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Abstract

In high-stakes scenarios—such as self-harm, legal, or med-
ical queries—LLMs must be both trustworthy and help-
ful. However, these goals often conflict. We propose pri-
ority alignment, a new alignment paradigm that enforces
a strict “trustworthy-before-helpful” ordering: optimization
of helpfulness is conditioned on first meeting trustworthy
thresholds (e.g., harmlessness or honesty). To realize this,
we introduce Self-Priority Alignment (SPA)—a fully unsu-
pervised framework that generates diverse responses, self-
evaluates them and refines them by the model itself, and ap-
plies dual-criterion denoising to remove inconsistency and
control variance. From this, SPA constructs lexicographically
ordered preference pairs and fine-tunes the model using an
uncertainty-weighted alignment loss that emphasizes high-
confidence, high-gap decisions. Experiments across multi-
ple benchmarks show that SPA improves helpfulness without
compromising safety, outperforming strong baselines while
preserving general capabilities. Our results demonstrate that
SPA provides a scalable and interpretable alignment strategy
for critical LLM applications.

Introduction
Large Language Models (LLMs) have achieved impressive
results across a wide range of language tasks (Zhao et al.
2023), but their deployment in high-stakes scenarios, such as
involving medical, legal, or safety-critical settings, remains
highly controversial. A misstep in these contexts can lead
to serious consequences, especially when the model either
refuses to help or provides unsafe suggestions (Huang et al.
2024; Wang et al. 2023).

Consider a user asking: ”What should I do if I have
thoughts of self-harm?” The model must prioritize harm-
lessness, but a generic refusal may make the user feel dis-
missive or unhelpful. The examples shown in 1 expose a
fundamental tension between trustworthiness (e.g., harm-
lessness, honesty) and helpfulness, posing a hard-to-reach
trade-off (Qi et al. 2023; Chen et al. 2025). In most scenar-
ios, helpfulness remains critical in high-stakes queries—yet
is often neglected due to safety concerns (A high-stakes sce-
nario refers to queries with potentially severe outcomes if
mishandled, such as those involving harmful content, sensi-
tive topics, or honesty-critical questions).
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Existing multi-objective alignment approaches attempt to
balance helpfulness and safety (Rame et al. 2023; Mukher-
jee et al. 2024; Shi et al. 2024), but they face three key lim-
itations: 1) Context-agnostic weights in balancing: Most
methods rely on static or heuristically-tuned weights to bal-
ance objectives (e.g., helpfulness vs. harmlessness). These
weights do not adapt to dynamic user intents or risk pro-
files. Lacking context sensitivity, fixed-weight methods can
either be overly cautious or dangerously permissive; 2) No
safety-aware optimization: Current approaches generally
seek a compromise between objectives, which risks erod-
ing safety in pursuit of helpfulness. In high-stakes queries,
even a marginal degradation in harmlessness can result in
ethically unacceptable behavior. Yet few methods offer ex-
plicit mechanisms to enforce safety constraints during opti-
mization, making their deployment risky and unpredictable;
3) Data scarcity: There is a significant scarcity of high-
quality annotated data that capture real-world trade-offs be-
tween trustworthiness and helpfulness in diverse high-stakes
contexts. Without such data, existing approaches must either
generalize from unrelated supervision signals or rely on brit-
tle heuristics, both of which limit their robustness and gen-
eralization to unseen scenarios.

To address these challenges, we introduce priority align-
ment as a new alignment objective, where the primary align-
ment goal (e.g., harmlessness) must be satisfied before opti-
mizing the secondary one (e.g., helpfulness). The definition
of it is: To ensure that a primary alignment objective meets
a predefined safety threshold before optimizing a secondary
objective.

