness of POET on
the safety alignment task.

Setup. We utilize the PKU-SafeRLHF dataset (Ji
et al., 2024) for preference optimization, where the
safer response is selected as the preferred one. We
conduct experiments on two settings: Mistral-Base
(7B) and Llama-3-Base (8B). For evaluation, we
use AdvBench (Zou et al., 2023), which is a set of
500 harmful behaviors formulated as instructions.
We employ Llama Guard 3-8B * to perform safety
classification on the generated responses. The eval-
uation metric is the safety rate, where a higher rate
indicates better performance.

Results. The experimental results are presented
in Table 5. We observe that POET achieves
substantial improvements over the DPO baseline
across settings. Notably, for the Mistral-Base set-
ting, POET improves the safety rate from 45.2%
to 82.1%, a remarkable gain of 36.9 points. We
attribute this significant improvement to the na-
ture of the safety alignment task, where the distinc-
tion between safe and unsafe responses typically
manifests early in the generation process (e.g., a
refusal prefix versus a compliant prefix). This char-
acteristic aligns perfectly with the design of POET,
which emphasizes the optimization of prefix tokens,
thereby effectively bridging the reward-generation

4https ://github.com/meta-1lama/Purplellama/
blob/main/Llama-Guard3/8B/MODEL_CARD.md

Method Mistral-Base (7B)

DPO 45.2
+ POET 82.1

Llama-3-Base (8B)

78.3
87.3

Table 5: Safety alignment evaluation results (Safety
Rate %) on PKU-SafeRLHF.

0.124 0123
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0123 Mistral-7B-DPO + POET Mistral-7B-SimPO + POET
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Mean Score
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01174 &
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24 8 32 24 8 32
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Prefix Length Prefix Length

Figure 3: Prefix quality with and without POET across
different prefix lengths. The results show that models
trained with POET consistently generate higher-quality
prefixes.

gap in safety alignment.

4.6 POET Generates Better Prefixes

To evaluate whether POET improves performance
by generating better prefixes, we conduct an analy-
sis comparing the quality of prefixes generated by
standard DAAs models and POET-trained models.
The experimental setup is detailed in Appendix G.

Results. Figure 3 demonstrates that models
trained with POET consistently generate higher-
quality prefixes than standard DAAs models across
all prefix lengths, validating the effectiveness of
POET in forcing the DAAs to focus on optimizing
the prefix quality, which is the key to bridging the
reward-generation gap.

4.7 When Does POET Work Best?

As discussed in Section 3.4, POET’s effective-
ness relies on the practical condition that the qual-
ity ranking between preferred and dispreferred re-
sponses is preserved after truncation. In this sec-
tion, we empirically test this condition and show
that the effectiveness of POET is also connected
to the quality difference between preferred and dis-
preferred responses of the preference dataset.

We conduct experiments using Llama-3-8B and
SimPO across three settings with varying degrees
of quality difference (details in Appendix H). We
apply POET to all three settings and report the
results in Table 6. The results show that POET
achieves a notable improvement on settings where
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Setting Consistency (%) Difference (*100) A

) 93.8 0.6 2.8
@ 98.5 2.3 +2.0
® 98.9 2.9 +2.9

Table 6: Performance comparison on different settings.
The Consistency is the quality ranking consistency as in
Table 1. The Difference represents the average reward
difference between preferred and dispreferred responses.
The A column shows the absolute improvement in Al-
pacaEval 2 LC.

the consistency rate after applying POET is high.
However, in setting where the consistency rate is
only 93.8%, POET leads to a performance drop.

Furthermore, we also observe a clear correlation
between the quality difference and the effectiveness
of POET. On one hand, the full response quality
difference serves as a good proxy for the quality
ranking consistency rate, since the quality differ-
ence between preferred and dispreferred responses
emerges early in the prefixes (Figure 2). On the
other hand, recent researches (Lin et al., 2025; Peng
et al., 2025; Zhu et al., 2025) show that preference
samples with larger quality gaps between preferred
and dispreferred responses tend to be more infor-
mative. Combining our results with those of these
works, we conjecture that POET may perform bet-
ter on high-quality preference datasets.

