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Abstract

Multi-objective preference alignment often
faces alignment conflicts, where optimizing for
one objective degrades performance on others.
While prior work focuses on algorithmic solu-
tions, the intrinsic conflict within data and its
theoretical impact on training remain underex-
plored. To bridge this gap, we introduce the
principle of REWARD CONSISTENCY (RC),
a theory-grounded criterion that approximates
the alignment conflicts via reward models. We
prove that a sample mitigates conflicts if and
only if it satisfies RC, thereby ensuring im-
provement across all objectives during opti-
mization. Building on this, we propose RE-
WARD CONSISTENCY SAMPLING (RCS), an
automated framework for constructing pairwise
data that adheres to RC, supplemented by a re-
laxation strategy to enhance flexibility. Exten-
sive experiments show that RCS brings signifi-
cant and consistent performance gains, achiev-
ing an average improvement of 23.07% in both
harmlessness and helpfulness during simulta-
neous optimization compared to the vanilla
dataset. Our data-centric approach is comple-
mentary to existing alignment algorithms and
effective in both sequential and simultaneous
optimization scenarios.

1 Introduction

Alignment is a critical stage in the post-training
of language models, designed to ensure that the
generated responses align with human preferences
and values (Guo et al., 2025; Lambert et al., 2024;
Xu et al., 2024; Ding et al., 2025). However, exist-
ing training pipelines still face the significant chal-
lenge of aligning with diverse and often conflicting
human preference objectives such as helpfulness
and harmlessness (Casper et al., 2023; Rame et al.,
2024). The inherent conflicts between different hu-
man preferences often lead to trade-offs (Bai et al.,
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2022; Lou et al., 2024), where optimizing for one
preference may degrade performance in another
preference, hindering universal performance im-
provements across diverse alignment dimensions,
which we refer to as alignment conflicts.

Recent advancements in multi-objective direct
preference alignment (Lou et al., 2024; Zhou et al.,
2024b; Yang et al., 2024; Gupta et al., 2025; Shi
et al., 2024) have introduced algorithmic improve-
ments to reduce alignment conflicts while avoiding
the high computational costs (Rame et al., 2024).
For example, by introducing additional losses for
balancing multiple objectives during optimization,
SPO (Lou et al., 2024) and MODPO (Zhou et al.,
2024b) extend DPO through a margin loss term in
their objective functions. However, their effective-
ness remains limited by the data they use: existing
datasets have not been carefully calibrated to miti-
gate conflicts in different competing objectives.

Therefore, a key research question is, how to
understand the impact of data on alignment con-
flicts and leverage this understanding to ensure con-
sistent improvement in multiple objectives? This
question motivates us to study the criterion that dis-
tinguishes samples that introduce alignment con-
flicts from ones that do not. While there are exist-
ing data selection approaches that identify samples
that enhance performance gain in general instruc-
tion following or a specific task (e.g., reasoning
task) (Khaki et al., 2024; Pattnaik et al., 2024; Lai
et al., 2024; Cui et al., 2023; Wang et al., 2024),
there remains a lack of understanding of multi-
objective alignment conflicts. Although there exist
common empirical strategies like data mixing and
reward ensembling to mitigate alignment conflicts,
there remains a lack of insights of what kind of
data would cause conflicts theoretically, leading
to sub-optimal performance. This gap hinders the
development of approaches capable of explicitly es-
timating alignment conflicts directly and leveraging
such estimates to guide the selection or generation
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of data for multi-objective alignment.
To bridge this gap, we present REWARD CON-

SISTENCY (RC) to understand the conflicts in multi-
objective alignment. Our intuition is that in a typi-
cal pairwise dataset, the chosen response may be
better on some objectives but worse on others when
compared with the rejected response, which may
potentially introduce alignment conflicts during op-
timization. We propose a lemma and prove that
samples should satisfy this criterion if and only if
they mitigate alignment conflicts. With this theory,
we can use the reward model to approximately esti-
mate the alignment conflicts, providing theoretical
support for resolving multi-objective conflicts at
a data level. We conduct preliminary empirical
experiments to further support this.

Building on this insight, we further propose a
novel data sampling framework that applies the re-
ward consistency principle to filter out the conflict-
ing data. We analyze the feasibility of generating
such samples and show that with a reasonable num-
ber of sampling candidates, we can reliably con-
struct high-quality consistent pairs. Additionally,
we introduce a relaxation strategy for scenarios
where strict reward consistency is hard to achieve,
allowing controlled incorporation of inconsistent
samples to preserve diversity while minimizing
conflict. Our data-centric framework is comple-
mentary to standard pairwise alignment methods
like OT-DPO (Li et al., 2025a), supports both se-
quential (iteratively optimizing one objective at a
time) and simultaneous optimization (optimizing
all objectives collectively at once), and shows ro-
bustness to reward models. Through extensive ex-
periments, we demonstrate that our approach con-
sistently improves alignment performance across
multiple objectives while also scaling effectively
to three or more objectives.

Overall, our contributions are as follows:
• We introduce the principle of REWARD CON-

SISTENCY (RC), a theoretically-grounded cri-
terion that samples should satisfy if and only
if they mitigate alignment conflicts, which is
demonstrated by both theoretical analysis and
empirical validation.

• We propose a novel data-centric framework
for multi-objective direct preference optimiza-
tion called REWARD CONSISTENCY SAM-
PLING (RCS) and the corresponding relax-
ation strategy. The data-level approach is
model-agnostic and complements existing
alignment algorithms.

• Extensive experiments validate RCS’s effec-
tiveness, showing significant improvements
over the vanilla dataset, achieving 23.07% av-
erage gains compared to original dataset when
simultaneously optimizing harmlessness and
helpfulness.

2 Problem Formulation

Our goal is to develop an automated framework for
constructing enhanced pairwise preference datasets
specifically tailored for multi-objective direct align-
ment approaches. Specifically, when aligning k
objectives, we take the pairwise training data D as
input and generate new pairwise training data D

′

that mitigates alignment conflicts. This problem
can be formally defined as follows:

Input: Pairwise training data D, k preference
objectives and the corresponding reward models.
For simultaneous optimization, D = {x, yw, yl}
represents a unified preference dataset where each
sample corresponds to one of the k objectives, en-
abling joint training without separating objective-
specific datasets. Here x denotes the input prompt,
and yw and yl represents the winning response
and losing response, respectively. For sequen-
tial optimization, the dataset is structured as D =
{D1, D2, ..., Dk}, where each Di is specially de-
signed to optimize i-th objective.

Output: New pairwise training data D
′

that can
be seamlessly compatible with direct preference
alignment algorithms. For simultaneous optimiza-
tion, the framework produces a unified D

′
that

balances k objectives to minimize alignment con-
flicts among them. For sequential optimization,
D

′
= {D1, D

′
2, ..., D

′
k} with each D

′
i minimizing

conflicts with previously aligned objectives (D1 do
not change because no conflict arises when aligning
the first objective).

Our framework uniformly handles both simulta-
neous and sequential alignment by transforming the
original data D into the conflict-reduced dataset D′.
When applied to all k objectives simultaneously, it
balances their preference comparisons in one step;
when applied one objective at a time sequentially,
it adds each new objective while reducing conflicts
with those already aligned.

3 REWARD CONSISTENCY

In this section, we discuss the desirable proper-
ties that samples should possess to resolve con-
flicts in multi-objective alignment. To this end, we
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(a) Reward-Consistent Samples (b) Non-Reward-Consistent Samples

Gradients of objective 1 and 2 ( 

and  ) are in the same direction

: Gradient of objective 1
: Gradient of both objective 1 and objective 2

: Additional gradient introduced by objective 2

Gradients of objective 1 and 2 (  and

 ) are in the opposite direction

Figure 1: Gradient analysis of reward consistency.

first define REWARD CONSISTENCY as the desir-
able property (Section 3.1) and then demonstrate
its utility in resolving conflicts through theoretical
analysis (Section 3.2) and empirical experiments
(Section 3.3).

3.1 Definition of REWARD CONSISTENCY

Our intuition is that if a winning response yw ex-
cels in only some objectives but underperforms
in others, optimizing with such a pair may cause
alignment conflicts. We therefore define REWARD

CONSISTENCY (RC) as follows:
Definition 1 (REWARD CONSISTENCY). A
sample (x, yw, yl) is said to satisfy reward con-
sistency if yw consistently receives a higher re-
ward than yl across all k objectives: rj(x, yw) >
rj(x, yl), ∀j ∈ {1, 2, . . . , k}.

Existing preference datasets contain a consid-
erable number of samples that do not satisfy re-
ward consistency. Take the preference dataset Help-
Steer2 (Wang et al., 2024) as an example. We find
that in 60% of its response pairs, the winning re-
sponse fails to satisfy reward consistency when
considering helpfulness and harmlessness. We find
that RC is actually achievable in practice, as de-
tailed in Section 4.2.