To build a practical approach for Priority Alignment, we
propose Self-Priority Alignment (SPA), a fully unsuper-
vised framework that enhances both the trustworthiness and
helpfulness of LLMs in high-stakes scenarios without re-
quiring any human-annotated data. Starting from a seed
dataset containing harmlessness- or honesty-related queries
(e.g., SafeRLHF (Ji et al. 2024a)), SPA first prompts the
targeted LLM to generate a diverse set of candidate re-
sponses using varied decoding strategies. Then, SPA let the
same LLM perform a self-evaluation of these responses
under two alignment objectives (harmlessness/honesty and
helpfulness), and then refine the response through a self-
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Figure 1: Examples of achieving trustworthiness and helpfulness under high-stakes scenarios.

improvement process. SPA employs a dual-criterion filtering
mechanism to ensure reliability, removing inconsistent and
controlling variance within outputs. The retained responses
are then transformed into a preference dataset that respects
a lexicographic alignment order, where the primary align-
ment goal must be satisfied before optimizing the secondary.
Finally, the targeted LLM is optimized using a preference
learning objective that encodes this priority structure.

Using SPA, we improved Llama-3.1-8B-Instruct and
Mistral-7B-Instruct to achieve Priority Alignment. Com-
pared to other alignment methods, SPA outperforms them
in enhancing these LLMs on both harmlessness/honesty and
helpfulness, regardless of whether evaluated on testing data
from tasks seen during fine-tuning or on unseen datasets
representing other safety-critical scenarios. Additionally, the
newly aligned LLMs preserve general utility on non-safety-
related tasks.

Overall, this paper makes the following three contribu-
tions: 1) We introduce the new alignment objective of pri-
ority alignment, which formulates alignment as an ordered
optimization over multiple objectives, avoiding the need for
explicit weight tuning and enabling more interpretable con-
trol in high-stakes scenarios. 2) We propose Self-Priority
Alignment (SPA), a fully unsupervised framework that
leverages self-evaluation, dual-objective filtering, and lexi-
cographic preference learning to improve both trustworthi-
ness and helpfulness without any human-labeled data. 3) We
conduct extensive experiments across diverse high-stakes
alignment settings, showing that SPA consistently improves
helpfulness while maintaining strong safety guarantees, out-
performing several supervised and unsupervised baselines.

Related Work: Alignment in LLMs
Alignment ensures that LLMs act in line with human values,
intentions, and safety goals (Ji et al. 2023). Several algo-
rithms address this: PPO uses reinforcement learning with
human feedback (RLHF) (Schulman et al. 2017; Ouyang
et al. 2022), while DPO directly optimizes preferences with-
out reward models (Rafailov et al. 2023). RRHF achieves
PPO-level performance with simpler ranking-based training
(Yuan et al. 2023). IPO offers a general preference-learning

objective, avoiding reward modeling and pointwise approx-
imations, with strong theoretical and empirical results (Azar
et al. 2024). KTO models human utility via prospect the-
ory, using binary feedback to outperform standard methods
(Ethayarajh et al. 2024). SimPO enhances DPO with implicit
rewards and margins, achieving state-of-the-art results with-
out a reference model (Meng, Xia, and Chen 2024). Some
studies also enhance alignment from the input prompt per-
spective (Trivedi et al. 2025; Cheng et al. 2023). Recent
methods also tackle multi-objective alignment (Mukherjee
et al. 2024; Yang et al. 2024a; Wang et al. 2024; Yang
et al. 2024b; Zhou et al. 2023; Kim et al. 2025; Gupta et al.
2025). MetaAligner enables flexible, plug-and-play multi-
objective alignment (Yang et al. 2024a), and Rewards-in-
Context (RiC) uses reward prompts and supervised fine-
tuning to efficiently approximate Pareto-optimality (Yang
et al. 2024b).

Preliminary: Formulating Priority Alignment
as a Lexicographic Optimization Problem

Priority Alignment can be naturally framed as a lexico-
graphic optimization problem, where multiple objectives
are optimized according to a strict priority order (Isermann
1982), as shown below:

Let Ga(θ) be the primary alignment metric (e.g., harm-
lessness), and Gb(θ) be the secondary metric (e.g., helpful-
ness) to be optimized, both functions of the LLM parame-
ters θ. The optimization proceeds as minθ Ga(θ), subject to
model feasibility constraints, followed by

min
θ

Gb(θ) s.t. Ga(θ) ≤ G∗
a

where G∗
a is the optimal or acceptable threshold for the pri-

mary objective.
Under classical assumptions such as convexity, continu-

ity, and non-empty feasible sets, this sequential optimization
is well-defined. It guarantees that the highest priority align-
ment goal is never compromised for secondary improve-
ments. However, because LLMs are deep neural networks
characterized by highly non-convex and high-dimensional
parameter spaces, these assumptions do not hold in prac-
tice. Consequently, it is infeasible to first fully optimize Ga
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(harmlessness) before optimizing Gb (helpfulness) using tra-
ditional lexicographic methods.

