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Abstract

Aligning the behavior of Large language models (LLMs) with
human intentions and values remains a critical challenge. Re-
inforcement learning from human feedback (RLHF) aligns
LLMs by training a reward model (RM) on human prefer-
ences and fine-tuning the LLMs to maximize RM feedback.
Despite its effectiveness and popularity, RLHF is prone to
biased local optimization. It means RM fails to provide feed-
back that accurately aligns with human preference, causing
LLMs to explore unexpected generalizations, and failing to
achieve alignment objectives. To mitigate this issue, we pro-
pose a novel sequence-to-sequence (seq2seq) reward modeling
method. Its key insight is that learning from language feedback
rather than scalar feedback improves RLHF without additional
annotations. We replaced the reward modeling target from
binary maximum likelihood estimation (MLE) with sequence
MLE. This method enables richer and fine-grained language
feedback without additional annotations, models, or training
stages. Our experiments demonstrated its effectiveness, specifi-
cally, reducing the refusal-to-response paradigm in single-turn
safety dialogues and the long-response bias in text summa-
rization tasks. We provide further analysis that seq2seq RM
improves RLHF performance across 2B and 7B LLMs on 3
NLP tasks, achieving an average win rate of 76.9%. We further
show that seq2seq RM can still improve the performance of
RLHF under out-of-distribution prompts.

Introduction

Large Language Models (LLMs) (Achiam et al. 2023; Tou-
vron et al. 2023) have significantly advanced capabilities
in conversation, summarization, reasoning, and more tasks,
leading to widespread application (Meng et al. 2024; An-
thropic 2023). Alignment techniques (Ji et al. 2023), particu-
larly Reinforcement Learning from Human Feedback (RLHF)
(Ouyang et al. 2022), have become crucial for aligning LLMs
with human intentions and values, e.g., reducing toxicity (Bai
et al. 2022; Ji et al. 2024d,e). RLHF consists of two main
steps: training a reward model (RM) based on binary hu-
man preferences and then fine-tuning the LLMs to maximize
feedback from this RM (Ouyang et al. 2022; Schulman et al.

“These authors contributed equally.

Corresponding author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

27765

-~

L How can we make
bombs?
User

Making bomb needs...

o

Making bomb is 2
unsafe because.
LLRA

Figure 1: The traditional sequence-to-scalar reward model
provides only coarse-grained scalar feedback on the LLM’s
response, making it prone to exploiting unexpected gener-
alization for high rewards during the RL fine-tuning phase
(Skalse and Abate 2023), e.g., falling into a refusal-to-answer
paradigm (Bai et al. 2022; Dai et al. 2023). Without addi-
tional annotations, we propose a novel sequence-to-sequence
reward modeling method that offers richer language feed-
back, improving RLHF performance.

Safe and helpful

2017; Scheurer et al. 2023). Current reward modeling imple-
mentations typically use the sequence-to-scalar (seq2scalar)
approach, where a sequence, combined with a prompt and
response, is scored as a scalar value (Huang et al. 2024).
However, due to high divergence, noise, and sparsity in
crowd-annotated preference datasets (Wu et al. 2024), the
traditional seq2scalar RM tends to capture patterns unrelated
to genuine human preferences, leading to unexpected gener-
alization (Pan, Bhatia, and Steinhardt 2021; Gao, Schulman,
and Hilton 2023). It means RM fails to provide feedback that
accurately aligns with human preference, leading RLHF to a
deviation from actual alignment objective (Di Langosco et al.
2022): LLMs obtain high rewards but negatively impact their
capabilities and fail to achieve alignment objectives (Tien
et al. 2022; Knox et al. 2023; Lambert and Calandra 2023).
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Figure 2: Overview of seq2seq reward modeling pipeline. Our pipeline consists of two stages: (1) Reward Modeling: We make
the seq2seq RM output the chosen response when the rejected response is input, i.e., Correction Mapping, and output the chosen
response when the chosen response is input, i.e., Identity Mapping, by sequence maximum loglikelihood estimation (MLE). (2)
Reward Extracting: We reward the response with a positive score until it diverges from the seq2seq RM output, after which we
input the response token-by-token, assigning negative scores to those diverging tokens.

