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Abstract

Personalized value alignment has become in-
creasingly important as large language mod-
els (LLMs) are expected to accommodate di-
verse user preferences. However, existing meth-
ods typically align model outputs with a static
value profile across prompts, overlooking that
the salience of value dimensions varies sub-
stantially across contexts. Inspired by Lewin’s
Field Theory, which views human behavior as
jointly shaped by personal dispositions and sit-
uational constraints, we model personal val-
ues as priors and context-dependent prefer-
ences as posteriors. We propose BaCVA, an
inference-time Bayesian Context-aware person-
alized Value Alignment method that approx-
imates posterior personalized preferences by
integrating static personal values with scenario-
specific value salience. BaCVA first estimates
contextual value salience from generally nor-
mative responses, and then employs a dual-
view personalization module to infer poste-
rior preferences from complementary personal-
value and scenario-driven perspectives. This
Bayesian formulation enables more accurate
and adaptive personalized value alignment
while improving data efficiency via prior values.
Extensive experiments on benchmarks demon-
strate its superiority over strong baselines.

1 Introduction

The widespread deployment of Large Language
Models (LLMs) (Achiam et al., 2023; Touvron
et al., 2023; Guo et al., 2025a; Yang et al., 2025;
Zhang et al., 2026a; Li et al., 2025b; Zhu et al.,
2026; Zhang et al., 2026b; Yong et al., 2025b,a,
2026) has made aligning LLMs with human val-
ues a central research challenge (Wang et al., 2023;
Shen et al., 2023; Yao et al., 2023b; Wang et al.,
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2024b; Guo et al., 2026b; Zhang et al., 2026c).
While prominent methods focus on promoting uni-
versal but monolithic values, such as HHH (help-
ful, harmless, honest) (Bai et al., 2022a; Ouyang
et al., 2022; Hendrycks et al., 2020), they strug-
gle to accommodate the substantial diversity of
individual user values. Consequently, personalized
value alignment emerges as a more practical objec-
tive (Zhou et al., 2025; Guo et al., 2025b, 2026a;
Zhang et al., 2026d).

Existing work on personalized value alignment
falls into two categories. Training-time methods
fine-tune personalized reward models and adapters
using user-specific interaction data (Poddar et al.,
2024; Zhao et al., 2025). Nevertheless, these meth-
ods typically rely on extensive personal value data
and might degrade in data-scarce or cold-start
scenarios (Padurean et al., 2025; Poddar et al.,
2024). Inference-time methods offer greater flexi-
bility, which steer model outputs by personal value
prompts (Padurean et al., 2025; Ryan et al., 2025;
Chen et al., 2025b), activating value-related model
parameters (Zhu et al., 2024; Zhang et al., 2025b)
or modifying token distributions during decod-
ing (Chen et al., 2024; Shi et al., 2024; Zhang
et al., 2025a). However, most inference-time meth-
ods face a common limitation: they conceptualize
personalized value alignment as adapting model
outputs to a static personal value profile to capture
users’ overall value orientations. Although these
methods condition response generation on the in-
put question, they typically use the same user value
profile for every question, without explicitly esti-
mating which value dimensions become more or
less important in the current context.

Drawing from well-established psychological
theories (Mischel, 2013; Epstein and O’Brien,
1985), stable internal dispositions alone are insuf-
ficient to explain human behaviors across varying



[ The Same User with Personal Value Profile: Self-Direction > Conformity }

6\ Question A

Your team encourage independent thinking
and proposing alternative solutions. You have
a more efficient approach. What would you do?

Your team is

Scenario-Specific Value Salience
Self-Direction > Conformity

S

I would proactively propose the alternative,
since independent thinking is encouraged ...

Answer A Answer B

Observed Preference

[
Self-Direction > Conformity <

(a)

62 Question B

Scenario-Specific Value Salience

Self-Direction < Conformity

S

Though my idea has merit,

: Different :Observed Preference

Self-Direction < Conformity

B MAE Accuracy

... You still believe your 4.0 2
alternative method is better. What would you do?

MAE (lower is better) |

i~ Conflict with the
| person profile

contextual both
salience

(b)

personal
profile

Figure 1: (a) An example showing that a user a stable personal value profile may exhibit different value preferences
across contexts, which are jointly shaped by personal values and situational constraints. (b) Empirical results show
that only personal values or scenario value salience achieve weaker personalization than their combination.

contexts. Notably, Lewin’s Field Theory (Hei-
dbreder, 1937) posits that observed behavior is
jointly shaped by personal values and situational
constraints. As illustrated in Fig.1 (a), an indi-
vidual who inherently prioritizes ‘Self-Direction’
over ‘Conformity’ may nonetheless suppress self-
direction actions in scenarios governed by other
values. This suggests that each scenario may
selectively activate or suppress different value
dimensions according to broadly shared social
norms (Cialdini et al., 1990; Burnes*, 2004), which
can be formalized as a context-aware value salience
distribution. Together, inherent personal values and
context-aware value salience ultimately shape be-
havior. This is also supported by empirical results
in Fig. 1 (b) that combining both leads to more
accurate preference prediction. From a Bayesian
lens, inherent personal values and contextual value
salience serve as complementary priors, while the
posterior values inferred from observed behaviors
reflect final context-aware personal preferences.

Inspired by this formulation, we propose
BaCVA, an inference-time Bayesian Context-
aware personalized Value Alignment method. It
achieves personalization by dynamically approx-
imating the posterior personalized values based
on both static personal values and context-specific
value salience. Specifically, BaCVA consists of
two components: (i) a scenario value estimator
that predicts the context-aware value salience; (ii)
a dual-view personalization module that approxi-
mates posterior personal values from complemen-
tary personal value-driven and scenario-driven per-

spectives. The whole framework is optimized to-
ward a variational inference objective (Tzikas et al.,
2008; Blei et al., 2017). By framing personaliza-
tion as context-aware posterior inference, BaCVA
offers two advantages: (i) fine-grained adaptability,
capturing nuanced value shifts from priors across
diverse scenarios; and (ii) data efficiency, enabling
personalization with fewer training samples and
seamless generalization to new users. Extensive
experiments on multiple benchmarks showcase the
superiority of our framework.

The main contributions are summarized below.
(1) We theoretically and empirically identify a key
limitation in current personalized alignment meth-
ods: they typically reuse a fixed personal value
profile across prompts without explicitly modeling
question-specific changes in value salience. (2)
We propose BaCVA, an inference-time Bayesian
personalized alignment framework. It achieves dy-
namic personalization by inferring context-aware
posterior preferences conditioned on prior personal
values and contextual value salience. (3) Extensive
experiments show that BaCVA achieves more ac-
curate and adaptive personalized value alignment,
as well as improved data efficiency and generaliza-
tion.