3.2 Theoretical Analysis
To theoretically show how reward consistency re-
solves conflicts, we compare the gradients of re-
ward consistent samples with samples that do not
satisfy this property. Without losing of generality,
we consider the scenario in which k = 2. Our ob-
servation is that for existing multi-objective direct
alignment methods (Zhou et al., 2024b; Lou et al.,
2024), the gradient of the two objectives are not
in the opposite direction (i.e., conflicting) if and
only if the sample is reward consistent, as shown in
Figure 1. Formally, we have the following lemma:

Lemma 1. Let G1 represent the gradient of the
current objective 1, G1+2 represent the gradient
considering both objectives 1 and 2, and ∆G2 =

G1+2 −G1 denote the additional gradient intro-
duced by considering objective 2. G1 ·∆G2 ≥ 0
(i.e., not conflicting with each other) in existing
multi-objective direct alignment methods (Zhou
et al., 2024b; Lou et al., 2024) if and only if the
sample (x, yw, yl) is reward-consistent.

See Appendix J for proof.

3.3 Empirical Experiments

Harmless
Rate ↑

∆
Helpful

Win Rate ↑
∆

Ref. 90.38 - 35.90 -
Org. 56.53 -33.85 72.29 +36.39
NRC 43.12 -47.26 74.12 +38.22
RC 90.96 +0.58 43.35 +7.45

Table 1: Training with the original dataset for op-
timizing helpfulness (Org.) and the reward in-
consistent samples in the dataset (NRC) leads to
decrease in harmless rate compared with the reference

model optimized for harmfulness (Ref.), while reward
consistent samples in the original dataset (RC) leads to
improvement on both harmlessness and helpfulness.

Let us consider two common preference objec-
tives—helpfulness and harmlessness. Given a refer-
ence model (Ref.) trained to optimize harmlessness
on SafeRLHF (Ji et al., 2024). We will then opti-
mize its helpfulness on UltraFeedback (Cui et al.,
2023) by using the original dataset (Org.) and ob-
serve how this leads to degradation in harmless-
ness. As shown in Table 1, optimizing helpfulness
leads to a significant degradation in the harmless
rate. We then try optimizing the Ref. model by
using reward-consistent samples (RC) and reward-
inconsistent samples (NRC). The results show that
only RC can ensure improvement on both harmful-
ness and helpfulness. In contrast, training on NRC
leads to even more degradation than the original
dataset. More details can be found in Appendix B.

While reward consistency is a useful principle
for selecting samples that mitigate conflicts, train-
ing only with the subset of reward-consistent sam-
ples may fail to achieve the best result in some
objectives. As shown in Table 1, the model trained
with RC samples has a lower helpfulness score, po-
tentially due to the data size. In the next section,
we discuss how to solve this limitation.

4 REWARD CONSISTENCY SAMPLING

In this section, we further develop a data generation
framework, REWARD CONSISTENCY SAMPLING,
to sample and construct preference pairs.
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For a prompt , the new  must
meet reward consistency: 

Sequential Optimization: The  gap is
the largetset among reward consistent
samples
Simultaneous Optimization: The

 gap is the largetset among
reward consistent samples

Reward Models
Annotate the responses'
rewards on all objectives

Step1. Response Sampling and Reward Annotation

 

Prompt x: I am software developer. how to
get most out of openai GPT AI?
Chosen : Here are some tips to help you
get the most out of OpenAI's GPT AI:
1. Fine-tune the model on your specific use
case: ... 
2. Provide high-quality input data: ...
Rejected : As a software developer, you
can use OpenAI's GPT AI to its full
potential by following these tips: ...

Current Training Dataset

Sampled : Here are some tips to get the most
out of OpenAI's GPT AI:
1. **Understand the different GPT models** ...
Sampled : As a developer looking to get most
out  of OpenAI's GPT AI, here are some tips to
get the most out of OpenAI's GPT:
1. Use temperature control: ...

Step2. Construct Preference Pairs By Reward Consistency

Prompt x: I am software developer. how to
get most out of openai GPT AI? 
Chosen : To get the most out of OpenAI
GPT AI, follow these best practices: ...
2. **Use the right prompt**: ...
7. **Respect the ethical guidelines**: ... Avoid
using the model to generate unethical,
harmful, or illegal content... 
By following these best practices, you can
effectively utilize OpenAI GPT AI to enhance
your software development.
Rejected : As a software developer, you
can use OpenAI's GPT AI to its full potential
by following these tips: ...

 New Dataset   compatible with direct
preference alignment algorithms

All Candidate
Sampled Responses

Figure 2: Overall pipeline of our proposed RCS framework. While samples in the original preference dataset Dk

contain only text for optimizing helpfuless, the samples in our generated dataset D′
k also contain text for optimizing

harmlessness, thereby ensuring improvement in both objectives.

4.1 Overall Framework

Figure 2 shows our framework for constructing data
that works for both sequential and simultaneous
optimization. It mainly consists of two steps:
Step 1: Response sampling and reward annota-
tion. We extract the prompt set X of D. For each
prompt x ∈ X , we sample n responses y1, ..., yn,
and combine these responses with the original yw
and yl to fully utilize the original data. This re-
sults in an expanded response set [yw, yl, y1, ..., yn]
for each x, and the rewards r1, ..., rk of each re-
sponse will be annotated by the reward models.
This step is the same for both sequential and simul-
taneous cases. Although their data set structures
differ slightly (with sequential being divided into
k different preference datasets), each data point in
both scenarios follows the same format (x, yw, yl),
allowing us to process them uniformly.
Step 2: Construct preference pairs by reward
consistency. In this step, we reconstruct preference
pairs from these candidate pairs. First, we per-
form pairwise comparisons among all candidate re-
sponses and filter out those that violate reward con-
sistency ∀j ∈ {1, . . . , k}, rj(x, y

′
w) > rj(x, y

′
l).

Finally, we select data that works the best for the
specific optimization scenario. In particular, for
sequential optimization, we sequentially generate
datasets {D′

2, ...D
′
k}. When generating the dataset

D
′
k, the primary goal is to maximize the k-th ob-

jective while preventing alignment conflicts (i.e.,
degradation in the previously aligned objectives).
To this end, we select the one that maximizes the
gap in rk from the reward consistent data. For si-

multaneous optimization, there is only one dataset
for multiple objectives 1, ..., k. To find data points
that result in overall good performance while also
avoiding conflicts, we select the pair that maxi-
mizes the gap in rweighted = w1r1 + · · · + wkrk
from the reward consistent data.

4.2 Analysis of Reward Consistency
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Figure 3: Effects of sampling number.

Case Study. Figure 2 shows how reward-consistent
data mitigates conflicts. The original chosen re-
sponse only contains text for optimizing helpful-
ness, while our generated data also contains text
for optimizing harmlessness (e.g., "Respect the eth-
ical guidelines...") besides helpfulness. We provide
more analysis of our generated data in Appendix D.
Sampling Efficiency. In Figure 3, we explore the
relationship between the sample size and the num-
ber of samples that fail to meet reward consistency
on Ultrafeedback. We add conciseness as the fourth
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challenging objective. As the sample size increases,
the number of failed samples diminishes, thereby
showing that RCS is capable of identifying data
comparable in size to the original dataset. We fur-
ther discuss the cost analysis in Appendix E.2.

4.3 Advantages of Our Framework
Relaxation Strategy. The relaxation is useful
when there exist scenarios that are hard to strictly
achieve reward consistency. We propose two kinds
of strategies: 1) Across Objectives: Given prior
knowledge of which objectives may cause signifi-
cant conflicts, we can enforce reward consistency
only among selected objectives rather than all (see
Appendix F). 2) Within Objectives: We can also
incorporate a small amount (e.g., 5%-10%) of in-
consistent data (see Appendix E.4).
Complementary to algorithm-side methods.
This framework is specifically designed to generate
high-quality pairwise preference data that enhances
the performance of various direct alignment meth-
ods. Thus, both DPO-based methods and multi-
objective direct alignment methods like SPO (Lou
et al., 2024) can be effectively combined with our
data construction approach.
Unified optimization paradigms. Our approach
offers a unified solution for both sequential and
simultaneous optimization scenarios. This unified
design enables users to select the most appropri-
ate optimization strategy for their specific require-
ments. The framework can be used for both online
and offline settings.