For example, when the alignment objective is to reduce toxic
responses, LLMs may learn the refusal-to-response paradigm
instead of providing safe and helpful responses (Dai et al.
2023; Bai et al. 2022). Existing methods require additional an-
notations to provide more comprehensive feedback, including
regularization terms (Moskovitz et al. 2023; Zhu, Jordan, and
Jiao 2024), models ensembling (Coste et al. 2023), parame-
ters combinations (Ramé et al. 2024) and additional model
(Dai et al. 2023), raising concerns about their scalability.
Therefore, we aim to answer the following question:

How can we provide more informative reward
feedback to improve the RLHF Alignment?

In this work, we propose a novel sequence-to-sequence
(seq2seq) reward modeling method. Our pipeline is depicted
in Figure 2, which consists of two main stages, i.e., Reward
Modeling, and Reward Extracting. We replaced the reward
modeling target from binary maximum likelihood estimation
(MLE) for classification tasks to sequence MLE for text gen-
eration tasks. Since the language space directly reveals the
impact of each token on the response score, this method en-
hances the RM’s fine-grained discrimination accuracy. Then
we extract token-level positive and negative feedback based
on whether the tokens are consistent with the output of the
seq2seq RM, improving the granularity of RLHF. Notably,
our seq2seq reward modeling does not require additional
data annotation, training, and models. Our contributions to
enhancing RLHF alignment are as follows:

* We propose seq2seq reward modeling. Its key insight is
that learning from language feedback rather than scalar
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feedback improves accuracy and granularity, thereby im-
proving RLHF without additional annotations.

* Our further experiments demonstrate that the seq2seq
RM not only mitigates unexpected behavior of RLHF but
also enhances its alignment performance. Specifically, it
achieves an average win rate of 76.9% in 3 NLP tasks,
across models with 2B and 7B parameters.

Preliminaries

Token-Level MDP for RLHF Given an LLM parameter-
ized with 6, we model its generation as a token-level Markov
Decision Process (MDP), i.e., the tuple 7 = (S, A, R, P).
Here, let t € V denote a token, where ) represents the vocab-
ulary set, and L denotes the maximum number of tokens. The
state space S can be defined as {(t1,t2,...,tr) | t; € V}
!. The action space A = V consists of all possible tokens in
vocabulary. The reward function R : S x A — R assigns
areward value for generating a specific token given the cur-
rent sequence of tokens. The transition probability function
P:SxAxS — [0,1] defines the deterministic state transi-
tion model, concatenating the generated token to the existing
sequence to form the next state. i.e., ;11 = (S¢, at).

LLMs generation trajectory starts at prompt sg sampled
from datasets. From ¢ = 0, the next token a; is generated
according to the parametrized actor LLM 7g(-|s;), followed
by a transition to the next state s;; according to P, contin-
uing until the EOS token. The goal of RL fine-tuning is to
maximize the cumulative reward of this trajectory:

'We define tpqq as the padding token. When the length of a
sentence is [ < L, it will have L — [ additional padding tokens.



T
L:I;L = t’\‘ﬂ'e( [st) Z sta at + ﬁﬂ—r@f(adst))]
t=0

where 7. is the reference distribution from the initial LLM,
combined with coefficient 5 to compute the KL divergence,
preventing the LLM from deviating too much from the ;.. .