2 Related Work

General Value Alignment of LLMs General
(non-personalized) value alignment aims to align
LLM outputs with population-level human prefer-
ences like HHH (helpfulness, harmlessness and
honesty) (Wang et al., 2023; Shen et al., 2023;



Yao et al., 2023b). Prominent methods include
supervised fine-tuning (SFT) (Zhang et al., 2023;
Han et al., 2025), reinforcement learning from
human feedback (RLHF) (Ouyang et al., 2022;
Bai et al., 2022a), direct preference optimization
(DPO) (Rafailov et al., 2023; Ethayarajh et al.,
2024; Meng et al., 2024) and variants. Besides,
inference-time methods like retrieval-augmented
generation (RAG)(Lewis et al., 2020; Zhao et al.,
2024; Gao et al., 2023) and principle-based prompt-
ing(Bai et al., 2022b) steer model output without
parameter updates.

These methods inherently struggle to accommo-
date the diversity of individual user values, moti-
vating the need for personalized value alignment.

Personalized Value Alignment of LLMs Exist-
ing methods fall into two categories. Training-time
personalization incorporates user preferences via
model optimization (Chen et al., 2025a; Choi et al.,
2025). VPL (Poddar et al., 2024) and RLPA (Zhao
et al., 2025) learn user-specific reward models
or adapters from individual interaction data. P-
RLHEF (Li et al., 2024) learns user embeddings for
personalization. Despite these methods implicitly
fit to observed posterior preferences, they rely on
extensive per-user data and degrade in cold-start or
sparse-data settings (Padurean et al., 2025).

In contrast, inference-time personalization steers
model behaviors by manipulating prompts (Chen
et al., 2025b; Jin et al., 2025) or decoding (Thonet
et al., 2025; Zhu et al., 2024), without modify-
ing parameters. ValuePrompt (Kang et al., 2024)
and COUPLE (Guo et al., 2026b) condition gen-
eration on explicit user value descriptions. Other
approaches summarize or retrieve value-aware con-
tent from user histories, like ValuesRAG (Ryan
et al., 2025; Seo et al., 2025). Decoding-based
methods (Zhang et al., 2025a) like MOD (Shi et al.,
2024) and PAD (Chen et al., 2024) reshape to-
ken distributions to adapt general outputs to fixed
individual preferences. These inference-time ap-
proaches mainly reuse the same personal value pro-
file across situations, without explicitly modeling
question-specific changes in the salience of individ-
ual value dimensions. We address this limitation in
this paper.

Bayesian Modeling and Applications Bayesian
modeling (Zhang and Poole, 1996; Bishop and
Tipping, 2013; Grossman and Domingos, 2004;
Lauritzen and Spiegelhalter, 1990; Heckerman
et al., 2015) offers a principled lens for updating

prior beliefs with observed evidence and reason-
ing with uncertainty (Gao et al., 2024). Recent
work (Gupta et al., 2025; Longjohn et al., 2025;
Wang et al., 2024a) has explored LLMs alignment
from a Bayesian perspective. BIRD (Feng et al.,
2025) frames decision alignment as a Bayesian de-
cision process. Dellma (Liu et al., 2024) applies
decision theory to address uncertainty.

This paper formulates personalized value align-
ment as Bayesian posterior inference, optimized
through Variational Inference (Tzikas et al., 2008;
Blei et al., 2017; Ganguly and Earp, 2021).

3 Methodology
3.1 Task Definition

Let U = {u;}Y, denote a population of diverse
users, each user u; is associated with a self-written
summary of personal values c,; and a small set of
preference annotations D,,, = {(x, y¢, y»)}, where
x denotes a prompt or question, y. and y, mean
the preferred and dispreferred responses respec-
tively. To make the open-ended value summary
¢y, more actionable and unified, we follow (Yao
et al., 2023a; Guo et al., 2026b) to convert it
into a structured, multi-dimensional value profile
vy, = [(v1,81),-.-, (vd, $a)]. (v1,...,vq) are fi-
nite pre-defined value dimensions (e.g., care, au-
thority) from a well-established value framework
(e.g., Schwartz’s Basic Values (Schwartz, 2012)).
s; € {1,2,3,4,5} indicates the priority assigned
to v; on a 5-point Likert scale from ‘not important
atall (1)’ to ‘very important (5)’.

Since training a dedicated model for each user is
less practical in low-data (small D,,,) and cold-start
cases, we focus on inference-time personalized
alignment in this paper. With a single shared model
Py (¥|X, Vu, 2) that can generate the response y
aligned with the given personalized values v, 4
toward the question x, our goal is to infer the con-
crete personalized values vy, » ~ py(V|vy,,x) the
user would exhibit to guide response generation
under the specific context x.

For evaluation on test samples { (u;, Z, Yc, Yr) },
we extract the values reflected in two responses as
Vy,., Uy, , then compare inferred personalized values
Uy, With them using two metrics: (i) the distance
between vy, , and v, like MAE and (ii) the accu-
racy whether v, . is closer to vy, than to vy, . Fur-
thermore, we evaluate the effectiveness of BaCVA
in guiding downstream personalized response gen-
eration. We compare the responses generated from
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Figure 2: Overview of the proposed Bayesian question-specific value modeling framework. A question = provides
a decision context, while a user-level value profile v,,, modulates how semantics are personalized. We learn a
Bayesian residual (semantic delta) from two complementary views, and fuse the two views via a context-based
gated fusion mechanism to predict a personalized, context-aware answer.

the inferred value v, , against y. and y;..

3.2 The BaCVA Framework

As discussed in Sec.1, existing inference-time per-
sonalization methods employ the overall user pro-
file v,, or that summarized from the preference
data v,, p, to instantiate v, , and keep it fixed
across prompts x, thereby limiting their ability
to explicitly model question-specific shifts in the
salience of individual value dimensions, as illus-
trated in Fig. 1 (a).

Inspired by Lewin’s field theory (Heidbreder,
1937) that observed behaviors emerge from the in-
teraction between the personal value profile v,
and the situation x, and Cognitive Appraisal The-
ory (Lazarus and Folkman, 1984) that situations
modulate the expression of internal values to form
final actions, we formalize the contextual factor as
a scenario-specific value salience distribution. By
treating both the personal value profile and specific
context value salience as priors (prior to behavioral
execution), we propose BaCVA, a Bayesian frame-
work that dynamically estimates the contextual
personalized values v, , via posterior inference.
Given the data D,,, = {(z, y¢, yr) }, we model ob-
served user preferences y. > ¥, as the likelihood
and the posterior distribution of the target v, »
is formalized as a calibration from the prior value
distribution pg(vy, »|vy,, x) by the likelihood:

pG(VUi,x‘VUmX: Ye = yT) (D
X p6(yc > yr‘vui,x) X pe(Vui,z|Vui,X)-

This formalization yields two advantages: (1)

more adaptive personalization by enabling fine-
grained calibration from informative priors, and
(2) training efficiency by introducing high-quality
priors. Moreover, BaCVA does not rely on fine-
tuning user-specific adapters but personal value
profiles, thus easily extended to cold-start users.