5 Sequential Optimization Experiments

5.1 Experimental Setup
Backbone Models. We primarily report the re-
sults of LLaMA-3-SFT1 in the main paper. Results
of Mistral-7B-SFT, which show similar trends in
performance, are included in Appendix E.1.
Training Datasets. For two-objective related
experiments, we consider helpfulness and harm-
lessness. For three-objective related experiments,
we additionally consider truthfulness. For harm-
lessness, we use the SafeRLHF-10K dataset (Ji
et al., 2024). For helpfulness and truthfulness, we
use 10K randomly sampled instances from Ultra-
Feedback (Cui et al., 2023) along with the Help-
Steer2 (Wang et al., 2024) dataset.
Baselines. Given the lack of existing baselines ad-
dressing multi-objective conflicts from a data per-

1https://huggingface.co/RLHFlow/LLaMA3-SFT

spective, we design the following data-level base-
lines for comparison:
• Vanilla. The model is trained on only the orig-

inal dataset. For sequential optimization, the
model is trained iteratively on single-objective
datasets (e.g., first on the original harmlessness
dataset, then on the original helpfulness dataset).

• Mixed. The model trains on a mixed data of the
current objective’s data and all prior objectives’
data. For example, when aligning for helpful-
ness in the sequential process, the training data
includes both the helpfulness dataset and those
of previous objectives like harmlessness.

• RSDPO-W. (Khaki et al., 2024) It begins by
sampling multiple responses and then selects
yw with the highest average reward of all pref-
erence objectives and yl with the lowest. See
Appendix C for details.
Here we focus on demonstrating the superiority

of our data-centric approach in sequential optimiza-
tion scenarios. Therefore, we primarily compare
with data-level baselines. We additionally include
a sequential optimization method, SPO (Lou et al.,
2024), to verify that our approach enhances the
effectiveness of existing direct alignment meth-
ods. In Section 6, we extend our comparison to
include algorithm-level approaches designed for
simultaneous optimization and find that even a sim-
ple combination of DPO with our generated data
can outperform other algorithm-level baselines.
Training Details. Unless otherwise specified, we
employ DPO (Rafailov et al., 2024) to optimize
models and use implicit reward models trained
with DPO on each distinct preference datasets.
For sampling, we use SFT model to sample re-
sponses and set n = 8, temperature = 1.0, and
top_p = 0.95. Additional training details are pro-
vided in Appendix H.
Evaluation criteria. For helpfulness, we use the
AlpacaEval (Li et al., 2023) benchmark and report
the win rate against the SFT model judged by GPT-
4o, with evaluation prompts from MODPO (Zhou
et al., 2024b) (see Appendix I). For harmlessness,
we report the harmless rate using the Advbench
benchmark (Zou et al., 2023), evaluated by Llama-
Guard-3-8B. For truthfulness, we report the Truth-
fulQA MC2 criterion (Lin et al., 2021).

5.2 Overall Performance
Two-objective alignment results. We first train
SFT model via DPO on harmlessness data to get a
harmless model, and then further optimize helpful-
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Training
Method

Data Generation
Strategy

UltraFeedback HelpSteer2
Harmless

Rate↑
Helpful

Win Rate↑
Average
Score↑

Harmless
Rate↑

Helpful
Win Rate↑

Average
Score↑

SFT - 46.73 50.00 48.37 46.73 50.00 48.37

DPO

Vanilla 56.53 72.29 64.41 71.24 60.24 65.74
Mixed 76.53 63.72 70.13 83.26 52.09 67.68

RSDPO-W 74.57 66.88 70.73 80.76 55.40 68.08
RCS (Ours) 84.42 71.13 77.78 84.15 62.85 73.50

∆ +7.89 -1.16 +7.05 +0.89 +2.61 +5.42

SPO

Vanilla 62.69 66.08 64.39 71.15 61.24 66.20
Mixed 80.42 51.06 65.74 81.73 52.54 67.14

RSDPO-W 77.50 63.35 70.43 82.23 58.26 70.25
RCS (Ours) 88.07 69.19 78.63 84.19 63.50 73.85

∆ +7.65 +3.11 +8.20 +1.96 +2.26 +3.60

Table 2: Two-objective sequential alignment results for helpfulness and harmlessness. RCS seldom leads to a
decrease in metrics compared to the vanilla and frequently achieves the best results in both objectives. All values

in the table are expressed as percentages (%). ∆ = RCS − Best baseline.

ness. Table 2 shows our RCS framework achieves a
better balance than other baselines. Direct training
on vanilla data causes severe harmless rate degra-
dation (e.g., -33.88% harmlessness rate on Ultra-
Feedback). Mixed and RSDPO-W both mitigate
harmlessness drops but hurt helpfulness. RCS re-
duces the trade-off via reward-consistent sample
generation, prioritizing high-helpfulness margins
while preserving harmlessness. It maintains harm-
lessness performance, matches or exceeds vanilla
data in helpfulness, and improves average perfor-
mance by 13.27%. The results also show that both
DPO and SPO can obtain further performance en-
hancement after using our data, demonstrating the
importance of training data itself.

Three-objective alignment results. We conduct
two sets of experiments: 1) DPO-Same: We use
the same reference model for training, which is ini-
tially trained on original harmlessness and helpful-
ness data to isolate the effect of different training
data during the final alignment stage. 2) DPO-
Strategy: We use different reference models, each
trained using different data generation strategies
throughout the sequential optimization process. For
example, a reference model used for truthfulness
alignment with RCS is also originally trained with
generated RCS data for helpfulness. Table 3 shows
RCS consistently outperforms baselines across all
objectives. In the first set of experiments, RCS
maintains superior or at least comparable perfor-
mance across all objectives, improving average per-
formance by around 5%. In the second set of exper-
iments, RCS demonstrates an impressive ability to
retain over 85% harmless rate even after successive

alignment phases involving conflicting objectives,
significantly outperforming other baselines. These
results confirm the scalability of RCS.

5.3 Ablation Study

We propose two variations in the stage of construct-
ing preference pairs when balancing harmlessness
and helpfulness to ablate our framework: 1) re-
moving the reward consistency condition (denoted
as NRCS) and 2) randomly selecting a data pair
that meets the reward consistency condition instead
of selecting the one with the largest helpfulness
reward (denoted as ORCS). We compare the per-
formance of data generated by these variants using
DPO to verify the rationality of our framework.

Table 4 illustrates the ablation results. In the
harmfulness evaluation, we observe that RCS sig-
nificantly enhances the harmlessness rate compared
to the vanilla and NRCS baselines. This clearly
demonstrates that, in the absence of reward con-
sistency, models struggle to maintain performance
on the previously prioritized objective. In the help-
fulness evaluation, RCS outperforms ORCS, and
achieves comparable performance to the vanilla
data. Crucially, RCS achieves the optimal balance
between competing objectives with the highest av-
erage performance score. These results collectively
validate that RCS is effective in generating two
conditions of preference sample pairs.

5.4 Sensitivity Analysis

Impact of reward models. We analyze the sensi-
tivity of RCS to reward models under two-objective
scenarios. Specifically, we investigate the impact of
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Training
Method

Data Generation
Strategy

UltraFeedback HelpSteer2
Harmless

Rate↑
Helpful

Win Rate↑
Truthful
MC2↑

Average
Score↑

Harmless
Rate↑

Helpful
Win Rate↑

Truthful
MC2↑

Average
Score↑

DPO-Same

Vanilla 52.69 70.93 67.03 63.55 51.92 72.91 66.50 63.78
Mixed 61.15 72.54 63.68 65.79 64.42 71.30 62.01 65.91

RSDPO-W 56.46 71.42 65.79 64.55 62.30 66.90 63.52 64.24
RCS (Ours) 62.11 76.14 68.07 68.77 64.03 75.90 67.42 69.11

∆ +0.96 +3.60 +1.04 +2.98 -0.39 +2.91 +0.92 +3.20

DPO-Strategy

Vanilla 52.69 70.93 67.03 63.55 51.92 72.91 66.50 63.78
Mixed 70.76 67.82 63.11 67.23 70.96 69.44 62.08 67.49

RSDPO-W 80.57 71.92 63.87 72.12 75.57 70.80 63.40 69.92
RCS (Ours) 86.34 75.52 67.04 76.30 85.57 74.03 66.34 75.31

∆ +5.77 +3.60 +0.01 +4.18 +10.00 +3.23 -0.16 +5.13

Table 3: Three-objective sequential alignment results. RCS seldom leads to a decrease in metrics compared to
the reference vanilla method and frequently achieves the best results in all objectives. All values in the table are
expressed as percentages (%). ∆ = RCS − Best baseline. DPO-Same uses a fixed reference model to isolate
dataset effects, while DPO-Strategy uses reference models trained with different data generation strategies to assess
sequential training impacts.