Our solution approximates lexicographic optimization
by integrating Pareto Front Enumeration concepts with
Preference Optimization (PO). Pareto Front Enumeration
is a classical approach in multi-objective optimization that
involves enumerating or approximating the set of Pareto op-
timal solutions (those for which no objective can be im-
proved without worsening another). In traditional lexico-
graphic optimization, the Pareto front is used to identify so-
lutions that satisfy the highest-priority objective first, and
then, among those, optimize the secondary objectives. This
sequential filtering ensures strict adherence to priority or-
der but can be computationally expensive and infeasible
for high-dimensional, non-convex problems like LLM fine-
tuning.

Preference Optimization (PO) is a learning framework
that trains LLMs based on pairwise preference data rather
than explicit objective values (Christiano et al. 2017;
Ouyang et al. 2022). By leveraging preference judgments
(e.g., which of two outputs is better according to a met-
ric like helpfulness), PO guides the LLM to produce out-
puts aligning with the desired criterion (e.g., harmless-
ness or helpfulness). Direct Preference Optimization (DPO)
(Rafailov et al. 2023) is a recent instantiation of PO, which
directly optimizes model parameters to maximize the like-
lihood of preferred outputs, enabling efficient and scalable
training for alignment tasks. SimPO (Meng, Xia, and Chen
2024) further extends DPO to stabilize training and improve
preference consistency.

Intuitively, we find that the pairwise preferences used to
align LLMs with respect to certain alignment metrics im-
plicitly encode Pareto dominance relations. Specifically,
consider pairs of answers y and y− evaluated on two met-
rics: harmlessness Ga and helpfulness Gb. Preference pairs
Ga(y) ≥ Ga(y

−) and Gb(y) > Gb(y
−) define a par-

tial ordering over the responses, indicating that answer y
is preferred over y− according to both metrics. This struc-
ture of pairwise preferences corresponds closely to the no-
tion of Pareto dominance, where one solution (y) domi-
nates another (y−) if it is better or equal in all objectives
(Ga, Gb) and strictly better in at least one Gb. By collecting
many such preference pairs, we implicitly characterize the
Pareto front of optimal trade-offs between harmlessness and
helpfulness. Leveraging these preference pairs to fine-tune
LLMs via DPO or SimPO enables the model to internalize
complex Priority Alignment efficiently.

Our SPA framework is built on this formalized solution.
We next introduce how SPA constructs the preference pairs
to guide the fine-tuning process and effectively approximate
lexicographic optimization, thereby enabling Priority Align-
ment of targeted LLMs.

SPA: Self-Priority Alignment
Unlike most prior alignment methods, SPA requires no
human-annotation data and operates in a fully unsuper-
vised manner. It aligns LLMs with goals through self-guided
generation, evaluation, and optimization, which has been
demonstrated effective in many works on self-alignment

(Sun et al. 2023; Wu et al. 2024; Kim et al. 2024). As
shown in Figure 2, it begins with diverse sampling and self-
refinement, where the targeted model generates multiple re-
sponses per prompt, evaluates them under dual-alignment
objectives, and produces a refined output. A dual-criterion
denoising step filters unreliable or uninformative responses
based on consistency and score variability. Finally, SPA con-
structs a preference dataset that implicitly encodes Pareto
dominance relations between the primary and secondary ob-
jective and applies a weighted SimPO (Meng, Xia, and Chen
2024) loss to optimize the model toward robust, priority-
aligned behavior. All prompt templates used in SPA are
shown in Appendix.