Since direct computation of the posterior value
distribution is intractable, we refer to Variational
Inference (VI) (Blei et al., 2017) and introduce a
variational posterior q4(Vy; |y, ,X) implemented
by LLMs. As shown in Fig.2, the architecture
consists of two modules: (i) a scenario value es-
timator to predict contextual value salience; and
(i) a dual-view personalization module that ap-
proximates the posterior distribution from both
personal value-driven and scenario-driven perspec-
tives. Then, we optimize the model by minimizing
the divergence between the variational posterior
and the true posterior, which is equivalent to maxi-
mizing the evidence lower bound (ELBO) below,
with full derivation in Appendix A.1.

L=- Eq¢(vui,m)[10gp9(yc = Yr | Vue, )] (2)
+ KL(qqﬁ(vui,E ’ Vui7x) HPQ(VM@ ‘ Vuwx)) .

Each module is detailed in the next subsections.

3.3 Estimation of Scenario Value Salience

As illustrated in Fig. 1, different value dimensions
are not equally salient across scenarios, instead, a
specific question x usually activates only a subset
of dimensions. Typically, the salience distribution
over these dimensions are shaped by universal so-



cial norms, encouraging some values while render-
ing others less acceptable.

Inspired by this, we estimate the scenario value
salience distribution v, based on population-level
aligned response. Concretely, for a question x,
we leverage LLMs that have gone through great
human alignment as a proxy to obtain the universal
response, denoted as Ypuman. Then, we employ a
prompt-based value estimator g, to infer v.:

Vg ~ Qw("X> yhuman)- 3)

In our primary implementation, we leverage
GPT-5-nano to generate the universal response and
estimate the value salience through in-context learn-
ing. We also replace it with other LLMs to validate
the robustness in Appendix C. Detailed prompts
are provided in Appendix A.3.2.

3.4 Dual-View Personalized Value Inference

Lewin’s field theory states that behavior arises from
the interaction between the person and the envi-
ronment. Thus, the concrete values reflected in
final behaviors can be explained from two com-
plementary perspectives: (1) Scenario-anchored
personalization drift, where shared norms under
the specific scenario largely determine the behavior
while personal values introduce slight but mean-
ingful deviation; (2) Person-anchored contextual
instantiation, which assumes that personalization
is primarily rooted in the user’s inherent value pro-
file while the scenario modulates how salient each
value is. Motivated by this, we design a dual-view
personalization module to approximate the poste-
rior distribution over v, 5. Specifically, it includes
a scenario-driven component and a person-driven
component to infer the posterior respectively:

q¢ (VS:,):c ’an Vau, ) y 4o (V’l(tl:,)il: ’Vui 5 Vr) . “)

Then, the final variational posterior is calculated as
a gated composition of the two perspectives:

Q(b(vui,x‘vui ) X) = QQ¢(V1(L>:,)m|V:m Vui) )

+(1 - Q)Q¢(V£L?,)w‘vuiavx>a
where « is produced through a context-aware gate.

View 1: Scenario-Anchored Personalization
Drift Conditioned on the scenario-based value
salience prior g, (v, ), this view models personal-
ization as adding a personal residual to the scenario

anchor in logit space:

q¢(v1(;f?$ | vz, vy, ) = Softmax(sy + 2z,), (6)
Sy = LOgit(Qw (VJJ))7 (7)

where z,, is the personal residual logit vector. Intu-
itively, this view is effective when most individuals
follow the scenario-level consensus with slight per-
sonalized divergence.

View 2: Person-Anchored Contextual Instanti-
ation This view starts from the personal value
prior g4(v,) and instantiates it under the current
scenario by adding a context residual in logit space:

q¢(v1(g?x | Vu,, Vz) = Softmax(s, + z;), (8)
su = Logit(qs(Vu)), )

where z; is the context residual logit vector. This
perspective emphasizes personal value-driven be-
haviors where scenario-level expectations provide
only weak constraints.

In practice, we employ open-sourced LLMs to
represent these distributions by prompting them
with appropriate instructions and extracting the
generation probability of each value. More details
about the prompts are provided in Appendix A.3.2.

Context-Aware Gated Fusion The above dual-
view posterior values are complementary and cap-
ture dominant information suited for different sce-
narios. Rather than equally combining them across
all contexts, it would be more effective to dynam-
ically consider their relative dominance. Conse-
quently, we introduce a context-aware fusion mech-
anism to compute the gate score a € [0, 1] as:
o =G, q(vik), a(vie), 0% 0% ).

Uj,T Ui, T

(10)

q(vl(ff)w) is the abbreviation of q(vq(jf,)m|vz,vui),

02(x> and 02(u) are variances to measure the un-
Vu,,@ Vo, @

certainty of posterior inference in the two views.
In practice, the gate function G corresponds to an
LLM, which jointly reasons over the inputs and
outputs a continuous context-aware fusion weight
by normalizing the logits of tokens @ and 1, rather
than making a hard binary decision. Specific im-
plementation details are given in Appendix A.3.2.

Variational Inference Optimization We use the
same value extractor in Subsec. 3.3 to analyze the
value reflected by the preferred response vy, used
as the supervision during training. Besides, we



approximate the expectation term in Eq.(2) with
a single-pass amortized estimate, getting the pre-
dicted posterior value as vy, .. Then, the Varia-
tional Inference loss in our dual-view personaliza-
tion model is:

£ = [,z — vyells + M Spequng KLY 1957). (1)

4 [Experiments

4.1 Experiment Setting

Datasets We evaluate BaCVA on PRISM (Kirk
et al.,, 2024) and GOOD (Wang et al., 2019),
both of which provide personal value profiles
and user behaviors across diverse scenarios.
PRISM contains open-ended questions with pre-
ferred/dispreferred candidate responses, while
GOOD contains persuasion dialogues with value
annotations and user-generated responses. After
preprocessing, they contain 2,131 and 2,696 in-
stances, respectively, and are split 80/20 for train-
ing and testing. Additional results on other datasets
are provided in Appendix C.1.

Evaluation Metrics As formalized in Sec. 3.1,
we represent value orientation as a multi-
dimensional value vector. First, we report Mean
Absolute Error (MAE) between the predicted user
value preferences and the value of preferred an-
swers. Second, we compute Spearman’s rank
correlation coefficient (Correlation) to measure
the consistency of value priorities. Third, we re-
port the Accuracy that the preferred responses are
ranked higher than dispreferred responses. De-
tailed dataset construction, statistics, and metric
definitions are provided in Appendix B.