Data Generation
Strategy

Harmless
Rate↑

Helpful
Win Rate↑

Average Score↑

Vanilla Harmless 90.38 35.90 63.14
Vanilla Helpful 71.24 60.24 65.74

NRCS 70.00 69.56 69.78
ORCS 86.73 55.04 70.88

RCS (Ours) 84.15 62.85 73.50

Table 4: Ablation study of reward consistency on Help-
Steer2. Only RCS improves on both objectives com-
pared to the vanilla baseline, demonstrating the effec-
tiveness of RCS in balancing competing objectives.
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50

60

70

80

90

Sc
or

e

HelpSteer2

Vanilla Implicit Explicit
50

60

70

80

90

Sc
or

e

UltraFeedback

Harmless Rate Helpful Win Rate Average

Figure 4: Impact of reward models. RCS performs well
using both implicit and explicit reward models.

employing both implicit and explicit reward mod-
els for response labeling. For the explicit reward
model, we use the ArmoRM. The results are il-
lustrated at Figure 4. Our findings indicate that
both the implicit reward model and the explicit
reward model yield improved outcomes for both
preference objectives. We also find that using the
explicit reward for annotations tends to produce
better results for helpfulness. This may be because
the implicit reward model generalizes less effec-
tively than explicit reward modeling (Lin et al.,
2024; Xiao et al., 2024). Nevertheless, we argue

that one potential benefit of using the implicit re-
ward model is it can still perform well when there
is no explicitly trained reward model available. Our
framework also demonstrates robustness to poten-
tial noise as evidenced by more experiments and
further analysis detailed in the Appendix E.3.
Impact of consistency ratio. Our framework dis-
cards samples that violate the reward consistency
condition, and we would like to explore strategies
for tolerating such conflicts. We explore this by
adding a portion of the data that slightly violates
consistency with reward-consistent data. We find
that incorporating a small fraction of these data
samples may encourage the model to learn the in-
herent trade-off between objectives and can fur-
ther enhance helpfulness performance with only a
marginal trade-off in harmlessness, which remains
acceptable. However, when introducing too many
potential conflicts (e.g., when the ratio exceeds
20%), the harmlessness preference objective may
underperform compared to other baselines. Please
refer to the results in Appendix E.4.
Impact of training order. We study the impact of
the training order and find that our framework is
robust to it. Please refer to Appendix E.5.

6 Simultaneous Optimization

6.1 Experimental Setup

Baselines. We broaden the evaluation by also
comparing against algorithm-level methods. This
ensures a more comprehensive assessment of
multi-objective alignment performance. Specif-
ically, we additionally compare with other ad-
vanced algorithm-level baselines including: DPO-
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Method
Mix-SafeRLHF-UltraFeedback

Harmless
Rate↑

Helpful
Win Rate↑

Average
Score↑

SFT 46.73 50.00 48.73
DPO-Soups 60.38 67.32 63.85

MOD 67.30 68.32 67.81
MODPO 69.42 75.03 72.23

MO-ODPO 95.00 69.06 82.03
Vanilla 56.15 71.05 63.60

RSDPO-W 94.03 70.06 82.04
RCS (Ours) 96.34 77.01 86.67

∆ +1.34 +1.98 +4.63

Table 5: Two-objective simultaneous alignment results.
RCS outperforms all competing baseline methods. All
values in the table are expressed as percentages (%).

Soups (Rame et al., 2024), MODPO (Zhou
et al., 2024b), MOD (Shi et al., 2024), and MO-
ODPO (Gupta et al., 2025) since they optimize
multiple objectives simultaneously and be com-
pared relatively fair. Each baseline represents a
distinct approach to multi-objective alignment, and
the details can be found at Appendix C.
Training Datasets. For both two-objective and
three-objective related experiments, we use a mix
data of SafeRLHF-10K dataset (Ji et al., 2024) and
10K randomly sampled instances from UltraFeed-
back (Cui et al., 2023) to enable joint optimization.
Training Details. We report the results of LLaMA-
3-SFT. For reward model, we use ArmoRM2. We
use the averaged reward gap rweighted = 1

kr1+...+
1
krk to select data pairs when aligning k objectives.
Other training details are provided in Appendix H.
Unless otherwise stated, any details not covered in
this section aligns with the previous Section 5.1.

6.2 Overall Performance
Two-objective alignment results. As shown in
Table 5, our evaluation of simultaneous optimiza-
tion reveals that RCS achieves superior perfor-
mance compared to both data-level and algorithm-
level baselines. Notably, while MO-ODPO and
RSDPO-W demonstrate competitive harmlessness
rates, their helpfulness win rates remain compara-
tively low. In contrast, RCS not only maintains the
highest harmlessness rate but also achieves a signif-
icantly improved helpfulness win rate of 77.01%.
The average performance score of 86.67% further

2https://huggingface.co/RLHFlow/
ArmoRM-Llama3-8B-v0.1

Method
Mix-SafeRLHF-UltraFeedback

Harmless
Rate↑

Helpful
Win Rate↑

Truthful
MC2 ↑

Average
Score↑

SFT 46.73 50.00 53.36 50.03
DPO-Soups 56.15 60.00 64.59 60.24

MOD 67.30 68.32 - -
MODPO 48.84 60.37 55.78 54.99

MO-ODPO 91.73 68.19 67.45 75.79
Vanilla 53.07 70.06 57.03 60.05

RSDPO-W 87.88 71.05 66.19 75.04
RCS (Ours) 92.30 74.90 68.89 78.69

∆ +0.57 +3.85 +1.44 +2.90

Table 6: Three-objective simultaneous alignment results.
RCS outperforms all baselines. All values in the table
are expressed as percentages (%). MOD does not cur-
rently support the TruthfulQA MC2 evaluation method.

validates the effectiveness of our approach, rep-
resenting a 4.63% improvement over the second-
best method. These results demonstrate that our
method achieves state-of-the-art performance sim-
ply through DPO method with our carefully curated
dataset, without requiring additional loss functions
or complex architectural modifications.
Three-objective alignment results. As shown in
Table 6, our evaluation of three-objective alignment
under simultaneous optimization reveals that RCS
consistently achieves superior performance com-
pared to both data-level and algorithm-level base-
lines. Notably, RCS outperforms all existing ap-
proaches across all four evaluation metrics, demon-
strating its effectiveness. This consistent advantage
highlights RCS’s robustness in balancing compet-
ing objectives during simultaneous optimization.
Extension To Four Objectives. We conduct a
more challenging four-objective experiment by in-
troducing conciseness as the fourth objective. As
shown in Appendix G.3, RCS maintains its supe-
rior performance even in this more complex setting,
demonstrating promising scalability of RCS.
Other results. We include results of more models,
OOD harmless rate evaluation and hyperparameter
sensitivity analysis in Appendix G.

7 Conclusion

In this paper, we introduce REWARD CONSIS-
TENCY to improve multi-objective direct alignment.
Our approach focuses on identifying and utilizing
data samples that align with multiple preference
objectives, thereby mitigating conflicts. Overall,
our work fills a gap in data-centric strategies for
multi-objective alignment.
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Limitations and Future Work

Despite the promising results presented in this pa-
per, serval limitations of this work include: 1) Al-
though we validate the proposed multi-objective
preference data generation framework on the
LLaMA-3, it is meaningful to explore the appli-
cation of the existing framework to more LLMs
with different parameter sizes and architectures. 2)
Similar to most previous multi-objective alignment
works, our scaling-up experiment only has three
objectives. 3) The existing proposed framework
is currently only validated in the field of text gen-
eration, and its applications in other fields remain
unexplored.

In the future, we plan to apply more LLMs to
further evaluate our framework. Given the flexibil-
ity of our approach, we can also extend the number
of objectives in our experiments to more broadly
validate the practicality of the framework. Addi-
tionally, we aim to explore the integration of re-
ward consistency into the iterative DPO framework.
These directions will be explored in future work.
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A Related Work

Multi-objective Direct Alignment. To address
the challenges of multi-objective alignment, re-
cent research has proposed various algorithmic ap-
proaches (Yang et al., 2024; Zhong et al., 2024;
Guo et al., 2024; Dong et al., 2023). Early
research has focused on Multi-Objective RLHF
(MORLHF) (Rame et al., 2024; Dai et al., 2023).
However, they still remain resource-intensive due
to the requirement of substantial training resources
and an unstable training process. To mitigate this
issue, recent studies have shifted toward aligning
multiple objectives within the DPO framework.
For example, (Zhou et al., 2024b) proposed Multi-
Objective DPO (MODPO), which extends DPO
by incorporating a margin term for multi-objective
steering. Similarly, (Lou et al., 2024) introduced
Sequential Preference Optimization (SPO), which
integrates performance-preserving constraints to
prevent catastrophic model collapse during itera-
tive alignment. Both works dynamically adjust
data weights during optimization to balance com-
peting objectives. However, the effectiveness of
multi-objective alignment is still constrained by
the training data itself. In particular, when train-
ing samples are insufficient to resolve conflicts be-
tween objectives, the reweighting mechanisms still
face inherent limitations. Other methods include
introducing a conditioning mechanism that allows
users to dynamically control the weights of each ob-
jective to achieve multi-goal alignment (Yang et al.,
2024; Gupta et al., 2025; Guo et al., 2024). Our
work diverges from these methods by introducing a
data-centric perspective. REWARD CONSISTENCY

addresses multi-objective alignment through data
reconstruction, aiming to reduce conflicts between
objectives during training.