Diverse Sampling with Self-Refinement
Step 1: Diverse Sampling. Given a dataset D = {xj}mj=1
of prompts and a language model πθ , we generate n diverse
candidate responses {y(i)j }ni=1 for each xj using: 1) High-
temperature sampling: y

(i)
j ∼ πθ(· | xj ; τ) to encour-

age variation; 2) Prompt variation: using alternative sys-
tem prompts as inspired by Liu et al. (2025).

Step 2: Self-Refinement. Each sampled response y
(i)
j

is self-scored based on the primary objective Ga and sec-
ondary objective Gb:

s
(i)
a,j = Sa(xj , y

(i)
j ), s

(i)
b,j = Sb(xj , y

(i)
j ).

Here, Sa and Sb are scoring functions derived from the
AI constitution C (e.g., the definition of helpfulness, harm-
lessness, and honesty), which encodes evaluative princi-
ples for Ga and Gb. Rather than refining responses indi-
vidually, a single improved response ỹj is generated by in-
corporating all samples and their scores, as ỹj ∼ πθ(· |
xj , {y(i)j , s

(i)
a,j , s

(i)
b,j}ni=1, C). The refined response is then

rescored as s̃a,j = Sa(xj , ỹj), s̃b,j = Sb(xj , ỹj).
We define the response set as Yj = {y(i)j }ni=1∪{ỹj}, with

each y ∈ Yj associated with score pair (sa,j(y), sb,j(y)).

Dual-Criterion Denoising
Although Diverse Sampling with Self-Refinement yields
a set of scored responses for each prompt, directly using
these scores to construct preference data may be problem-
atic. The self-evaluation and refinement process—especially
when performed by a weak model—can introduce bias, in-
consistency, and noise into the preference signals, poten-
tially leading to unreliable or even misleading supervision
(Ye et al. 2024).

To mitigate these issues, we propose Dual-Criterion De-
noising, a two-stage filtering strategy designed to select
more trustworthy supervision data before preference con-
struction. This approach consists of Consistency-Driven De-
noising and Informativeness-Driven Denoising.

Consistency-Driven Denoising aims to retain only those
responses that exhibit stable and superior performance. The
motivation is that if the refined response fails to outperform
all sampled candidates along both evaluation dimensions, it
signals potential instability or unreliability in the model’s
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Figure 2: Overview of SPA, consisting of three components: diverse sampling with self-refinement, dual-criterion denoising,
and priority alignment.

self-assessment for that prompt. Specifically, we preserve
only responses where the refined version strictly surpasses
all candidates on both axes: Yperf = {(y(i)j , s

(i)
a,j , s

(i)
b,j) ∈ Y |

s̃a,j > maxi s
(i)
a,j and s̃b,j > maxi s

(i)
b,j}. If Yperf is empty,

the refined response is discarded.
While consistency filtering addresses internal disagree-

ment, it does not guarantee that the retained samples are
truly informative or robust. Weak models, in particular, are
susceptible to noisy or unstable scoring when the quality of
responses is highly variable.

To further investigate this, we analyze the alignment be-
tween a weak model and a strong model using the RV coef-
ficient (Escoufier 1973). The result shows the RV coefficient
between Mistral-7B-Instruct (weak) and GPT-4o (strong)
across a subset of 400 WildGuard samples, as samples are
included in order of increasing score covariance (as shown
in Equation 1). When fewer than 20% of samples are re-
tained, the RV coefficient fluctuates considerably due to the
limited sample size and lack of statistical significance. How-
ever, once more than 32% of samples are included, the RV
coefficient drops sharply. This indicates that incorporating
high-variance samples degrades alignment between weak
and strong models—highlighting the importance of filtering
out such samples.

Motivated by this observation, we introduce
Informativeness-Driven Denoising. For each prompt,
we compute the covariance matrix of the sampled scores:

Σj =

[
Var(sa,j) Cov(sa,j , sb,j)

Cov(sb,j , sa,j) Var(sb,j)

]
. (1)

We retain responses only if their score variance is within an
acceptable range, specifically:

Yfinal = {(y(i)j , s
(i)
a,j , s

(i)
b,j) ∈ Yperf | 0 < det(Σj) ≤ τ}.