Baselines We compare BaCVA with baselines
spanning non-personalized and inference-time per-
sonalized alignment. DirectAnswer directly gen-
erates responses using the generally aligned back-
bone model. For personalized value alignment,
we mainly consider inference-time approaches
that incorporate static user value profiles to steer
answer generation, including four groups: (1)
Value Prompt (Kang et al., 2024) prompts the
value profile to steer outputs, COUPLE (Guo
et al., 2026b) conducts counterfactual reasoning,
and MetaAligner (Yang et al., 2024) rewrites
model outputs to align them with target values; (2)
PAD (Chen et al., 2024) and MOD (Shi et al., 2024)
learn value-aware reward models to steer decoding-
time token distribution towards personal values; (3)

ValuesRAG (Seo et al., 2025) retrieves historical
data under similar scenarios and value profiles as
example for decision-making; and (4) PersonVa-
lue is implemented by us that directly compares
the static value profiles with values extracted from
the preferred respones. To further compare BaCVA
with training-time alignment approaches, we ad-
ditionally evaluate RLHF (Christiano et al., 2017)
and MORLHF (Li et al., 2020) under the same
backbone, data splits, and input information, with
full implementation details and results provided in
Appendix C.2.

BaCVA dynamically estimates personalized val-
ues across varying contexts via posterior inference.

Implementation details. We use Qwen3-8B as
the backbone model across all comparable methods
and control input as only personal value profile and
question to ensure fair comparisons. The model for
value extraction in both our model and evaluation
is GPT-5-nano, whose consistency with humans
has been verified, achieving a score > 90. Unless
otherwise specified, we use the 10 Schwartz Ba-
sic value dimensions to represent value profiles in
the main experiments. Additional experiments on
other value systems to validate the robustness are
provided in Appendix C.1. All models are trained
using the Adam optimizer. All experiments are
conducted using NVIDIA A100 GPUs. Full im-
plementation details, hyperparameters, and more
experimental settings are in Appendix B.

4.2 Personalized Alignment Performance

Tab. 1 presents the results comparing BaCVA with
baselines on personalized value alignment across
PRISM and GOQOD, with three key findings.

First, incorporating personalization is crucial
for LLM value alignment. Across both benchmarks,
personalized alignment methods such as Value
Prompt, MOD and ValuesRAG substantially out-
perform the non-personalized baseline DirectAn-
swer. This observation demonstrates that personal
value-agnostic alignment fails to capture the di-
versity of individual preferences. Second, static
personal value profiles lead to sub-optimal per-
sonalized alignment. In particular, the PersonVa-
lue baseline, which enforces adherence to static
personal values across varying prompts, achieves
merely 56.56% accuracy on PRISM. This high-
lights a fundamental limitation that static personal
values cannot faithfully represent users’ context-
dependent preferences across diverse scenarios.



PRISM GOOD

Category Method MAE | Correlation?T Accuracy! MAE | Correlation 1
Non-personalized Alignment  DirectAnswer 1.858 0.485 67.05 3.302 0.517
PersonValue 2.969 0.411 56.56 3.698 0.189
Value Prompt 1.790 0.568 72.95 3.062 0.579
MetaAligner 1.955 0.509 69.00 3.231 0.480
Inference-time COUPLE 1.819 0.588 65.98 3.089 0.347
Personalized Alignment PAD 1.733 0.607 66.67 3.236 0.360
MOD 1.620 0.595 66.37 3.120 0.410
ValuesRAG 0.952 0.638 71.68 2.261 0.589
BaCVA (Ours) 0.728" 0.700" 81.72* 1.118* 0.769"

Table 1: Main results on PRISM and GOOD. The best results are bold and second-best results are underlined. *
indicates statistically significant improvement over all baselines (p < 0.05). Accuracy is not applicable to GOOD
that has only a ground truth answer but not preferred and dispreferred response pairs.

B wiN TIE
BaCVA vs ValuesRAG 46.0%

I LOSE

22.0%

Figure 3: Performance of human evaluation

Third, BaCVA, which explicitly integrates personal
value profiles with scenario-specific value salience
and optimizes toward posterior personalized pref-
erences, achieves the best personalization result
across both benchmarks. On PRISM, BaCVA at-
tains the lowest MAE and the highest accuracy,
while on GOOD it significantly improves both
MAE and correlation. These consistent gains
strongly validate our motivation in this paper and
the effectiveness of our proposed method. Addi-
tionally, BaCVA also consistently outperforms the
training-time alignment baselines reported in Ap-
pendix C.2.

Human Evaluation Beyond automatic evalua-
tion, we conduct a human study on 50 samples cor-
responding to 50 distinct user profiles, with each
sample independently assessed by two evaluators,
who compare how closely the contextual personal-
ized values predicted by BaCVA and ValuesRAG
mirror the values of the preferred answer. As shown
in Fig. 3, BaCVA wins in 46.0% and loses in only
22.0% of cases, outperforming ValuesRAG. Details
are provided in Appendix B.4.

4.3 Ablation Study

To systematically investigate the contribution of
each component in BaCVA, we conduct an ablation
study by removing or modifying key modules. (1)
w/o Scenario-View and w/o Person-View approxi-
mate the posterior value preferences from only one
of the dual perspectives. (2) w/o Gated Fusion

PRISM GOOD
Method MAE | Corr1 Accuracy T MAE | Corr 1
BaCVA 0.728  0.700 81.72 1.118  0.769

w/o Scenario-View 0.819  0.645 76.32 1.325  0.724
w/o Person-View 0.798  0.607 77.06 1.297  0.730
w/o Gated Fusion 0.762  0.671 79.44 1.163  0.754
w/o Prior Constraint  0.800  0.639 78.18 1.203  0.746

Table 2: Ablation study on PRISM and GOOD.

replaces the adaptive gating mechanism with an av-
eraged fusion of the two views across all contexts.
(3) w/o Prior Constraint removes the KL diver-
gence terms in Eq.(11). Tab. 2 reports the ablation
results on PRISM and GOOD.

Results Analysis Using merely a single view
(i.e., w/o Scenario-View and w/o Person-View)
consistently results in degraded performance on
both benchmarks. This confirms that both views
capture effective and complementary aspects for
personalized alignment. Besides, removing the
adaptive gating mechanism (w/o Gated Fusion)
causes a performance drop. This demonstrates that
the interaction between the two views is highly
context-dependent rather than simply additive. The
gated fusion is essential to distinguish their rela-
tive importance across different scenarios. Finally,
the prior constraints of both personal values and
scenario-specific value salience are also critical for
personalized alignment by avoiding collapsed pre-
diction. This also validates that both views provide
meaningful prior knowledge.