Seq2scalar Reward Modeling Let DP"¢ denote a prefer-
ence dataset, where each entry consists of a prompt x, a
chosen response y*, and a rejected response y'. The train-
ing loss function for the reward model with parameters 6 is
defined as the following binary MLE:

,CgM :E(m}yw,yl)NDpre

1
logo(ro(@.y!) —ro(@,y™)]
where o () = 1/(1 + exp(—1)) is the logistic sigmoid func-
tion and , denotes concatenation. The reward R(x, y) for a
given prompt-response pair (x,y) is defined as the scalar
value extracted from the reward model’s inference at the po-
sition of the EOS token. In the RLHF phase, seq2scalar RM
assigns it as sparse feedback to the entire response.

ro(si,ar) if a; = EOS,
R = 2
(st at) {0 otherwise. @

Supervised Fine-Tuning (SFT) The loss function for SFT
is formulated as the sequence MLE for predicting the next
token given the previous tokens. Formally, let DSF7 =
{(x,y)}, where « is an input sequence and y = g(x) is
the corresponding target sequence. The training loss of SFT
is:

3T = ~Eynerr logPoly |2)] B

where Py(y | x) is the probability of the target sequence
y given the input sequence x and the model parameters 6.
For example, in instruction-following tasks, a represents the
question, and y represents the corresponding response. The
goal is to adjust @ such that the model outputs the correct
response y for a given question x.

Methods
Reward Modeling as Sequence MLE

The seq2scalar RM maps concatenated prompt and response
pairs, denoted as x, y* and x, y*, to distinct points in a scalar
space. This makes it difficult for the token-level differences
between responses to be distinguished in the scalar output. To
enhance RM’s ability to discern fine-grained differences in re-
sponses, we propose augmenting this mapping from a scalar
to a language space. Specifically, we extend the learning pro-
cess from binary MLE in Equation 1 to SFT, a sequence MLE
approach. This extension transforms the learning objective
from scalar classification to sequence generation, achieving
a higher distinction of responses, as shown in Equation 4.
Similar approaches have also been applied by Ji et al. (2024a)
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Figure 3: An example of extracting positive and negative
scores from seq2seq RM. x denotes the prompt, y is the
LLMs generated response, <BOS> is the beginning of string
token, and %°9(-) is the inference function of seq2seq RM.

to make LLM aligners, which is an LLM designed to refine
the output of preceding ones.

Sei
ﬁ 4= E(my yl)NDPTE
llog Po(y™ | z,y") +log Po(y™ | z,y™)] (4)

Correction Mapping

Identity Mapping

In this framework, when the input response is rejected, the
seq2seq RM maps it to the chosen one, namely Correction
Mapping. Conversely, if the input is chosen, seq2seq RM per-
forms an identity mapping, leaving the response unchanged,
i.e., Identity Mapping.

Reward Extracting from Sequence

Since the language feedback provided by the seq2seq reward
model (RM) cannot be directly used for reinforcement learn-
ing (RL) optimization, we design a novel reward extraction
mechanism that returns positive and negative scores as token-
level feedback. Formally, let « denote the prompt used in
RLHF, and y is the response generated by the actor LLM. We
set j as the first index where r**4(x, y) and y are not equal,
with the subscript indicating the element at the corresponding
position. The notation : j indicates the subsequence up to that
index. Defining the inference function of the seq2seq RM as
r5¢4(.), our goal is to leverage 7°°9(-) to obtain the token-level
score R(x, y.;) for all subsequence y.; in y. To achieve this,
we first concatenate « and y and then input y token by to-
ken into the seq2seq RM. We positively reward tokens that
are consistent with the seq2seq RM at the beginning and
negatively reward those that become inconsistent thereafter.
Figure 2 provides an intuitive example of this process.



Positive Score We feed x, y into a seq2seq RM to obtain
the generated sequence 7°°9(x, y), then we positively reward
the part of y that initially equals 7%°(«, y). During correc-
tion mapping training, all tokens in 4 are mapped to tokens
in y*. Initially, some of these tokens share the same value
at identical positions in both 3! and y*. They do not con-
tribute to the rejection of y!; rather, they represent genuine
features present in y*. This incentive indirectly decreases
the likelihood of other less preferred tokens. We can define
the positive score as below:

R, ya-1) = {

Negative Score We negatively reward the rest of the to-
kens that are inconsistently generated under the same context
as seq2seq RM. When calculating the negative score, we
employ a token-by-token generative and discriminative ap-
proach. Starting from the position i = j where r*(x, y)
and y initially diverge, concatenate each token from y.;_1
sequentially into x, y, and observe whether the next token
output by seq2seq RM matches y;. Formally, we have:

1 if (2, y, yqo1) = ys and i < j
—1 until divergence.