5 Related Work

Direct Alignment Algorithms. To overcome
the instability and computational overhead
of RLHF (Zheng et al., 2023b; Santacroce
et al., 2023), direct alignment algorithms
(DAAs) (Rafailov et al.,, 2024a) have been
proposed to align LLMs with human preferences
without explicit reward modeling or reinforcement
learning. DPO (Rafailov et al., 2023) reparam-
eterizes the reward function using the log-ratio
between the policy and a reference model, while
SimPO (Meng et al., 2024) further simplifies
this by using length-normalized log-likelihoods,
eliminating the need for a reference model. Other
notable DAAs include IPO (Azar et al., 2023),
SLiC-HF (Zhao et al., 2023), ORPO (Hong et al.,
2024), and KTO (Ethayarajh et al., 2024), each
proposing different formulations of the preference
optimization objective. Despite their diversity,
these methods share a common limitation: their
sequence-level objectives may not faithfully reflect
autoregressive generation dynamics, which moti-

vates our investigation of the reward-generation
gap.

Token-level Preference Optimization. Rafailov
et al. (2024b) showed that DPO can be interpreted
through a token-level MDP, establishing a theo-
retical connection between sequence-level prefer-
ence optimization and token-level credit assign-
ment. Building on this insight, several methods
have been proposed to explicitly incorporate token-
level signals into DAAs. SamPO (Lu et al., 2024)
addresses the length bias of DAAs by computing
the reward over a random subset of token posi-
tions, effectively decoupling preference learning
from response length. D?PO (Shao et al., 2025) ap-
plies a temporal decay weight to each token based
on its position, assigning exponentially decreasing
importance to later tokens in the sequence. TIS-
DPO (Liu et al., 2025) takes a different approach by
estimating token-level importance weights using
a separate reward model, performing importance
sampling to reweight each token’s contribution to
the DPO objective. While these methods modify
the training objective to adjust token-level weight-
ing, POET operates at the data level by truncat-
ing response pairs to equal lengths, requiring no
changes to the underlying DAA objective and no
additional hyperparameters or models.

6 Conclusion

In this paper, we identify and analyze a critical is-
sue in DAAs—the reward-generation gap, which
manifests as a misalignment between optimization
objectives during training and autoregressive de-
coding dynamics. To address this issue, we in-
troduce POET, a simple yet effective method for
focusing optimization on prefixes by truncating
both preferred and dispreferred responses to match
the shorter response’s length. This hyperparameter-
free approach requires no modification to existing
DAA objectives while maintaining broad compati-
bility across different algorithms. Through exten-
sive experiments with DPO and SimPO on multi-
ple model architectures, we demonstrate that our
method consistently improves performance.

Limitations

The main limitation of POET is that its effective-
ness depends on the preference ordering being pre-
served after equal-length truncation. This condi-
tion is naturally satisfied when the quality differ-
ence between preferred and dispreferred responses
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emerges early in the generation process. Conse-
quently, for tasks where the decisive quality signal
concentrates at the tail of the sequence (e.g., math-
ematical reasoning tasks where the final answer
token is crucial), the truncation may not preserve
the preference ordering, and POET may not be
applicable. However, it is worth noting that DAAs
are currently rarely used for such types of tasks.
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A Dynamics of Token-level Entropies and
Log Probabilities

In this section, we present additional empirical ev-
idence on the dynamics of token-level entropies
and log probabilities in Figure 4, to support our
analysis in Section 2.2. Figure 4(a) illustrates the
average per-position cross entropy when sampling
from prompts of the UltraFeedback test set. We
observe that prefix tokens have significantly higher
uncertainty compared to later tokens, as the latter
benefit from more context and exhibit lower ran-
domness. Furthermore, Figure 4(b) presents the
average per-position log probability across all re-
sponses in the UltraFeedback test set. It reveals
that prefix tokens exhibit significantly lower log
probabilities. Despite this, DAAs’ implicit reward
functions treat all tokens equally, which dilutes the
importance of these critical early tokens due to the
overwhelming number of subsequent tokens.
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B Proof of Theorem 1