4.4 Analysis Experiments

Fine-grained Adaptability Analysis We exam-
ine whether BaCVA captures fine-grained shifts
from priors by grouping test samples according to
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Figure 5: Training efficiency analysis across datasets.

the distance between the true preferred response
value v, and two priors: the personal prior v,, and
the scenario prior v,. A larger distance means that
the final contextual preference deviates more from
the corresponding prior, making the sample more
challenging for conventional methods that simply
follow the prior. As shown in Fig. 4(a), ValuesRAG
performs well only when vy, is close to v,, but de-
grades sharply as the distance increases, indicating
its strong dependence on static personal values. In
contrast, BaCVA remains stable across different
distances from both priors. These results suggest
that BaCVA can capture nuanced preference shifts
to infer posterior preferences even when the context
heavily conflicts with priors. Moreover, a comple-
mentary conflict-level analysis further shows that
BaCVA reduces MAE by 17.8% relative to Values-
RAG on the high-conflict subset, where answer-
level values deviate substantially from the global
user profile (Appendix C.9).

A cluster-level analysis on PRISM further con-
firms BaCVA’s domain-level robustness, with con-
sistent MAE reductions across the five largest se-
mantic clusters (Appendix C.3).

Training Data Efficiency We evaluate data ef-
ficiency by training BaCVA with different propor-
tions of PRISM and GOOD data. As shown in
Fig. 5, BaCVA achieves strong performance with
limited supervision and improves steadily as more
data is used, whereas ValuesRAG converges more
slowly and to a weaker final result. This indicates
that BaCVA can learn effective value-alignment
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Figure 6: Effects of the gated fusion on PRISM.

B 1D (Seen Users) W OOD (Unseen Users)
85

0.9624

81.96%

72.16%

Accuracy (%) T

5
BaCVA (Ours)

BaCVA (Ours)

ValuesRAG

ValuesRAG
(a)

Figure 7: Generalizability evaluation on PRISM.

patterns in low-data regimes.

Generalization to Cold-Start Users We further
evaluate generalization to unseen users by splitting
the PRISM test set into seen users and 20% cold-
start users absent from training. As shown in Fig. 7,
BaCVA shows a much smaller performance drop
than ValuesRAG, demonstrating stronger robust-
ness to unseen users.

Gated Fusion Analysis. BaCVA fuses the
person-view and scenario-view through a context-
aware gate. To verify whether the gate correctly
identifies the more informative view across varying
contexts, we split PRISM into personal-dominant
cases, where vy, is closer to v, than to v,, and
scenario-dominant cases. Fig. 6(a) shows that
PersonValue performs competitively in personal-
dominant settings but fails catastrophically when
situational shifts occur, whereas DirectAnswer is
opposite. BaCVA consistently performs best on
both. Fig. 6(b) further shows that the gate assigns
larger weights to the corresponding dominant view.

Cross-Extractor Robustness Cross-extractor
evaluation using independently constructed
Gemini-3-Flash and Qwen3-235B-A22B test
targets confirms that BaCVA’s gains are not tied
to GPT-5-nano, yielding 21.2% lower MAE and
9.56 percentage points higher accuracy than
ValuesRAG on average (Appendix C.6).



4.5 Hyper-parameter Analysis

We provide a sensitivity analysis of the KL-
divergence weight \; in Appendix C.1. Besides,
we further examine the robustness of BaCVA un-
der different backbone LLMs as the value salience
estimator, prompt designs, and value representa-
tions. Specifically, we evaluate BaCVA with value
profiles represented by the 5-dim Moral Founda-
tions Theory and the 301-dim value system from
Daily-Dilemma. The consistent gains across these
settings show that BaCVA is robust to both im-
plementation choices and value-system variations.
Meanwhile, to evaluate BaCVA’s generalizability
across backbone models, we further implement
it with Llama3-8B under the same experimental
setting, where it reduces MAE by 37.9% and im-
proves accuracy by 19.06 percentage points over
ValuesRAG in Appendix C.8. To evaluate robust-
ness across scenario-prior estimators, we compare
GPT-5-nano, Gemini-3-Flash, and Qwen3-235B-
A22B, obtaining an average within-one agreement
of 89.15% and a standard deviation of only 0.027
in downstream PRISM MAE in Appendix C.7. To
assess whether BaCVA training degrades general-
purpose capabilities, we evaluate the original back-
bone and BaCVA on four standard benchmarks, ob-
taining comparable average performance of 77.69%
and 78.74%, respectively (Appendix C.10).

4.6 Downstream Application

Furthermore, we evaluate the effectiveness of our
inferred posterior values in guiding downstream
personalized response generation using the PRISM
dataset. We implement two variants for genera-
tion: (1) BaCVA (Two-stage) applies the posterior
personalized values estimated by BaCVA as the
input and trains a downstream response generator.
(2) BaCVA-E2E jointly optimizes the BaCVA for
posterior value inference with subsequent response
generator. Here, MAE, Spearman correlation, and
pairwise ranking accuracy are computed under the
answer-level protocol detailed in Appendix C.5.
As shown in Tab. 3, BaCVA-E2E achieves the best
overall performance, slightly outperforming the
two-stage BaCVA.

Moreover, qualitative cases in Appendix C.5 fur-
ther show that BaCVA-E2E can generate coherent
value-grounded responses, whereas ValuePrompt
often fails.

Method MAE | Acct Spearman T
DirectAnswer 1.1794  0.3226 0.2483
ValuePrompt 0.9897 0.4892 0.3121
COUPLE 0.5596 0.6434 0.4432
MetaAligner 0.7787 0.5125 0.4010
PAD 0.6444  0.5341 0.4463
MOD 0.6707  0.5448 0.4013
ValuesRAG 0.6229  0.5529 0.4596
BaCVA (Two-stage) 0.3835 0.7975 0.4782
BaCVA-E2E 0.3776  0.7996 0.4812

Table 3: Results of downstream personalized response
generation on PRISM. Bold indicates the best results.

5 Conclusion

To overcome the limitation that current personal-
ized value alignment relies on static user value
profiles, BaCVA treats personal values and context-
specific value salience as priors and infers posterior
personalized values at inference time. Experiments
validate improved personalization accuracy, adapt-
ability, data efficiency, and generalization.

Limitations

Although BaCVA achieves promising performance
on personalized value alignment across two bench-
marks, this work still has several limitations.