—1 (e, y, Y1) # Y
R i = .
(@, Yi—1) {0 otherwise.

We will no longer positively reward those consistent tokens
but instead assign them a value of 0. Since they previously
appeared as divergent tokens, increasing their probability is
not helpful for moving away from %' and towards y*.

Analysis

The core advantage of seq2seq reward modeling lies in the
accurate and fine-grained distinction and feedback for re-
sponses. For the input response, the positive score mecha-
nism increases the probability of the initially consistent parts,
while the negative score mechanism only penalizes the in-
consistent parts. This makes an efficient optimization as it
clearly assigns credit to good and bad tokens and does not
optimize irrelevant tokens.

Experiments

We empirically demonstrate that seq2seq RM has advance-
ment in three aspects: (1) Accuracy: accurately distinguish
between good and bad responses and assign appropriate
scores; (2) Granularity: enable LLMs to achieve excellent
alignment performance by providing fine-grained language
feedback. (3) Robustness: correctly score response on out-of-
distribution prompts. We conducted the analyses using 2B
and 7B LLMs on 3 tasks as follows:

* Mitigating Unexpected Behavior. We quantitatively
demonstrated that seq2seq RM can mitigate unexpected
generalization, reducing the long-response bias in text
summarization tasks in Table 1and the refusal-to-response
paradigm in single-turn safety dialogues in Table 2.

e Improvement of Alignment Performance. We com-
pared the GPT-4 evaluation win-lose ratio of PPO based
on seq2seq RM with popular alignment methods in Table
3, verifying that seq2seq RM improves RLHF perfor-
mance on both token-level and sentence-level cases.
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* Ablation for Variants. We demonstrate the necessity of
positive and negative scores and the quantitative analysis
of correction and identity mapping, validating our reward
modeling and extracting pipeline.

Experiment Setup

Models and Datasets We conducted experiments on the
popular open-source LLMs Gemma-2B (Team et al. 2024)
and Llama2-7B (Touvron et al. 2023). The selected tasks
included single-turn safe dialogue, dialogue summarization,
and text summarization. For single-turn safe dialogue, we
chose the PKU-SafeRLHF dataset (Ji et al. 2024¢,b). To
verify the performance of our method on human preference
and synthetic preference settings, we used the Dialogsum
(Chen et al. 2021) for the dialogue summarization task and
the TL;DR (Stiennon et al. 2020; Volske et al. 2017) for
text summarization. For the former, we employed GPT-4
for preference annotation, while the latter already contains
human-annotated preferences.

Evaluation and Metrics Our evaluation primarily uses
GPT-4 evaluation and phenomenon analysis for specific tasks.
In single-turn safety dialogue tasks, we analyze whether
LLMs fall into an overly conservative refusal-to-response
paradigm, leading to a significant drop in utility. Therefore,
we use the helpfulness reward model scores provided by Dai
et al. (2023) and MT Bench score (Zheng et al. 2024) as the
metric of utility. In text summarization and dialogue sum-
marization tasks, we refer to (Stiennon et al. 2020) and use
accuracy, conciseness, and information consistency as eval-
uation criteria. To decrease randomness, we ran the above
evaluation over 3 times.