Proof. Following the insights from Rafailov et al.
(2024b), for v € {w, [}, define:

at | s ) )

where 7* is the optlmal policy under the MDP.
From Lemma 1 in Rafailov et al. (2024b), we ob-
tain the token-level reward decomposition for a
partial sequence up to step k:

Vi(sp) + Ru(k) = V7 (sj41)-

®)

k
E r(si,a/)

t=0

Substituting into Eq. 5, we have:

k

t=0
= VA(s§) + Ru(k) = V¥ (sfyy) + V¥ (sfi0)
= V*(s5) + Rulh). ©)

V¥ (Skt1)

Since both trajectories start from the same
prompt z, we have V*(s¥) = V*(sl). Therefore,
the equal-length sub-trajectories BT model simpli-
fies to:

Ry(k)), (10)

where o is the sigmoid function. This is equivalent
to the DPO loss function expressed through the
optimal policy, demonstrating that the equal-length
sub-trajectory BT model and the original sequence-
level BT model yield the same optimal policy.

O

Pr(Ww,<k = Yi,<k) = 0 (Ruw(k) —

C Downstream Experimental Results

Table 7 lists detailed results of each downstream
task.

D Hyperparameters

Table 8 summarizes the hyperparameters used for
the four main experimental settings reported in the
main body of the paper. We follow the hyperparam-
eter configurations of DPO and SimPO as described
in (Meng et al., 2024). In all experiments, we set
max_prompt_length to 1800 and max_length to
2048.

E Evaluations

The official implementation of AlpacaE-
val 2 (Dubois et al., 2024) uses the
weighted_alpaca_eval_gpt4_turbo annotator,

which employs the gpt-4-1106-preview as back-
bone model. In our experiments, we maintain
the same annotator methodology (weighted win
rate) but substituted the backbone model with
deepseek-v3-0324, which is substantially cheaper
than gpt-4-1106-preview while achieving better
performance. We analyze our annotator using
AlpacaEval 2’s analyze_evaluators command and
compare it with the official annotator in Table 9.
As shown, our annotator achieves higher human
agreement, Spearman correlation, and Pearson cor-
relation, while being significantly cheaper. Since
Arena-Hard-v0.1 (Li et al., 2024) also employs
gpt-4-1106-preview as its backbone evaluation
model, we substitute it with deepseek-v3-0324 for
the same reasons.

For benchmarks from the Huggingface Open
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MMLU (5) ARC (25) HellaSwag (10) TruthfulQA (0) Winograd (5) GSMS8K (5) Average
Mistral-Base (7B)
SFT 58.93 57.59 80.65 40.35 76.72 34.34 58.10
DPO 58.77 62.37 83.91 47.76 76.72 29.34 59.81
+ POET 57.93 64.25 84.48 54.68 76.95 30.33 61.44
SimPO 57.71 62.29 83.43 51.08 77.74 30.17 60.40
+ POET 58.12 62.54 83.39 50.85 77.74 34.50 61.19
Llama-3-Base (8B)
SFT 63.79 60.15 81.59 45.32 76.32 50.80 62.99
DPO 63.50 63.74 83.86 53.67 76.80 53.60 65.86
+ POET 63.45 65.53 83.98 55.25 76.40 51.10 65.95
SimPO 63.15 65.02 82.90 59.78 77.66 48.98 66.25
+ POET 63.34 64.93 82.82 58.20 77.66 54.21 66.86
Llama-3-Instruct v(.2 (8B)
SFT 61.3 78.8 51.6 65.7 76.5 75.9 68.3
DPO 64.8 79.9 56.2 65.9 76.6 77.4 70.1
+ POET 64.1 79.2 56.6 65.9 76.3 75.4 69.6
SimPO 67.2 78.5 65.6 65.1 76.4 68.5 70.2
+ POET 66.5 79.0 63.4 65.6 77.1 69.9 70.2
Gemma-2-Instruct (9B)
SFT 71.1 81.8 60.1 72.3 78.5 48.9 68.8
DPO 69.5 71.6 57.9 72.5 72.1 41.9 64.3
+ POET 70.6 71.6 57.5 72.4 72.7 45.0 65.0
SimPO 69.1 67.3 59.1 71.9 73.5 40.6 63.6
+ POET 69.2 68.2 60.5 71.6 74.0 44.1 64.6

Table 7: Downstream task evaluation results of tasks on the huggingface open leaderboard.