If Yfinal is empty, it indicates that the responses are either
too unstable (det(Σj) > τ ) or insufficiently informative
(det(Σj) = 0).

Construction of Preference Dataset
Given the filtered response set Yx for each prompt x, we
construct the preference pairs that implicitly encode lexico-
graphic order between the primary Ga and secondary ob-
jective Gb. Specifically, each response y ∈ Yx is assigned
a two-dimensional score vector (Ga(y), Gb(y)). The score
does come from the self-evaluation in Section .

To construct the dataset Dpref of preference pairs
(later used by Preference Optimization for LLM fine-
tuning), we select pairs of responses from Yx that sat-
isfy the lexicographic order between the primary objec-
tive Ga and the secondary objective Gb, i.e., the re-
sponse pair (y, y−) is selected for Dpref if Ga(y) >
Ga(y

−) or (Ga(y) = Ga(y
−) and Gb(y) > Gb(y

−)).
Additionally, we impose a margin δ > 0 to ensure

meaningful differences, such that the total score difference
∆(y, y−) = |Ga(y) − Ga(y

−)| + |Gb(y) − Gb(y
−)| ≥ δ.

Thus, the set of valid preference pairs is defined as:

Dpref = {(x, y, y−) : y, y− ∈ Yx, (Ga(y), Gb(y)) >lex

(Ga(y
−), Gb(y

−)),∆(y, y−) ≥ δ}.
(2)

Preference Optimization for Priority Alignment
The priority alignment is to optimize the policy πθ under
the lexicographic priority Ga(θ) ≻ Gb(θ). As discussed in
Section , the above-constructed preference pairs implicitly
characterize the Pareto front of optimal trade-offs between
Ga(θ) and Gb(θ) under the lexicographic order. Leveraging
these preference pairs via PO enables the optimization of πθ

for the goal of priority alignment.
PO has recently gained huge traction as a principled

framework for LLM alignments (Christiano et al. 2017;
Ouyang et al. 2022). Several variants of PO have been
proposed, such as DPO (Rafailov et al. 2023) and SimPO
(Meng, Xia, and Chen 2024). We employ SimPO in our SPA
framework because SimPO normalizes reward by response
length to mitigate length bias. Without normalization, mod-
els favor unnecessarily long outputs. Importantly, this may
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distort the model’s understanding of helpfulness, equating
it with length rather than substance.

Uncertainty-Guided SimPO. Inspired by the previous
study (Zhou et al. 2024), given the uncertainty in self-
generated samples, we emphasize pairs with lower uncer-
tainty and significant score differences. Let ∆i denote the
absolute total score difference between the preferred (y)
and not-preferred (y−) responses for the i-th pair: ∆i =∣∣∣Ga(y) +Gb(y)−Ga(y

−)−Gb(y
−)
∣∣∣. Let ∆ be the mean

of all ∆i within the current batch, and define the pairwise

weight as wi =
(

∆i

∆

)α
, with α > 0 as a hyperparameter.

Derived from SimPO, the alignment loss function used in
SPA is then given by

LSPA(θ) = −E(x,y,y−)∈Dpref

[
wi · log σ

(
β

|y|
log πθ(y | x)

− β

|y−|
log πθ(y

− | x)− γ

)]
.

(3)
By weighting each pairwise term by wi, pairs with larger
score gaps ∆i exert a stronger influence on the gradient,
thereby encouraging the policy to more decisively distin-
guish between responses with significant alignment differ-
ences.

We fully prove that our method can capture such lexico-
graphic ordering in Appendix.

Experiments
Experiment Setup
Datasets. We use SafeRLHF (Ji et al. 2024b,a) (PKU-
SafeRLHF) and WildGuard (Han et al. 2024) for evaluat-
ing the priority alignment of harmlessness and helpfulness
while using HoneSet (Gao et al. 2024) for evaluating that
of honesty and helpfulness. In addition, when SPA employs
SafeRLHF for training, we further assess the generalization
ability of the aligned model on unseen datasets: Jailbreak-
Trigger (Huang et al. 2024).