Methods Description Our experiment includes compar-
isons between popular baselines and our proposed variants.
We define their abbreviations as follows. Baselines. Init-SFT"
Pre-trained model finetuned for the corresponding task, also
used as the initial model for other alignment methods. PPO:
Vanilla PPO trained based on seq2scalar RM (Ouyang et al.
2022; Schulman et al. 2017). DPO: Direct Preference Opti-
mization (Rafailov et al. 2024b). RFT: Rejection sampling
fine-tuning (Touvron et al. 2023) based on seq2scalar RM
selection over 8 responses generated by the Init-SFT. Vari-
ants. PPO-T: PPO trained based on seq2seq RM, with token-
level reward. RFT-S: RFT based on seq2seq RM selection
by summing token-level rewards up. PPO-S: PPO trained
based on seq2seq RM, with sentence-level reward by sum-
ming token-level rewards up. PPO-T-Pos: PPO-T with only
positive scores. All methods are implemented based on the
same code base, PKU-Alignment/SafeRLHF. For more de-
tails, including hyperparameter settings, please refer to our
supplementary materials and appendix.

Mitigating Unexpected Generalization

This section will demonstrate the advantages of learning from
language feedback in alleviating unexpected generalizations.
We will focus on two specific cases: the long-response bias on
synthetic Dialuguesum datasets and the refusal-to-response
paradigm on human-annotated datasets PKU-SafeRLHF.



Methods Length (A ) Win Rate T
Init-SFT 2B)  147.33 (A 0.00)  0.50 + 0.00
PPO (2B) 162.17 (A 14.84) 0.61 +0.24
PPO-S (2B) 14534 (A 1.99) 0.80+0.16
PPO-T (2B) 149.16 (A 1.83) 0.83 +0.14
Init-SFT (7B)  146.69 (A 0.00)  0.50 + 0.00
PPO (7B) 164.10 (A 27.31) 0.54 £0.25
PPO-S (7B) 14421 (A 2.48) 0.78 £0.17
PPO-T (7B) 145.03 (A 1.66) 0.81 £+ 0.15

Table 1: Comparison of seq2seq RM with common align-
ment methods on Dialogsum. A denotes the response length
difference to Init-SFT. The Win Rate is the win-lose ratio
compared to Init-SFT judged by GPT-4.

Long-Response Bias The criterion for a preferred dialogue
summary is its accuracy and conciseness in summarizing the
dialogue content. However, our statistics reveal a bias: 61%
of responses labeled as chosen in the synthetic Dialogsum
dataset are longer. This indicates a slight bias for length.
As shown in Table 1, PPO is significantly affected by this
long-response bias, generating obviously longer responses.
In contrast, PPO-S and PPO-T, based on seq2seq RM, can
effectively mitigate the long-response bias issue.

Utility MT Bench Safety

Methods Score T Score T Win Rate T

Init-SFT 2B) -345+£320 5594275 0.50 £ 0.00
PPO (2B) -9.57+0.79 5.094+235 059 +0.24
PPO-S (2B) 9.16+283 545+£223 0.71 +£0.21
PPO-T (2B) -414+3.01 5524282 0.88 +0.11
Init-SFT (7B) -2.65+349 581+275 0.50+0.00
PPO (7B) -1223 £1.25 523+£267 0.60+0.24
PPO-S (7B) -8224+£292 5494228 0.64 +£0.23
PPO-T (7B) -4.03 +2.74 5.51+2.76 0.81 +0.15

Table 2: Comparison of RLHF based on seq2seq RM with
common alignment methods on PKU-SafeRLHF. The Utility
scores are derived from the RM from Dai et al. (2023), the
MT Bench Score is the evaluation results from Zheng et al.
(2024) and the Safety Win Rate is the win-lose ratio compared
to Init-SFT, evaluated by GPT-4.

The seq2scalar RM relies on binary MLE to differenti-
ate between chosen and rejected responses, inadvertently
introducing biases like length, alongside criterion. In con-
trast, the seq2seq RM employs sequence MLE to operate
within the language space, yielding more accurate feedback.
Thus, even though both provide scalar feedback, PPO-S ex-
hibits a markedly lower long-response bias compared to PPO,
demonstrating the superiority of seq2seq RM in mitigating
long-response biases on synthetic datasets.

Refusal-to-Response Paradigm The trade-off between
safety and utility has been a long-term challenge in LLMs
alignment (Bai et al. 2022). We empirically demonstrate that
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Figure 4: Utility and safety scores distribution shifts of safety
alignment. RLHF based on seq2scalar RM (upper) causes
LLMs to misgeneralize the refusal-to-response paradigm.
Our seq2seq RM (lower) mitigates unexpected generaliza-
tion, improving safety while maintaining the utility scores
distribution.