Data Selection for Alignment. Recent efforts
employ diverse strategies for data selection to better
align and improve the performance of LLM (Tang
et al., 2024; Ko et al., 2024; Zhou et al., 2024a;
Xia et al., 2024). While there are existing data
selection approaches for LLM alignment that im-
prove the model’s overall performance, they do not
explicitly consider the potential conflicts between
different objectives or find ways to resolve them.
For example, Deng et al. (2025) proposes a margin-
maximization principle to select high-quality data
to effectively align LLMs, yet it does not distin-
guish whether the selected data mitigates conflicts
between objectives. Pan et al. (2024) employ data
resampling or reweighting strategies for alignment,
but they also claim that "optimizing the sampling
weights on a single loss metric may lead to models
that neglect other aspects, such as safety". Lai et al.
(2024) optimizes reasoning performance through
generating stepwise preference data. As a result,
such approaches may lead to potential trade-offs
between competing objectives. In contrast, LLM
multi-objective alignment aims to explicitly con-
sider these multiple potentially conflicting objec-
tives and balance them. Li et al. (2025b) is con-
current to our work but lacks a deeper theoretical
analysis. Our work aims to establish a theoretical
connection between reward and alignment conflicts
in order to enhance the understanding and mitiga-
tion of such conflicts. We accordingly propose a
relaxation strategy to more effectively leverage re-
ward consistency, while extending the optimization
scenario to cover both sequential and simultaneous
settings.

B Details of Data Selection Experiment

Setup. We use the PKU-SafeRLHF-10K dataset (Ji
et al., 2024) as the harmless preference dataset
Dharmless and HelpSteer2 (Cui et al., 2023) as
the helpful preference dataset Dhelpful. We adopt
Llama-3-SFT 3 as the backbone model. We first
use DPO to fine-tune the model on Dharmless and
get the harmless model πharmless. Then, we use
πharmless to calculate the rharmless for each sam-
ple in Dhelpful and we select samples that sat-
isfy reward consistency, denoted as DRC . Sam-
ples that do not satisfy reward consistency are de-
noted as DNRC . Then, we conduct training on
Dhelpful, DRC , DNRC respectively. For evalua-
tion, we report the harmless rate on Advbench (Zou

3https://huggingface.co/RLHFlow/LLaMA3-SFT
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et al., 2023) to observe the degradation of harm-
less performance and report the win rate against
πSFT on AlpacaEval benchmark for helpfulness
evaluation (Li et al., 2023).

C Details of Baselines

Define w1, ..., wk as the weight of each preference.
We introduce the baseline used in this paper in
detail:

• Soups. This method is a variant of re-
ward soups. It first trains individual poli-
cies π1, . . . , πk on distinct preference datasets
D1, . . . , Dk using DPO, and then interpolates
their weights to approximate a multi-objective
policy: πθ ≈ w1π1 + · · · + wkπk, thereby
achieving multi-objective alignment.

• MOD. This is a training-free method to
achieve multi-objective alignment. In short, it
first trains π1, ..., πk on different distinct pref-
erence dataset D1, ..., Dk (we use DPO in our
paper), and then refers to the logits output by
π1, ..., πk and dynamically adjusts the output
during the decoding time.

• MODPO. We follow the standard pipeline
of MODPO and use the official code reposi-
tory https://github.com/ZHZisZZ/modpo
for experiments. Compared to DPO, MODPO
introduces a margin term to ensure that the lan-
guage model is effectively guided by multiple
objectives simultaneously.

πθ = argmax
πθ

Ex∼D,y∼πθ(y|x)
[
wTrϕ(x,y)

]

− β DKL

[
πθ(y|x)

∥∥πref(y|x)
]
, (1)

Similar to DPO’s mapping, MODPO directly
finds the closed-form solution of Eq. 1:

wTr∗(x,y) = β log
π∗(y|x)
πref (y|x)

+ β logZ(x),

(2)

MODPO is essentially trained using πref =
πSFT on a specific preference dataset while
incorporating additional weightings and a mar-
gin term to ensure that the language model is
effectively guided by multiple objectives si-
multaneously.

• SPO. This is a variant of MODPO, which dif-
fers primarily in its sequential fine-tuning ap-
proach across different preference datasets. It
requires k sequential training iterations, where
the reference model for each iteration i is the
policy model from the previous iteration, de-
noted as πi−1.

• MO-ODPO. It is a prompt-conditioned online
alignment method that achieves state-of-the-
art performance. For each prompt, preference
weights w1, . . . , wk are first sampled and in-
corporated as a prefix (e.g., "Helpfulness: 0.5,
Harmlessness: 0.5 {raw_prompt}"). These
weighted prompts are then used to sample re-
sponses, which are subsequently scored by
the reward model to obtain corresponding re-
ward values r1, . . . , rk. The final score for
each response is computed as a weighted sum
rfinal = w1r1 + · · ·+ wkrk, and the response
with the higher aggregated score is selected as
the preferred output.

• RS-DPO. In the original paper of RS-
DPO (Khaki et al., 2024), they first samples n
responses for each prompt from LLMs, then
use the reward model to score and select all
samples whose reward gap exceeds a spe-
cific threshold γ as the final preferred sample
pairs. The difference between the Weighted
RS-DPO used in our paper and the original
paper is that: 1) we select the sample with
the largest reward gap as the final preferred
sample pair, instead of exceeding a certain
threshold γ 2) instead using only one reward
model for scoring, we use reward models of
each preference and then get a single reward
signal with a linear combination of different
rewards.

For all algorithm-level implementations (except
SPO), we use average weighting across objectives.
For example, we set w1 = w2 = 0.5 for two-
objective alignment and set w1 = w2 = w3 = 1

3 .
For SPO, we set w = 0.9 to assign a higher weight
to the primary current objective during sequential
alignment, because we find that setting average
weight results in lower alignment performance on
the current objective.
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D More Analysis of Generated Dataset By
RCS

D.1 Examples

Below is a case illustrating how filtered responses
are evaluated based on their helpfulness and harm-
lessness. For the query in the harmless dataset
"Should be allowed to marry their siblings?", here
are some sampled responses:
y1 : rhelpful = 0.6, rharmless=0.9: No, it is gen-

erally not allowed for people to marry their siblings.
Consanguinuity, or relationships with family mem-
bers, can pose genetic risks to offspring, which is
why many cultures and countries have laws pro-
hibiting close relatives from marrying. If they were
to marry, it could increase the risk of passing cer-
tain genetic mutations to their children, leading to
potential health problems. In most cultures and ju-
risdictions, incestuous marriages between siblings
are not permitted and are considered illegal. There
are some exceptions to this, but all applicable laws
must be followed and proper precautions must be
taken, as the potential for genetic defects among
offspring from these unions is extremely high.
y2 : rhelpful = 0.5, rharmless=0.8: Marriage be-

tween siblings, also known as sibling marriage,
has been a common practice throughout history in
some cultures and communities. However, in most
modern societies, it is widely recommended to find
a spouse outside the immediate family to minimize
these risks and promote a healthier and more stable
relationship.
y3 : rhelpful = 0.4, rharmless=1.0 No. It is not

generally advisable for individuals to marry their
siblings.

The pair y2 vs y3 is filtered out because y2 is
less harmless than y3 (i.e., not reward-consistent).
While y3 is harmless, it lacks helpfulness because
it does not provide relevant reasons. If we use the
pair y1 vs y2 (i.e, reward-consistent), the model
will learn to respond in a safer and more helpful
way.

D.2 Lingustic Quality Analysis

While reward consistency helps mitigate alignment
conflicts, it also risks selecting a very narrow sub-
set of samples from the candidates. Here, we fur-
ther analyze whether this filtering negatively af-
fects the linguistic quality or diversity of the se-
lected samples. Our additional analyses compar-
ing RCS and RSDPO-W with the vanilla dataset
(Table 7) reveal that the reward-consistency crite-

rion does not introduce additional negative impact.
The synthesized datasets (RCS and RSDPO-W)
show slightly lower diversity and linguistic quality
than the vanilla dataset, with RCS and RSDPO-W
performing comparably—indicating that the gap
might stem from synthetic generation rather than
our reward-consistency criterion.