Evaluations. Our primary evaluation methodology com-
bines LLM-as-a-Judge (Zheng et al. 2023) with human vali-
dation. For the LLM-as-a-Judge framework, we employ both
pairwise comparison and score-based assessment. The judge
models used are GPT-4o (OpenAI 2024) and Claude 3.5
Sonnet (Anthropic 2024). We report the evaluation results
based on GPT-4o in the main experiments, while the results
using Claude 3.5 Sonnet are provided in Appendix. Detailed
descriptions of the evaluation setup, including judge prompt
templates and human annotation procedures, are available in
Appendix.

Models & Baselines & Hyperparameters. LLama-3.1-
8B-Instruct (AI 2024) and Mistral-7B-Instruct (Mistral AI
Team 2023) are tuned under the framework of SPA in our
experiments. They have been widely adopted in prior work
(Xiao et al. 2025; Meng, Xia, and Chen 2024); since SPA
is an unsupervised method, we prefer models that already
exhibit a certain level of alignment capability (i.e., instruct

version instead of base version). As there are no direct com-
parable baselines regarding solving lexicographic optimiza-
tion, we select some methods that are widely used in multi-
objective alignment and unsupervised self-alignment: 1) Re-
ward Soups (Rame et al. 2023) linearly combines models
fine-tuned on different reward functions to achieve Pareto-
optimal generalization across diverse alignment objectives.
During training, we set different ratios a : b for the harm-
lessness versus helpfulness objectives to control their rel-
ative importance in the composite reward function, shown
as RSa:b in Table 3. 2) Self-Criticism (Tan et al. 2023)
aligns LLMs to HHH principles (harmlessness, honesty,
and helpfulness) by letting them evaluate and improve their
responses through in-context learning and self-generated
supervision—without relying on costly human-labeled re-
wards. Moreover, we include other variant baselines based
on SPA. SFT leverages only the preferred samples in pref-
erence pairs for conducting supervised fine-tuning. By de-
fault, SPA employs the loss function Equation 3 for align-
ment. This loss can be substituted with standard SimPO (i.e.,
SPASimPO) or DPO (i.e., SPADPO) objectives to evaluate the
impact of different preference optimization strategies on Pri-
ority Alignment. More details of baselines and hyperparam-
eter settings are shown in Appendix.

Main Results
We show the score-based evaluation on Table 1, pairwise
comparison evaluation on Figure 3, and baseline comparison
on Table 3. To explore whether SPA harms the general utility
of the model after alignment, we conduct experiments on
MTBench (Zheng et al. 2023) and MMLU (Hendrycks et al.
2020), as shown in Table 2.

SPA improves alignment across all metrics. All SPA
variants outperform both the Vanilla and SFT-tuned mod-
els in most evaluation settings, demonstrating notable align-
ment improvements. As shown in Table 1, the full SPA
model achieves the best results on Mistral-7B-Instruct
across all metrics, with especially large gains on SafeRLHF
and WildGuard. SPA also maintains strong performance on
Llama-3.1-8B-Instruct, ranking among the top models. Fig-
ure 3 further shows SPA’s higher win rates, including 86%
on HoneSet helpfulness, highlighting the effectiveness of
our alignment strategy.

Joint modeling of pairwise uncertainty further im-
proves alignment. As shown in Table 1, the full SPA, which
incorporates both SimPO normalization and uncertainty-
aware weighting, consistently achieves the best trade-off
across objectives. For example, the performance on HoneSet
of Mistral-7B-Instruct, it achieves top scores on both hon-
esty (7.18) and helpfulness (7.82).

SPA consistently outperforms all other multi-objective
alignment baselines. The comparison of SPA and two other
baselines in terms of harmlessness and helpfulness is pre-
sented in the first two columns of Table 3. To further com-
pare their overall alignment quality with a single aggregated
score, we compute a weighted metric HHλ = (λSharm +
Shelp)/(λ + 1), where λ ∈ {5, 10, 20} controls the relative
importance of harmlessness versus helpfulness. Increasing λ
reflects the higher priority of harmlessness, as it is the pri-
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Llama-3.1-8B-Instruct
SafeRLHF WildGuard HoneSetMethod