First, the evaluation method may introduce noise,
as it relies on user preferences annotated over a lim-
ited set of candidate responses, which may not fully
capture the faithful user values but only compro-
mised preferences. Moreover, our experiments are
primarily conducted on offline datasets; although
human evaluation is included, the approach lacks
validation through large-scale real-world or online
deployment. Second, the cross-dataset generaliza-
tion of our model remains an important aspect to
be further validated. Third, the datasets we used
for evaluation contain users’ self-reported value
profiles, which may be noisy as users may con-
sciously or unconsciously curate, simplify, or em-
bellish their profiles. Last, the estimator remains
an aligned-LLM approximation of population-level
value salience, which future work may improve
with more diverse models, alignment strategies,
and cultural assumptions.

In future work, we plan to address these limita-
tions by exploring more realistic and comprehen-
sive evaluation settings, investigating cross-dataset
generalization, and developing more robust mecha-
nisms to model and mitigate noise in user-provided



information.

Ethical Considerations

This work aims to improve personalized value
alignment in large language models; however, the
inferred “value preferences” reflect latent patterns
captured from observed interactions and annota-
tions, and should be viewed as approximate rather
than complete representations of human values. It
should not be used to directly judge individuals or
replace human ethical decision-making. Person-
alized value modeling may also involve privacy
and bias risks. Therefore, any real-world deploy-
ment should strictly follow data protection regu-
lations, avoid manipulative or unethical uses, and
be continuously evaluated within a responsible Al
framework.
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A Method Details

A.1 Generic ELBO for Personalized Value
Inference

Setup For a user v and a question (scenario) x,
let v,, denote the user-level value profile, and let
v,z denote the latent question-specific personal-
ized values. Given a preference triple (z, y., yr),
we denote the observed preference event as

0= (yc ~- yr)v (12)

i.e., response vy is preferred over g, under scenario
xZ.

Bayesian formulation We define a prior condi-
tioned on both the user and scenario:

pe(vu,x | Vu,$), (13)
and a preference likelihood
pg(O ‘ Vu,max) = pe(yc = Yr ‘ Vu,mal')- 14)

By Bayes’ rule, the posterior is

pg(O | Vu a:)p@(vua: ‘ Vuyl')
po(0)

p@(vux | Vo, T 0)
(15)
which matches Eq. (1) in the main paper.

Marginal likelihood The likelihood o := (y. >
y,) marginalizes over the latent personalized values

Vi

pol0) = / P60 | Vuss ) (16)

Xp@(vu,x | Vau, ZL‘) qu,x~ (17)

In our setting, computing Eq. (16) is intractable.
Since v, , is a multi-dimensional value vector
and each dimension corresponds to a 5-point Lik-
ert score, exact marginalization would require an
exponential-time summation and is prohibitively
expensive. This motivates us to employ variational
inference to obtain a tractable lower bound for op-
timization.

Variational posterior and ELBO. We introduce
a variational posterior q¢(vu7x | vy, ) to approx-
imate the true posterior pg(vy. , | Vu,X,0). Thus,
we solve the optimization problem as:

¢E = argmin KL <q¢(Vu,w | Vu, x)
¢ (18)
H pg(V%g; ’ Vuym70)>'

In the following derivation, let z := v, ; and
use the abbreviations

95(2) = qp(2 | Vu, 2),
po(z) = po(2 | Vu, ).

For brevity, we suppress the conditioning on
(Vu, z) below.

KL (q5(2) || po(z | o))

_ o q¢(2)
‘/%UI%MMw

= /q¢(z) [log qs(2z) —logpe(z | 0)} dz

= /%(Z) [102; q4(z) — 1ng9(za0)} dz
+ log py(0)
= log py(0)
— /q¢(z) [logpg(z, 0) — log qd)(z)] dz.
(19)

We use £(gy) to represent the following term as:

dz

E(Q(ﬁ) = /Q¢ [lOgPQ(VU,xv 0)

- log (M)(Vu,x)] quJz
= Eq¢> [log Do (Vu,ara 0)

- log Q¢(Vu,m)] . (20)
Based on Eq.(19) and Eq.(20), we then obtain
KL (¢ (Vu,z)|IPo(Vuz | 0)) = logpg(o) — L(gy)
(21)
log pp(0) = L(q¢) + KL(¢p(Vu,e)l|Po(Vue | 0))-
(22)

Since log py(0) is fixed on the observed data,
minimizing the KL divergence in Eq.(19) is equiv-
alent to maximizing £(g), which is the evidence
lower bound (ELBO) of log py(0).

L(qs) = Eq, [log po(Vu,z, 0)
—log ¢g(Vu,z)]
Eq, [lng9(O‘Uu ) + log pe(vu,z)
—10g gg(Vu,z)]
= By, [log pg(0|vu,z)]
Eqq [log q¢(Vu,z)
=Eq, [log pe(0|vu,z)]
B KL(qu(Vu,x)HpG(Uu,x))-

- log Do (Uu,x)]

(23)



Converting to the training loss, we need to mini-
mize the loss £ as follows:

L=-Eg [logp9(0|vu,x)}

+ KL (Q¢(Vu,x)||p9 (v%z)), (24)

which is Eq.(2) in the main paper.

A.2 Concrete Formulation

Setup. For a user v and a question z, let v,, be
the user-level value profile (Sec. 3.1), v, be the
scenario value-salience variable estimated from
(@, Yhuman) (Sec. 3.3), and v, , be the question-
specific personalized values. Given a preference
triple (x,y.,yr), we extract the value vector re-
flected by both the preferred and dispreferred re-
SPONSES aS Uy, , Uy, .

Generative model (hierarchical prior). We use
the estimated value salience distribution p,, (v |
Z, Yhuman) and a user-conditioned prior pg(vy . |
Vu, V). We further introduce a (single-point) ob-
servation model for the extracted value embedding:

Do (Vyc ’ Vu,x)' (25)

The resulting marginal likelihood is

log p(vyc ‘ VU? fL‘) = 1Og Z Z p9 (Vyc | Vuyx)
Ve Vu,z
: p@(vu,x | Vau, V:r)

s Pw (Vz ‘ x, yhuman)'

(26)

A.3 Prompt Template

We present below the prompts used in this paper, in-
cluding the data preprocessing prompt, the method
prompt, and the evaluation prompt.

A.3.1 Preprocessing Prompt

This stage involves four preprocessing prompts: (1)
extracting the user value profile in Fig. 8, (2) deter-
mining whether a given question involves value-
related considerations in Fig. 9, (3) identifying
which values are implicated by the question in
Fig. 10, and (4) extracting value-related representa-
tions from candidate answers in Fig. 11.