Dataset PPL ↓ Self-Bleu ↓
Vanilla 13.14 0.9324
RSDPO-W 13.80 0.9548
RCS 13.83 0.9489

Table 7: Analysis of the linguistic quality and diversity
of the generated dataset.

D.3 Further Analysis of Data Construction

One potential challenge arises when the rewards
for all objectives are consistently low across sat-
isfied candidates: low-quality samples that meet
the reward consistency criteria may be selected and
utilized. This isn’t a problem unique to RCS, and
it’s an inherent issue in constructing preference
data using rejection sampling, since the preference
data is constructed based on the reward gap (thus
there may exist low-quality examples). While not
the main focus in this paper, we further propose
some strategies to mitigate this issue. For the two-
objective simultaneous alignment task, we employ
the LLaMA-3.2-3B-SFT model (as smaller models
are more prone to generating low-quality samples)
and design the following variants to prevent the
selection of low-quality examples:

• Strategy 1: We only select samples where
the reward gap exceeds a certain threshold τ1.
Here, we select τ1 = 0.2.

• Strategy 2: We only select data where the ab-
solute reward of the chosen response is above
a threshold τ2. Here, we set τ2 = 0.5.

The results in Table 8 demonstrate that refining
data selection with simple thresholds can somewhat
further improve performance. RCS-Strategy 1,
which filters for a larger reward gap yields the best
overall result. The effectiveness of these filtering
strategies underscores the importance of quality-
aware data construction.
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Method Harmless Rate Win Rate Average
RSDPO-W 70.76 58.13 64.44
MO-ODPO 74.61 55.15 64.88

RCS 80.76 61.98 71.37
RCS-Stragety 1 82.11 62.36 72.23
RCS-Stragety 2 79.03 62.61 70.82

Table 8: Analysis of data construction strategies.

E Additional Results of Sequential
Optimization

E.1 Results of Mistral-7B-SFT

We use another open-source model, Mistral-7B-
SFT, to verify the effectiveness of RCS. We use the
dataset generated by LLaMA-3 to train Mistral-7B-
SFT and find that the performance is also greatly
improved. The results are shown in Table 9 below.
The results consistently indicate that our proposed
pipeline RCS still achieves joint improvement in
multiple objectives and outperforms other base-
lines.

E.2 Analysis of Cost-Benefit Tradeoff

Sampling multiple responses may increase compu-
tational costs. To further address this concern, we
have additionally analyzed our efficiency, showing
that the cost of data generation is much less than
its training cost. Further, we note that our data can
be reused for multiple models. Specifically:

• Comparison with existing sampling-based
methods. Existing methods that enhance pref-
erence alignment by sampling multiple re-
sponses (e.g., RS-DPO), but simply increase
computational cost during sampling may not
effectively benefit multiple objectives and
could degrade previously trained objectives.

• Empirical analysis. Our parallel sampling
tests (conducted with 8×H800 GPUs on
10K samples under the two-objective setting)
demonstrate practical feasibility - requiring
only 15 minutes for sampling and 40 minutes
for training, resulting in a total time just 1.38×
longer than basic training. The increased time
cost can bring an average performance in-
crease of +13.37% compared to the vanilla
approach. Using a mixed dataset for training
will double the time cost, but the benefits are
not as high as ours. We believe this represents
a reasonable tradeoff for the achieved benefits.

• Data can be reused. After sampling responses,
we can get the offline training dataset. There-
fore, the sampled data can be reused to train
other models (demonstrated in Table 9), fur-
ther improving efficiency.

E.3 Further Analysis of Sensitivity of Reward
Model

In Section 5.4, we find that both explicit reward
models learned by using real-world human feed-
back and implicit reward models learned by DPO
work well under the RCS framework. We addi-
tionally add two additional out-of-domain trained
reward models to further demonstrate this. We use
DPO on the HelpSteer2 dataset under the harmless
and helpfulness objectives for training, and the re-
sults are shown in Table 10. We show that despite
more potential noise that out-of-domain RMs might
bring, our pipeline shows stable performance, con-
firming the robustness of our method to variations
in reward signals.

Our method is not vulnerable to noise because:
1) our method primarily relies on discrete judg-
ments of consistency (i.e., whether a pair is reward-
consistent or not) rather than depending on con-
tinuous reward values. Minor inaccuracies in the
reward values are unlikely to alter the overall per-
formance very much; 2) even if there are some
incorrect reward signals, their impact on the gradi-
ent updates is limited. This is because the effect
of an erroneous gradient direction tends to be lo-
calized and does not significantly affect the global
optimization process.

E.4 Impact of Discarding Inconsistent Data
Here, we aim to explore strategies for tolerating
such conflicts or learning from the inherent trade-
offs between objectives. We empirically experi-
ment by adding a portion of the data that slightly
violates consistency (i.e., where the reward gap ∆R
between the chosen and rejected responses satisfies
−1 < ∆R < 0) with reward-consistent data. We
used DPO for training, and the results are shown in
Table 11. We find that incorporating a small frac-
tion of these data samples can further enhance help-
fulness performance with only a marginal trade-off
in harmlessness, which remains acceptable. How-
ever, when introducing too many potential conflicts
(e.g., when the ratio exceeds 20%), the harmless-
ness preference objective may underperform com-
pared to other baselines. These findings suggest a
potential sweet spot for controlled inconsistency in
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Training
Method

Preference
Objective

Data Generation
Strategy

UltraFeedback
Harmless Rate↑ Helpful Win Rate↑ Average Score↑

SFT - - 21.15 50.00 35.58

DPO
Harmless Vanilla 85.76 42.11 63.94
Helpful Vanilla 10.12 83.60 46.86

DPO
Harmless
+Helpful

Vanilla 50.96 74.16 62.56
Mixed 64.23 67.20 65.72

RSDPO-W 58.07 73.41 65.74
RCS-LLama 70.19 80.38 75.28

∆ +5.96 +6.22 +9.54

Table 9: Two-objective alignment results using Mistral-7B-SFT as the backbone model, trained on the UltraFeedback
dataset. All values in the table are expressed as percentages (%). ∆ = RCS − Best baseline.

RM Type Setting Harmless Rate↑ Helpful Win Rate↑ Average Score↑
- Vanilla 71.24 60.24 65.74
Out-of-domain RC-Implicit-Ultra 85.00 63.10 74.05
In-domain RC-Implicit-Steer 84.15 62.85 73.50
Out-of-domain RC-ArmoRM-Ultra 83.07 61.61 72.34
In-domain RC-ArmoRM-Steer 86.65 63.47 76.06

Table 10: Two-objective alignment (Harmlessness+Helpfulness) results obtained using different reward models
for reward annotation. RM-Implicit-Ultra means using the implicit RM trained with DPO using the helpfulness
ultrafeedback dataset; RC-Armo-Ultra means using the RM trained with the Ultrafeedback dataset.

alignment training. Therefore, a promising future
direction is to allow selectively preserve reward-
inconsistent pairs in explicitly conflicting scenarios
based on the properties of prompts. This targeted
approach might better enhance the diversity of our
data while maintaining overall alignment stability.

E.5 Training Order Analysis

While our previous experiments followed a
harmless-then-helpfulness training sequence, we
now examine the reverse ordering (helpfulness-
then-harmless). We present the results in Table 12.
We observe that the average performance scores
remain comparable regardless of the training se-
quence, achieving an average score of 78.90% com-
pared to 77.78% for the reverse order when apply-
ing our RCS framework. Both sequential train-
ing approaches significantly outperform vanilla
baselines. These suggest that our method exhibits
strong robustness to training orders.

F Relaxation Strategy

Setup. To evaluate our framework’s flexibility in
balancing multiple objectives, we selectively keep
reward consistency on certain objectives when bal-
ancing truthfulness, harmlessness, and helpfulness.

Specifically, when optimizing for truthfulness pref-
erence, we preserve reward consistency only on
truthfulness and harmlessness objectives while re-
laxing the helpfulness constraint (denoted as RCS
w/o helpful). We conduct experiments on Ultra-
Feedback using DPO.
Results. Table 13 illustrates the results. Compared
to the vanilla RCS, the RCS (w.o. helpful) variant
achieves a higher harmless rate of 72.30% but a
reduced helpful win rate of 72.90%, as relaxing
the helpfulness consistency constraint prioritizes
harmlessness. This validates our framework’s capa-
bility for precise control over multiple preference
objectives through flexible adjustments.

G Additional Results of Simultaneous
Optimization

G.1 Results of SafeRLHF-10K

We evaluate our method on the SafeRLHF-10K
dataset, which provides both safety and helpful-
ness labels. The experimental results, presented in
Table 14, demonstrate that our RCS method consis-
tently outperforms all baseline approaches across
all metrics.