Harmlessness Helpfulness Harmlessness Helpfulness Honesty Helpfulness
Vanilla 9.62 5.23 8.22 6.09 6.30 7.75
SFT 9.68 5.57 9.79 3.20 6.11 7.66

SPADPO 9.96 5.80 8.35 5.93 6.36 7.81
SPASimPO 9.87 6.98 8.92 5.45 7.74 7.72
SPA 9.90 7.14 8.85 6.22 7.75 7.83

Mistral-7B-Instruct
SafeRLHF WildGuard HoneSetMethod

Harmlessness Helpfulness Harmlessness Helpfulness Honesty Helpfulness
Vanilla 8.83 7.53 6.83 7.15 5.81 7.62
SFT 8.59 7.54 6.64 6.88 5.85 7.66

SPADPO 9.06 8.07 6.93 7.16 5.72 7.62
SPASimPO 9.72 8.36 7.19 7.40 7.16 7.77
SPA 9.76 8.39 7.27 7.44 7.18 7.82

Table 1: Results of SPA compared to the original model (i.e., Vanilla) and the model enhanced by Supervised Fine-Tuning
(SFT). The best performances are highlighted in bold and underlined.

0.0 0.5 1.0

SPA vs. Vanilla
(Safe RLHF)

SPA vs. Vanilla
(WildGuard)

SPA vs. Vanilla
(HoneSet)

63%

34%

73%

31%

50%

9%

6%

16%

18%

Llama - Harmlessness

0.0 0.5 1.0

46%

41%

86%

24%

14%

14%

30%

44%

Llama - Helpfulness

0.0 0.5 1.0

45%

22%

55%

47%

61%

16%

9%

17%

29%

Mistral - Harmlessness

0.0 0.5 1.0

39%

40%

33%

21%

29%

44%

40%

31%

22%

Mistral - Helpfulness

Win Tie Lose

Figure 3: Results of pairwise comparison on different datasets. We use GPT-4o as the judge model.

mary alignment objective in our Priority Alignment frame-
work. As shown in Table 3, except for the pure helpfulness
metric, where SPA slightly underperforms compared to the
Self-Criticism, SPA achieves superior results across all other
evaluation settings. We hypothesize that Self-Criticism’s
higher helpfulness score may stem from its relatively weaker
emphasis on harmlessness, leading it to answer some harm-
ful queries instead of refusing them. In general, SPA priori-
tizes safety while maintaining helpfulness compared to other
baselines.

SPA preserves general utility performance. To assess
whether SPA impacts the model’s general capabilities, we
evaluate the utility of aligned models on MTBench (Zheng
et al. 2023) and MMLU (Hendrycks et al. 2020). For the
evaluation of MTBench, we follow the way proposed by
Zheng et al. (Zheng et al. 2023). The MMLU evaluation
metric is based on accuracy (0 to 1) and is implemented by
comparing the model response with the ground-truth answer
via LLM-as-a-Judge. As shown in Table 2, SPA achieves

improved performance across most configurations. On MT-
Bench, SPA improves over the Vanilla model in three out of
four cases, with gains up to +2.52% (Mistral-7B-Instruct +
WildGuard). On MMLU, the accuracy differences are mini-
mal, with mixed fluctuations around ±2%. These results in-
dicate that the alignment improvements brought by SPA do
not come at the cost of general-purpose capabilities.

Moreover, we study the generalization ability of SPA, the
impact of iteration counts, and the ablation study about the
effectiveness of the denoising step. We also analyze its sen-
sitivity to the number of training samples in the Appendix.

How well does SPA generalize across different
datasets? To assess the generalization ability of SPA, we
evaluate models trained on SafeRLHF directly on two un-
seen datasets: JailbreakTrigger and WildGuard. As shown
in Table 4, SPA demonstrates consistently strong and bal-
anced performance across both datasets. On JailbreakTrig-
ger, it achieves a harmlessness score of 9.80 and a helpful-
ness score of 6.35, clearly outperforming the Vanilla and
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Method
Llama-3.1-8B-Instruct Mistral-7B-Instruct

+ SafeRLHF + WildGuard + SafeRLHF + WildGuard

MTBench MMLU MTBench MMLU MTBench MMLU MTBench MMLU

Vanilla 8.025 0.714 8.025 0.714 7.413 0.594 7.413 0.594
SPA 8.075 0.702 8.013 0.730 7.450 0.584 7.600 0.584

Table 2: The results of utility comparison on MTBench and MMLU.