A.3.2 Methods Prompt

View-Specific Residual Inference Prompts To
instantiate the residual distributions ¢(z,) and
q(zx) in Eq. (6) and Eq. (8), we implicitly esti-
mate the residual corrections conditioned on the

triplet (x, v, v, ). Rather than explicitly sampling
z, we adopt a prompt-based inference strategy in
Fig. 12 to enable the model to capture how contex-
tual semantics modulate value deviations.

Specifically, we first construct a structured
prompt that instructs the language model to an-
alyze the input question = from the perspective of
Schwartz’s ten basic human values. This prompt
is designed to emphasize value salience under
the given scenario, allowing the model to encode
context-sensitive value implications. The resulting
hidden representation is extracted as a contextual
embedding e,, which serves as a semantic anchor
for residual estimation.

Conditioned on e, and the corresponding prior
(either v, for the scenario-anchored view or v,
for the person-anchored view), a lightweight pro-
jection network produces a logit-level correction
that implicitly instantiates the residual variable z.
This correction is defined in the same value space
as the prior distribution and is subsequently used to
refine the posterior value inference. In this way, the
effect of z is captured through semantic prompting
rather than explicit stochastic modeling.

Gating Prompt for View Composition To com-
pute the adaptive fusion weight « in Eq. (10), we
employ a prompt-based gating mechanism. Given
the input question = and the predictions from both
views, we construct a concise comparison prompt
in Figure 13 that presents the value-wise predic-
tions and their associated confidence signals. The
prompt instructs the language model to decide
which view provides a more reliable assessment
under the current context.

The gating model outputs logits corresponding to
two discrete choices (scenario-anchored vs. person-
anchored). We extract the logits associated with
tokens @ and 1, and normalize them to obtain the
scalar gating coefficient a € (0, 1). This value is
then used to interpolate between the two inferred
posteriors, enabling context-aware view composi-
tion without introducing additional heuristic rules.

A.3.3 Evaluation Prompt
The prompt in Fig. 11 is also used to evaluate re-

sponses generated by some baseline models, as
described in Appendix B.2.



Prompt: Schwartz Basic Human Values Evaluation on Personal Profile.

Background:

You are an Al assistant tasked with evaluating how strongly Schwartz’s basic human values are reflected in a given personal
description. The input text is a self-description written by a person, and your goal is to infer how strongly each of the ten
Schwartz values appears in what the person expresses, implies, or emphasizes.

Schwartz’s Ten Basic Values: Self-direction — independent thought and action; choosing, creating, exploring

Stimulation — excitement, novelty, and challenge in life

Hedonism — pleasure or sensuous gratification for oneself

Achievement — personal success through demonstrating competence according to social standards

Power — social status and prestige, control or dominance over people and resources

Security — safety, harmony, and stability of society, relationships, and of self

Conformity — restraint of actions, inclinations, and impulses that may upset or harm others or violate social expectations
Tradition — respect, commitment, and acceptance of cultural or religious customs and ideas

Benevolence — preserving and enhancing the welfare of people with whom one is in frequent personal contact

Universalism — understanding, appreciation, tolerance, and protection for the welfare of all people and for nature

Scoring Scale (1-5):

1 (Contradicted) — The text denies, criticizes, or opposes this value.

2 (Absent) — The value is not mentioned, implied, or relevant in any way.

3 (Mentioned but Not Important) — The value is referenced or implied, but it is not meaningful to the person’s identity or
motivations.

4 (Present but Not Central) — The value seems to matter to the person and influences their perspective, but it is not central.

5 (Most Important) — The value is central to the person’s identity or worldview. Removing it would significantly change their
self-description.

Task:
Evaluate the following personal self-description and rate how strongly each of the ten Schwartz values is reflected in it.

Input Text:
"{personal _text}

Output Format (STRICT):
Rate all ten values using only integers 1-5. Output ONLY in the following format:

Self-direction: [score]
Stimulation: [score]
Hedonism: [score]
Achievement: [score]
Power: [score]
Security: [score]
Conformity: [score]
Tradition: [score]
Benevolence: [score]
Universalism: [score]

Figure 8: Schwartz basic human values evaluation on personal profile prompt.




Prompt: Schwartz Value Candidate Identification.

Background:

You are an Al assistant that identifies which Schwartz basic human values are relevant to a given text. Your task is to determine
which values are implied, expressed, or thematically connected to the provided text_type, and output them in a structured JSON

format.

Schwartz’s Ten Basic Values: Self-direction — independent thought and action; choosing, creating, exploring

Stimulation — excitement, novelty, and challenge in life
Hedonism — pleasure or sensuous gratification for oneself

Achievement — personal success through demonstrating competence according to social standards

Power — social status and prestige, control or dominance over people and resources

Security — safety, harmony, and stability of society, relationships, and of self

Conformity — restraint of actions, inclinations, and impulses that may upset or harm others or violate social expectations
Tradition — respect, commitment, and acceptance of cultural or religious customs and ideas

Benevolence — preserving and enhancing the welfare of people with whom one is in frequent personal contact
Universalism — understanding, appreciation, tolerance, and protection for the welfare of all people and for nature

Identify up to 5 relevant Schwartz values for the text_type.
Use only these keys:

['self_direction', 'stimulation', 'hedonism',
'security', 'conformity', 'tradition',

'achievement',
'benevolence’,

'power ',
universalism']

For each selected value, provide a relevance score between 0 and 1.

Output Format (STRICT JSON ONLY):
Return only valid JSON in exactly the following structure:

{"candidates": [
{"value":"<one_of_keys>", "relevance”:0.0-1.0}

13

Figure 9: Prompt for Schwartz value candidate identification of question.

B Additional Experimental Details

B.1 Datasets and Preprocessing

PRISM. We use the PRISM dataset (Kirk et al.,
2024) to evaluate value-conditioned personaliza-
tion and value alignment in open-ended user—-model
interactions. Each instance is organized turn-by-
turn, containing (i) a user query and its conversa-
tion context, (ii) a set of candidate responses pro-
vided by the dataset (including the chosen response
and up to three unselected responses), and (iii) user-
side survey metadata (e.g., self_description)
when available. In our formulation, = denotes the
full user query context (the user message concate-
nated with the opening_prompt for the first turn),
and v,, denotes the user value profile derived from
survey text (details below).

GOOD (P4G-derived). Our GOOD dataset is
constructed from the PersuasionForGood (P4G)
corpus (Wang et al., 2019), a persuasion dialogue
benchmark collected via Amazon Mechanical Turk.
Each dialogue involves a Persuader and a Per-
suadee, where the Persuader aims to persuade the
Persuadee to donate to a charity (e.g., Save the Chil-
dren). The original corpus contains 1,017 complete

dialogues and rich participant metadata including
Schwartz values (10 dimensions), Big-Five person-
ality traits, and Moral Foundations.