Leaderboard (Beeching et al., 2023), we use Im-
evaluation-harness for evaluation.

F Implementation Details

All the training experiments in this paper were con-
ducted on 8 x A800 GPUs based on the alignment-
handbook repo and the codebase of (Meng et al.,
2024).

G Experimental Setup for Prefix Quality
Analysis

In this section, we provide a detailed experimental
setup for the prefix quality analysis in Section 4.6.

We randomly sample 500 prompts from the test
set of UltraFeedback and generate 5 responses
per prompt using both standard DAAs and POET-
trained models. These responses are then truncated
to create prefixes of varying lengths. Following the
definition of prefix quality in Eq. 6, we evaluate the
quality of these prefixes by generating completions

from them using the SFT model as proxy policy.
This choice of proxy policy isolates the influence
of other factors. For each prefix, we use the SFT
model to generate 3 completions. As a result, we
obtain 15 completions (5 responses with 3 comple-
tions each) for each prompt at each prefix length.
We then evaluate the quality of these completions
using a strong reward model, ArmoRM-Llama3-
8B-v0.1 (Wang et al., 2024).

H Experimental Setup for Quality
Difference Analysis

In this section, we provide a detailed experimental
setup for the analysis in Section 4.7.

We conduct an analysis using Llama-3-8B and
SimPO across 3 settings with varying degrees of
quality difference between preferred and dispre-
ferred responses:

(D Llama-3-8B-SimPO v0.1 (Meng et al., 2024):
In this setting, the responses in prefer-
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Method Parameter Mistral-Base (7B) Llama-3-Base (8B) Llama-3-Instruct v0.2 (8B) Gemma-2-Instruct (9B)

B 0.01 0.01 0.01 0.01
bPO Learning rate 5e-7 oe-7 3e-7 Se-7
Ié; 2.0 2.0 10 10
SimPO  ~/p 0.8 0.5 0.3 0.5
Learning rate 3e-7 Ge-7 le-6 8e-7
Table 8: Hyperparameters used in our main experiments.
Annotator Human Agreement Price Spearman Corr. Pearson Corr. Bias Variance
weighted_alpaca_eval_deepseek_v3_0324 67.27 0.12 0.95 0.87 32.19 16.45
weighted_alpaca_eval_gpt4_turbo 65.73 4.32 0.78 0.77 33.90 23.65

Table 9: Comparison of AlpacaEval 2 Annotators.

ence dataset are generated by Llama-3-8B-
Instruct (Al@Meta, 2024) using the prompts
from the UltraFeedback dataset, with prefer-
ence annotating using a weak reward model.
This setting is expected to have a small quality
difference between preferred and dispreferred
responses of the preference dataset.

@ Llama-3-8B-SimPO v0.2 (Meng et al., 2024):
Same as the v0.1 setting, but with a strong re-
ward model, RLHFlow/ArmoRM-Llama3-8B-
v0.1 (Wang et al., 2024), used for preference
annotating. This setting is expected to have a
moderate quality difference.

3 Llama-3-8B-SimPO Interpolation: In this set-
ting, we create two new models by interpolating
between Llama-3-8B and Llama-3-8B-Instruct
with ratios of 0.1:0.9 and -0.1:1.1, respectively.
We then generate responses by the two inter-
polated models and the Llama-3-8B-Instruct
model (2 responses per model), following the
pipeline with the Llama-3-8B-SimPO-v(0.2 set-
ting. This setting is expected to have a large
quality difference, as the generated responses
are more diverse than the previous two settings.

The quality of preferred and dispreferred re-
sponses is estimated by ArmoRM-Llama3-8B-
v0.1 (Wang et al., 2024).
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