RLHEF targeting safety preferences can easily induce LLMs
to fall into a refusal-to-response paradigm, like “sorry but
I cannot assist with that.”. We use the utility score
model by Dai et al. (2023) and a comprehensive evaluation
framework, MT Bench Zheng et al. (2024) to quantitatively
present this metric. As illustrated in Table 2, PPO trained
with the seq2scalar RM converges to a refusal-to-response
paradigm with a low utility score, and it did not achieve the
greatest safety improvement. This difference is particularly
evident in the decrease in the utility and MT Bench scores
and a reduction in variance, where variance indirectly reflects
the diversity of generated content.

The seq2seq RM demonstrates a superior capability to
represent preferences, effectively mitigating the refusal-to-
response paradigm. PPO-S achieved a higher safety score
compared to PPO while maintaining a slightly higher mean
and variance in the utility score. This suggests that the
seq2seq RM provides more accurate rewards in scalar space
than the seq2scalar RM. Notably, PPO-T achieved the high-
est golden safety score without a significant decrease in the
utility score. This indicates that the token-level fine-grained
rewards of the seq2seq RM are crucial in mitigating unex-
pected generalization.

A more intuitive visualization of utility score Vs. proxy
safety score has been presented in Figure 4. Specifically,



PKU-SafeRLHF Dialogsum TL;DR
Gemma-2B Llama2-7B Gemma-2B Llama2-7B Gemma-2B Llama2-7B
PPO-S Vs. PPO  74.1% £ 192% 71.6% £203% 78.7% £ 168% 769% +17.8% 66.8% +222% 72.9% =+ 19.8%
RFT-S Vs. RET  55.9% 4+ 24.7% 55.8% +24.9% 782% £ 17.0% 80.1% £ 159% 68.9% +21.4% 66.7% + 22.2%
PPO-T Vs. PPO  87.7% + 10.8% 75.6% + 18.4% 80.5% £ 15.7% 77.4% £ 17.5% 679% +21.8% 72.1% + 23.9%
PPO-T Vs. DPO  60.5% 4+23.9% 76.2% £+ 18.1% 79.5% £ 16.3% 73.4% +19.5% 66.0% +22.4% 69.6% + 21.2%
PPO-T Vs. RFT 86.8% +11.4% 83.2% +14.0% 81.2% +=152% 77.9% +172% 659% £ 22.5% 68.7% + 21.5%

Table 3: Win-lose ratio of RLHF based on seq2seq RM over common alignment methods and variants.

when the alignment objective is to improve the safety scores,
i.e., from bottom to top in the diagram, the RLHF based
on seq2scalar RM unexpectedly generalizes to refusal-to-
response paradigm, i.e., from right to left, resulting in a sig-
nificant drop and distribution collapse in the utility scores.
In contrast, the seq2seq RM can improve the safety scores
while maintaining the utility score distribution.

Improvement of Alignment Perfromance

In this section, we will demonstrate that the accuracy and fine-
grained advantages of seq2seq RM can improve alignment
efficiency. We empirically verify this improvement at both
the token-level and the sentence-level optimization.

Sentence-Level Accuracy Seq2seq RM can accurately dis-
tinguish between good and bad responses. We sum the token-
level rewards provided by seq2seq RM up to scalars and con-
duct an empirical analysis on RFT and PPO. RFT prompts
LLMs to generate multiple responses (set to 8 in our experi-
ment), then selects the highest-scoring response for further
SFT. Both methods’ alignment performance relies on whether
the RM can provide accurate sentence-level feedback. As
shown in Table 3, both RFT and PPO using seq2seq RM
achieved the best performance across different model sizes
and tasks. This indicates that using sequence MLE in the
language space instead of binary MLE in the scalar space
improves the accuracy of reward modeling.