However, we observe a relatively smaller im-
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Inconsistent Data Ratio Data Generation Strategy Harmless Rate↑ Helpful Win Rate↑ Average Score↑
- Vanilla 56.53 72.29 64.41
- Mixed 76.53 63.72 70.13
- RSDPO-W 74.57 66.58 70.73
0% RCS 84.42 71.13 77.78
5% RCS 83.07 71.67 77.37
10% RCS 82.11 73.04 77.58
20% RCS 75.00 74.28 74.64

Table 11: Analysis of keeping samples that violate the reward consistency. We add a certain proportion of original
data with a small degree of violation of reward consistency to the original reward-consistent dataset.

Training
Order

Data Genertaion
Strategy

Harmless
Rate↑

Helpful
Win Rate↑

Average
Score↑

Harmless Vanilla 90.38 35.90 63.14
Helpful Vanilla 38.46 77.23 57.85

Harmless -> Helpful
Vanilla 56.53 72.29 64.41

RC 84.42 71.13 77.78

Helpful -> Harmless
Vanilla 75.07 62.36 68.72

RC 85.38 72.43 78.90

Table 12: Impact of training orders. All values in the table are expressed percentages (%).

Data Generation
Strategy

Harmless
Rate ↑

Helpful
Win Rate ↑

Truthful
MC2 ↑

Vanilla 52.69 70.93 67.07
RCS 62.11 76.14 68.07
RCS (w.o. helpful) 72.30 72.90 68.05
RCS (w.o. harmless) 55.19 77.90 68.19

Table 13: Flexibility Analysis. We can achieve flexible
control by choosing to keep reward consistency on spe-
cific dimensions.

provement in helpfulness performance compared
to the results shown in Table 5. This difference
can be attributed to the dataset’s primary focus
on safety alignment - the prompts optimized for
safety training may have limited capacity to simul-
taneously enhance helpfulness. This observation
aligns with practical considerations, as real-world
applications typically employ different prompts for
training helpfulness and safety objectives. To bet-
ter reflect real-world scenarios, we employ a com-
bined training approach in our main experiments,
utilizing both helpfulness data (UltraFeedback) and
harmlessness data (SafeRLHF).

G.2 Results of Mistral-7B-SFT

We use another open-source model, Mistral-7B-
SFT, to verify the effectiveness of RCS under two-
objective simultaneous optimization scenarios. We

use the dataset generated by LLaMA-3 to train
Mistral-7B-SFT and find that the performance is
also greatly improved. The results are shown in Ta-
ble 15 below. The results consistently indicate that
our proposed pipeline RCS still achieves joint im-
provement in multiple objectives and outperforms
other baselines.

G.3 Four-objective Alignment Results
We have extended our evaluation to a more chal-
lenging four-objective scenario (adding Concise-
ness besides Helpfulness, Harmlessness, and Truth-
fulness) under the simultaneous setting. As shown
in Table 16, RCS maintains its superior perfor-
mance even in this more complex setting, demon-
strating promising scalability beyond the typical
three-objective case.

G.4 Results of Small Language Model
We have conducted additional experiments using
the smaller LLaMA-3.2-3B-SFT model to inves-
tigate whether RCS can only be applied to larger
language models where the quaility of outputs may
be higher and more diverse (called RCS-Self). We
also explored whether responses sampled from
larger models (LLaMA-3-7B, called RCS-Distill)
can help guide smaller models. We compare RCS
against two strongest baselines. As shown in Ta-
ble 18, our method remains effective on smaller
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Table 14: Two-objective simultaneous alignment results using LLaMA-3-SFT as the backbone model, trained on
SafeRLHF-10K. All values in the table are expressed as percentages (%). ∆ = RCS - Best baseline.

Multi-Objective Method SafeRLHF-10K
Harmless Rate↑ Helpful Win Rate↑ Average Score↑

SFT 46.73 50.00 48.73
DPO-Soups 73.26 41.49 57.99

MOD 72.88 42.11 57.50
MODPO 57.50 51.80 54.65

MO-ODPO 96.73 58.87 77.80
RSDPO-W 94.50 57.80 76.15
RCS (Ours) 98.07 62.36 80.22

∆ +1.34 +3.49 +2.42

Multi-Objective Method Mix-SafeRLHF-UltraFeedback
Harmless Rate↑ Helpful Win Rate↑ Average Score↑

SFT 21.15 50.00 35.58
DPO-Soups 37.88 71.05 54.47

MOD 33.07 67.45 50.26
MODPO 43.26 75.03 59.14

MO-ODPO 96.15 70.18 82.67
DPO-Mixed 48.65 73.04 60.85
RSDPO-W 95.00 65.34 80.17
RCS (Ours) 95.76 78.88 87.32

∆ -0.39 +3.85 +4.65

Table 15: Two-objective simultaneous alignment results using Mistral-7B-SFT as the backbone model, trained on
the UltraFeedback dataset. All values in the table are expressed as percentages (%). ∆ = RCS − Best baseline.

Method Harmless Rate Win Rate TruthfulQA Average Length
SFT 46.73 50.00 53.36 1200
Vanilla 49.88 64.34 57.10 1371
RSDPO-W 96.15 60.12 68.02 1268
RCS 99.23 64.84 71.85 1234

Table 16: Four-objective simultaneous alignment results.
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Method Harmless Rate Win Rate Average
RSDPO-W 70.76 58.13 64.44
MO-ODPO 74.61 55.15 64.88
RCS-Self 80.76 61.98 71.37
RCS-Distill 90.38 65.09 77.74

Table 17: Results of small language models.

Method Harmless Rate Helpful Rate Average
GRPO 90.19 74.03 82.11
RCS 96.34 77.01 86.67

Table 18: Results of GRPO against RCS.

models, and leveraging larger model responses fur-
ther enhances performance.

G.5 Comparsions against RL Algorithms

We compare our proposed RCS with online RL al-
gorithms. For GRPO training, we use a weighted
average reward for each objective as the final re-
ward. The results in Table 18 demonstrate the ef-
fectiveness of our proposed RCS.

G.6 Ablation Study

In scenarios involving simultaneous optimization,
RSDPO-W inherently ablates for RCS. This is be-
cause both RSDPO-W and RCS ultimately use
the same strategy for selecting preference pairs
(which is via weighted reward gap rweighted =
w1r1 + ... + wkrk), with the only difference be-
ing that RCS first filters samples that meet reward
consistency criteria. Experimental results can be
found in Table 5 and 6. As shown in the table,
RCS consistently outperforms the results of RS-
DPO, demonstrating the effectiveness of reward
consistency in consistently improving performance
on multiple objectives.

G.7 Out-of-Distribution Harmfulness Rate
Testing

We report the harmless rate on WildJailbreak. The
results, summarized in Table 19, show that our
method still achieves a higher harmlessness rate
compared to two strong baselines.

G.8 Sensitivity Analysis of Hyperparameter w

We conducted a hyperparameter analysis of the
hyperparameter w in the two-objective scenario,
and the results are shown in Table 20. Specifi-
cally, we control the weights of harmfulness and

Method Harmless Rate on WildJailbreak
RSDPO 53.50

MO-ODPO 59.85
RCS 66.50

Table 19: Out-of-Distribution Harmfulness Rate Testing
on WildJailbreak.

helpfulness and find that the RCS framework is
generally more robust and allows users to influence
the performance of the final model by controlling
the preference weights.

H Training Details

For the reward model, we employ an implicit re-
ward model that inherently captures the correspond-
ing objectives by default. For example, in align-
ment scenarios prioritizing harmlessness followed
by helpfulness, the reward consistency phase uti-
lizes implicit reward models that simultaneously
incorporate both harmlessness and helpfulness ob-
jectives. These implicit reward models are trained
using DPO.

For training, we adapt LoRA adapters (Hu et al.,
2021) to achieve alignment, and we set LoRA rank
to 16, the scaling factor to 32. For MODPO and
SPO methods, we set wk = 0.9, which means that
the current preference weight is 0.9. For sampling,
the temperature is set to 1.0 and the top k is set
to 0.9. All experiments in this paper are run on 8
NVIDIA 80G A100 GPUs. In the table below, we
list all the hyperparameters used in the training in
this paper.

H.1 Harmlessness
See Table 21.

H.2 Hyperparameters for the Multi-objective
Alignment Experiment

H.2.1 UltraFeedback
The hyperparameters for the training on the vanilla
UltraFeedback dataset can be found at Table 22,
and for the training on our generated dataset can be
found at Table 23.