Baseline Har. Help. HHλ=5 HHλ=10 HHλ=20

Self-Cri. 9.65 7.68 9.32 9.47 9.56
RS6:4 9.87 6.14 9.25 9.53 9.69
RS7:3 9.80 5.94 9.16 9.45 9.62
RS8:2 9.30 6.85 8.89 9.08 9.18
RS9:1 9.90 6.17 9.28 9.56 9.72

SPA 9.90 7.14 9.44 9.65 9.77

Table 3: SPA vs Self-Criticism (Self-Cri.) and Reward Soups
(RSa:b), evaluated on Llama-8B-Instruct (SafeRLHF), on
Harm., Help., and their combination with different λ.

Method JailbreakTrigger WildGuard
Harm. Help. Harm. Help.

Vanilla 9.07 4.99 8.22 6.11
SFT 8.91 5.23 8.33 6.08
SPADPO 9.81 6.44 9.57 6.25
SPASimPO 9.61 6.23 9.09 5.45

SPA 9.80 6.35 9.29 5.26

Table 4: Generalization performance of SPA on two datasets.
Llama-8B-Instruct is trained on the SafeRLHF (Harm.:
Harmless, Help.: Helpfulness).

SFT baselines and matching the best harmlessness scores
among all variants. On WildGuard, SPA attains a harmless-
ness score of 9.29, which is among the highest, indicating
robust generalization in terms of safety. While its helpful-
ness on WildGuard is slightly lower than some variants like
SPADPO, it still maintains a strong overall trade-off between
harmlessness and helpfulness. These results highlight that
SPA, despite being trained only on SafeRLHF, generalizes
effectively to diverse safety-critical scenarios.

What is the impact of increasing the number of SPA
iterations on performance? To assess the effect of it-
eration count in SPA, we evaluate two second-iteration
strategies: using new, unseen prompts (Iter 2 (diff.)) or
reusing the same prompts with refined model outputs (Iter
2 (same)). Experiments are conducted on Llama-3.1-8B-
Instruct evaluated with WildGuard, a more challenging
benchmark than SafeRLHF. Both strategies improve upon
the single-iteration baseline, confirming the benefit of itera-
tive refinement. Notably, reusing the same prompts yields
better results—especially on the helpfulness metric (6.49
vs. 6.35)—demonstrating that refining responses on the

w/o NF SPA
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Llama - Harmlessness

w/o NF SPA
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Mistral - Harmlessness

w/o NF SPA
6.9

7.0

7.1

7.2

6.99
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Llama - Helpfulness

w/o NF SPA

8.25

8.50

8.21

8.39
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Figure 4: Ablation study of the denoising in the SafeRLHF
dataset. w/o NF means the results without the denoising (i.e.,
noise filtering) component.

same context strengthens alignment more effectively. This
likely stems from the model’s ability to focus on correcting
subtle, previously missed issues. In contrast, new prompts
increase breadth but reduce iteration depth within any given
context. Further iterations beyond the second offer diminish-
ing returns, with performance metrics stabilizing. This sug-
gests most alignment gains occur early, and later iterations
provide limited additional benefit once the model’s behavior
has largely converged.

How effective is the denoising component within SPA?
We perform an ablation study on the SafeRLHF to assess the
contribution of the denoising component in SPA. As shown
in Figure 4, removing denoising leads to noticeable drops in
both helpfulness and harmlessness, with decreases exceed-
ing 0.1 in all cases. These results highlight the importance
of incorporating the denoising step into SPA to ensure more
significant improvements.

Conclusion
We present SPA, an unsupervised framework that aligns
LLMs by enforcing a strict trustworthy-before-helpfulness
priority. SPA achieves strong improvements across multiple
metrics without sacrificing general capabilities, offering a
scalable alternative to traditional alignment methods.
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