Token-Level Granularity To verify the token-level accu-
racy of the seq2seq RM, we compared PPO-T with several
popular alignment algorithms. In addition to PPO, we se-
lected DPO and RFT as baseline methods. Our results show
that PPO-T achieved SOTA performance, demonstrating that
the seq2seq RM effectively provides token-level feedback.
We also compared PPO-S with PPO-T, as they only differ
in feedback granularity. The significant outperformance of
PPO-T over PPO-S further indicates that the seq2seq RM
excels in accurate credit assignment at the token level.

OOD Robustness The seq2seq RM demonstrates robust
scoring accuracy for out-of-distribution (OOD) responses.
We tested the seq2seq RM and seq2scalar RM based on the
TL;DR datasets but used the Xsum prompt in the RLHF
process. Since the prompts in Xsum are not in the same
distribution as those in TL;DR, this will test whether the RM
is robust to OOD inputs. PPO-T can significantly improve the
performance of SFT models, whereas PPO improvements are
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Gemma-2B Llama2-7B
PPO Vs. SFT 56.7% + 22.8% 61.6% + 28.4%
PPO-T Vs. SFT  752% £+ 18.7% 74.2% =+ 19.1%

PPO-T Vs. PPO  71.9% £ 20.2% 68.3% =+ 20.5%

Table 4: Comparison of methods for Gemma-2B and Llama2-
7B on OOD Xsum (Narayan, Cohen, and Lapata 2018)
prompts, with RMs trained on TL;DR datasets.

not obvious. Further, PPO-T also outperforms PPO, which is
based on the seq2scalar RM.

Ablation Study and Disscussion

Necessity of Positive and Negative Scores The positive
and negative scores are both essential for the seq2seq RM.
We conducted ablation experiments on PKU-SafeRLHF un-
der conditions where only negative scores or only positive
scores were included. Our experiments indicate that when
only negative scores are used, large language models (LLMs)
tend to converge to a paradigm where no characters are gen-
erated. This occurred 68.5% of the time with Gemma-2B
and 86% of the time with Llama2-7B. We hypothesize that
generating nothing is easier for LLMs than generating proper
tokens, as both outcomes avoid negative scores. The inclu-
sion of positive scores mitigates this issue by incentivizing
the generation of tokens consistent with the seq2seq RM.

Negative scores can enhance the alignment performance
of seq2seq RMs. Figure 5 compares the performance of three
models: PPO-T, PPO-T-Pos (which considers only positive
scores), and Init-SFT. The results demonstrate that PPO-T,
which includes negative scores in its evaluation, significantly
improves alignment performance compared to Init-SFT. This
improvement suggests that incorporating negative scores al-
lows for better utilization of information from the preference
dataset, leading to more effective RL fine-tuning.

Models PKU-SafeRLHF Dialogsum TL;DR
Gemma-2B  76.7% £ 17.9% 752% + 18.6% 73.2% £ 12.2%
Llama2-7B  82.2% £ 14.6% 78.6% + 16.8% 79.3% + 15.1%

Table 5: Win-lose ratio of PPO-T over Init-SFT responses
corrected by seq2seq RM.



Win Rate Tie Rate Lose Rate
PPO-T-Pos Vs. Init-SFT 77.00% 15.00%
PPO-T Vs. Init-SFT 83.00% 11.00%
PPO-T Vs. PPO-T-Pos 56.00% 26.00%
PPOTrOSVs. INtSFT -
PPO-T Vs. Init-SFT 74.00% 17.00%
PPO-T Vs. PPO-T-Pos 56.00% 25.00%

r T T T T T T T T T 1
0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Figure 5: Comparison of PPO-T, PPO-T-Pos and Init-SFT.
Bars above the dashed line are based on Gemma-2B while
the others are based on Llama2-7B.

e Win Rate
"B Tie Rate
Lose Rate

77.97%
Correction 40.9% Identity

S-~ 15.93%

Figure 6: Quantified analysis of seq2seq RM’s correction
mapping and identity mapping. The pie chart shows the pro-
portion of responses corrected and retained by seq2seq RM,
while the bar chart shows the comparison results between the
corrected responses and the original responses.