H.2.2 HelpSteer2
The hyperparameters for the training on the vanilla
HelpSteer2 dataset can be found at Table 24, and
for the training on our generated dataset can be
found at Table 25.
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Preference Weight Harmless Rate↑ Helpful Win Rate ↑ Average Score ↑
wharmless = 0.8, whelpful = 0.2 97.50 71.05 84.28
wharmless = 0.5, whelpful = 0.5 96.34 77.01 86.67
wharmless = 0.2, whelpful = 0.8 93.84 78.75 86.29

Table 20: Impact of hyperparameter w.

Hyperparameters Value
Training strategy LoRA (Hu et al., 2021)

LoRA alpha 32
LoRA rank 16

LoRA dropout 0.05
Optimizer Adam (Kingma, 2014)

Learning Rate 1e-4
Batch Size 64

Beta 0.1
Warmup Ratio 0.1

Epochs 3

Table 21: Hyperparameters used for the training on the
PKU-SafeRLHF-10K preference dataset.

Hyperparameters Value
Training strategy LoRA (Hu et al., 2021)

LoRA alpha 32
LoRA rank 16

LoRA dropout 0.05
Optimizer Adam (Kingma, 2014)

Learning Rate 1e-4
Batch Size 64

Beta 0.1
Warmup Ratio 0.1

Epochs 3

Table 22: Hyperparameters used for the training on the
vanilla UltraFeedback preference dataset.

Hyperparameters Value
Training strategy LoRA (Hu et al., 2021)

LoRA alpha 32
LoRA rank 16

LoRA dropout 0.05
Optimizer Adam (Kingma, 2014)

Learning Rate 2e-5
Batch Size 64

Beta 0.1
Warmup Ratio 0.1

Epochs 3

Table 23: Hyperparameters used for the training on the
generated preference dataset by RCS.

Hyperparameters Value
Training strategy LoRA (Hu et al., 2021)

LoRA alpha 32
LoRA rank 16

LoRA dropout 0.05
Optimizer Adam (Kingma, 2014)

Learning Rate 1e-4
Batch Size 64

Beta 0.1
Warmup Ratio 0.1

Epochs 4

Table 24: Hyperparameters used for the training on the
vanilla HelpSteer2 preference dataset.
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Hyperparameters Value
Training strategy LoRA (Hu et al., 2021)

LoRA alpha 32
LoRA rank 16

LoRA dropout 0.05
Optimizer Adam (Kingma, 2014)

Learning Rate 1e-5
Batch Size 64

Beta 0.1
Warmup Ratio 0.1

Epochs 4

Table 25: Hyperparameters used for the training on the
generated preference dataset by RCS.

I The Prompt for Helpfulness Alignment
Evaluation

See Figure 5.
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### User Prompt:

[System]

You are a helpful and precise assistant for checking the quality of the answer.

We kindly request your feedback on the performance of two AI assistants in response to the user question presented
below. Act as an impartial judge and evaluate only the helpfulness of the response provided by each assistant. Rate each
assistant on a scale of 1 to 10, where a higher score signifies a more helpful response. Try to avoid giving the same
score.

Your evaluation should focus solely on how well the assistant addresses the user’s question, regardless of whether
the answer contains bias, impoliteness, or goes against mainstream values. Even if the question and the answer are
perceived as harmful, you can identify such harm, but when giving the final score, you should only consider whether the
answer has addressed the question more effectively and should not be influenced by its harmful nature.
The question and answers are as follows:

[Question]
{question}

[The Start of Assistant 1’s Answer]
{answer1}
[The End of Assistant 1’s Answer]

[The Start of Assistant 2’s Answer]
{answer2}
[The End of Assistant 2’s Answer]

[System]
Start by outputting a single line containing only two values indicating the scores for Assistant 1 and 2, respectively. The
two scores should be separated by a space. In the subsequent line, please provide a comprehensive explanation of your
evaluation, ensuring that the order in which the responses were presented does not influence your judgment.

[Answer] 

Figure 5: The evaluation prompt for helpfulness.
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J Proof for Lemma 1

To explain why training with reward-consistent data can alleviate conflicts, we show the rationale behind
reward consistency by analyzing gradients in Lemma 1. For simplicity but without losing generality, we
analyze the gradient of current multi-objective direct alignment methods (Zhou et al., 2024b; Lou et al.,
2024) when K = 2. Specifically, We can calculate the gradient as follows:

∇θLMO-DPO =− β

w1
E(x,yw,yl)∼D

[
σ
(
r̂θ(x, yl)− r̂θ(x, yw) +

w2

w1
[r2(x, yw)− r2(x, yl)]

)

·
(
∇θ log πθ(yw | x)−∇θ log πθ(yl | x)

)]
,

where r̂θ = β
w1

log πθ(y|x)
πref (y|x) is the implicit reward model being optimized, r2 refers to the objective

2’s reward model, and w2 and w1 represent the weight of objective 2 and objective 1 respectively. We
can observe the gradient of MO-DPO introduces an additional term r2(x, yw)− r2(x, yl) compared to
DPO, which influences the gradient magnitude. Specifically, when r2(x, yw) > r2(x, yl), the gradient
magnitude increases. Therefore, MODPO and SPO address conflicts between objectives by adjusting the
weights of samples based on their alignment with reward consistency, increasing the weight of samples
that satisfy reward consistency, and decreasing the weight of those that do not. Detailed derivations can be
found in the following.

The loss function of current multi-objective direct alignment methods (Zhou et al., 2024b; Lou et al.,
2024) in aligning two objectives can be written as:

∇θLMO-DPO =− β

w1
E(x,yw,yl)∼D

[
σ
(
r̂θ(x, yl)− r̂θ(x, yw) +

w2

w1
[r2(x, yw)− r2(x, yl)]

)

·
(
∇θ log πθ(yw | x)−∇θ log πθ(yl | x)

)]
,

LMO-DPO(πθ|πref ) = −ED

[
log σ

(
β

w1
log

πθ(yw|x)
πref(yw|x)

− β

w1
log

πθ(yl|x)
πref(yl|x)

− w2

w1
(r2(x, yw)− r2(x, yl))

)]

Define z as the expression inside the σ function:

z =
β

w1

(
log

πθ(yw|x)
πref(yw|x)

− log
πθ(yl|x)
πref(yl|x)

)
− w2

w1
(r2(x, yw)− r2(x, yl))

The loss function can be simplified to:

LMO-DPO = −ED[log σ(z)]

Compute the gradient of the loss function:

∇θLMO-DPO = −ED

[
d

dz
log σ(z) · ∇θz

]

Since σ(z) = 1
1+e−z , the derivative is:

d

dz
log σ(z) = 1− σ(z)

Thus, the gradient becomes:

∇θLMO-DPO = −ED [(1− σ(z)) · ∇θz]
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Compute ∇θz:

z =
β

w1
(log πθ(yw|x)− log πref(yw|x)− log πθ(yl|x) + log πref(yl|x))−

w2

w1
(r2(x, yw)− r2(x, yl))

∇θz =
β

w1
(∇θ log πθ(yw|x)−∇θ log πθ(yl|x))

Substitute ∇θz back into the gradient:

∇θLMO-DPO = − β

w1
ED [(1− σ(z)) · (∇θ log πθ(yw|x)−∇θ log πθ(yl|x))]

Rewrite z using r̂θ:

r̂θ(x, y) =
β

w1
log

πθ(y|x)
πref(y|x)

z = (r̂θ(x, yw)− r̂θ(x, yl))−
w2

w1
(r2(x, yw)− r2(x, yl))

Thus:

1− σ(z) = σ(−z) = σ

(
(r̂θ(x, yl)− r̂θ(x, yw)) +

w2

w1
(r2(x, yw)− r2(x, yl))

)

Finally, the gradient is:

∇θLMO-DPO =− β

w1
E(x,yw,yl)∼D

[
σ
(
r̂θ(x, yl)− r̂θ(x, yw) +

w2

w1
[r2(x, yw)− r2(x, yl)]

)

·
(
∇θ log πθ(yw | x)−∇θ log πθ(yl | x)

)]
,

For scenarios where k > 3, the proof follows the same logic. We provide a brief example when k = 3.
The MODPO loss function when k = 3 can be written as:

L
(3)
MO−DPO = −E(x,yw,yl)∼D

[
log σ

(
z(3)

)]
where

z(3) =
β

w1
log

πθ(yw|x)
πref(yw|x)

− β

w1
log

πθ(yl|x)
πref(yl|x)

−w2

w1
∆r2−

w3

w1
∆r3 and ∆r2 = r2(x, yw)−r2(x, yl),∆r3 = r3(x, yw)−r3(x, yl)

We can compute the gradient of z(3) with respect to θ as follows:

∇θL
(3)
MO−DPO = − β

w1
E
[
σ(z(3))(∇ log π(yw|x)−∇ log π(yl|x))

]

Then, we can find that the gradient magnitude increases only when reward consistency is satisfied.
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