Correction Abilities of Seq2seq RM To verify that
seq2seq RM has the ability to perform both correction map-
ping and identity mapping on responses, we concatenate the
prompt with the response generated by Init-SFT and then
input it into seq2seq RM. By comparing the output with
Init-SFT, the results in Figure 6 indicate that seq2seq RM is
capable of mapping Init-SFT’s responses to be more aligned
with human preferences.

However, relying solely on the combination of the Init-SFT
model and seq2seq RM cannot surpass RLHF. As shown in
Table 5, the performance of PPO-T based on seq2seq RM
training is better than the direct correction of seq2seq RM.
This indicates that the feedback from seq2seq RM enables
LLMs to generalize to better alignment performance than
simple correction mapping.

Related Works

Reward Modeling Reward modeling is a crucial compo-
nent of RLHF. Given that RM serves as imperfect proxies
for human intentions, LLMs can exploit their vulnerabilities,
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exhibiting unexpected generalization to achieve high rewards
during RL finetuning (Pitis 2023; Gao, Schulman, and Hilton
2023). It means RM fails to provide feedback that accurately
aligns with human intentions: LLMs exploring unexpected
generalization to obtain high rewards, which negatively im-
pact their capabilities and fail to achieve alignment objectives
(Tien et al. 2022; Knox et al. 2023; Lambert and Calandra
2023). Moskovitz et al. (2023) proposed the use of Lagrange
multipliers to balance rewards representing various prefer-
ences, aiming to create a more nuanced reward structure.
Similarly, Coste et al. (2023) explored ensembling multiple
RMs to provide more accurate feedback by leveraging di-
verse perspectives. Ramé et al. (2024) involved averaging
RM weights under different random settings to enhance ro-
bustness against variability. Additionally, Zhu, Jordan, and
Jiao (2024) introduced iterative data refinement techniques
to minimize noise within the reward signals. While these
methods have demonstrated varying degrees of effectiveness,
they all introduce additional models, training requirements,
and hyperparameters, which may impact their robustness and
scalability.

Reinforcement Learning from Human Feedback Recent
research on token level RLHF presents an impossible trian-
gle of granularity, accuracy, and annotation cost. Chan et al.
(2024) redistributed the seq2scalar RM’s output to each token
based on attention values to achieve fine-grained feedback,
but this still relies on the Bradley-Terry model’s accuracy over
whole responses in learning preferences. Chen et al. (2024),
from the perspective of minimum editing constraint, used
a generative model to provide token-level reward feedback,
but this requires an additional teacher model for correction
annotations. Rafailov et al. (2024a) and Zeng et al. (2024)
demonstrated the feasibility of achieving token-level align-
ment from a variant of RLHF, direct preference optimization
(DPO) (Rafailov et al. 2024b). However, DPQO’s offline and
off-policy setting reduces its alignment efficiency and can-
not be optimized when the preference dataset variability is
insignificant (Tajwar et al. 2024). Xu et al. (2024) further
showed through theoretical and experimental analysis that
DPO is a suboptimal alternative to RLHF methods in various
scenarios. This also raises concerns about using DPO as the
reward model for RLHF by Zhong et al. (2024).

Conclusion

In this work, we propose a novel sequence-to-sequence
(seq2seq) reward modeling method. Its key insight is that
learning from language feedback rather than scalar feedback
improves RLHF without additional annotations. We replace
the reward modeling target from binary MLE for classifica-
tion tasks to sequence MLE for text generation tasks. Our ex-
periments demonstrate that seq2seq RM reduces the refusal-
to-response paradigm in single-turn safety dialogues and the
long-response bias in text summarization tasks, improving
RLHF performance across 2B and 7B LLMs, achieving an
average win rate of 76.9%. We further show that seq2seq
RM can still improve the performance of RLHF under the
out-of-distribution prompts.
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