B.1.1 Value Extraction and Alignment
Scoring

To quantify the alignment between user values and
model responses on PRISM (Kirk et al., 2024), we
develop a pipeline that produces value scores for
(1) the user profile v, and (ii) model responses v, .

Selection and relevance filtering. We focus
on the values guided subset, where models
are explicitly prompted to engage with value-
laden topics. To ensure value salience and
data quality, we first retain only conversations
with high value relevance, specifically those with
choice_attributes.values scores of at least
80. We then perform turn-level processing, han-
dling each conversation sequentially. Finally,
we keep only users who provide survey text in
self_description, which enables extraction of
the user value profile v,,.

LLM-based value extraction. We use an LLM
as an evaluator to quantify the 10 basic human
values (Self-direction, Stimulation, Hedonism,




Prompt: Prompt: Value-Related Question Identification.

Background:

You are an expert in Schwartz’s Theory of Basic Human Values. Your task is to determine whether a given question or statement
is related to human values. A question is value-related if it reflects moral priorities, ethical considerations, social judgments, or
underlying motivational principles connected to Schwartz’s ten basic values.

Schwartz’s Ten Basic Human Values:

"{value definition}

A question is considered value-related if:

* It asks about moral or ethical choices.
* It involves trade-offs between different priorities (e.g., personal gain vs. helping others).

* It touches on topics such as fairness, freedom, security, achievement, pleasure, tradition, caring for others, or environmental
protection.

* It asks opinions about social, political, or personal matters that reflect underlying values.
¢ It involves decision-making influenced by value priorities.
A question is NOT value-related if:
* Itis purely factual.
* Itis a technical or procedural question.

* It asks for objective information without value judgment.

Input Question:
"{question}

Output Requirement:

Respond with ONLY:

True — if the question is value-related.
False — if the question is not value-related.

Figure 10: Prompt for value-related question identification.




Prompt: Answer Values Evaluation.

Background:

You are an Al assistant tasked with evaluating how strongly Schwartz’s basic human values are reflected in a given personal
description. The input text is a self-description written by a person, and your goal is to infer how strongly each of the ten
Schwartz values appears in what the person expresses, implies, or emphasizes.

Schwartz’s Ten Basic Values:

"{value definition}

Scoring Scale (1-5):

1 (Contradicted) — The text denies, criticizes, or opposes this value.

2 (Absent) — The value is not mentioned, implied, or relevant in any way.

3 (Mentioned but Not Important) — The value is referenced or implied, but it is not meaningful to the person’s identity or
motivations.

4 (Present but Not Central) — The value seems to matter to the person and influences their perspective, but it is not central.

5 (Most Important) — The value is central to the person’s identity or worldview. Removing it would significantly change their
self-description.

Task:

Evaluate the following personal self-description and rate how strongly each of the ten Schwartz values is reflected in it.
Input Text:

"{text}

Output Format (STRICT):
Rate all ten values using only integers 1-5. Output ONLY in the following format:

Self-direction: [score]
Stimulation: [score]
Hedonism: [score]
Achievement: [score]
Power: [score]
Security: [score]
Conformity: [score]
Tradition: [score]
Benevolence: [score]
Universalism: [score]

Figure 11: Prompt for answer value evaluation.

Prompt: Question Information Extract for Latent Variable.

Instruction: Analyze the following question from the perspective of Schwartz’s Theory of Basic Human Values.
Value Dimensions: Consider the 10 value dimensions: Self-Direction, Stimulation, Hedonism, Achievement, Power, Security,
Conformity, Tradition, Benevolence, and Universalism.

Question: "{question}”

Figure 12: Prompt for Schwartz value-dimension analysis of question.



Prompt: Gate Function.

Background: You are a value alignment meta-evaluator. Your goal is to compare two prediction streams and decide which one
gives a more rational and reliable value-based assessment for a given question. The two streams are:

Stream 0 (Universal): Reflects common societal values and general logic.

Stream 1 (Personal): Reflects specific user traits and historical profile.

You will be given a comparison matrix evaluating both streams along key value dimensions.

Task: Choose which prediction stream (Universal vs. Personal) provides a more rational assessment for the primary value
dimensions of the question. You must output either @ (for Universal) or 1 (for Personal).

Reliability Tags:

[Reliable]: High confidence in the stream’s prediction quality and stability.

[Uncertain]: Low confidence, noisy or unstable prediction.

Input:

Question: "question”

Comparison Matrix (Scale 1-5):

Dimension Stream @ (Universal)
Stream 1 (Personal)
{comparison_table}

Scale Meaning (1-5): 1 (Contradicted): The value is strongly violated or opposed. 2 (Absent): The value is missing or ignored.
3 (Mentioned but Not Important): The value appears but is not emphasized. 4 (Present but Not Central): The value is clearly
present but not dominant. 5 (Most Important): The value is central and primary in reasoning.

Analytical Guidance:

Identify which value dimensions are primary for evaluating this question (e.g., fairness, harm, autonomy, etc.).

For each primary dimension, compare the scores of Stream 0 vs. Stream 1.

Consider: - Does Universal reasoning better match broad, widely accepted norms? - Does Personal reasoning risk
overfitting to idiosyncratic user traits? - Are there dimensions where one stream is clearly unreliable (very low scores)?
Integrate across all primary dimensions to decide which stream gives the overall more rational and trustworthy value assessment.

Output Format (STRICT): You must output only a single number with no explanation:
* Output @ if Stream 0 (Universal) provides the more rational assessment.
* Output 1 if Stream 1 (Personal) provides the more rational assessment.

Final Question: Which stream provides a more rational assessment for the primary value dimensions of this question?
Answer:

0

(or)

1

Figure 13: Prompt for gate function.



Achievement, Power, Security, Conformity, Tra-
dition, Benevolence, Universalism). For each turn:

1. Relevance classification: classify whether
the query is value-related; discard non-
relevant turns.

2. Candidate dimension identification: select
up to 5 value dimensions most pertinent to the

query.
3. Value scoring (user vs. model):

 User profile (v,): score each dimension
(1-5) from self_description.

* Chosen answer (v,,): score the model’s
chosen response across all 10 dimen-
sions.

* Unselected answers: score up to 3 un-
selected candidate responses to serve as
comparison baselines.

B.1.2 Evaluation Metrics

We compute three metrics. Since the GOOD
dataset does not contain negative samples, accu-
racy is only reported for PRISM.

e MAE (value intensity mismatch): for each
candidate dimension d, MAE; = 0% , —
v?

Yel*

¢ Spearman’s rank correlation coefficient

(Correlation): we use spearman correlation

metric: .
_ 6 Zi:1 d;

) 27)

p=1
* Accuracy: Given one positive candidate and
one or more negative candidates, this metric
measures whether the predicted alignment is
closer to the positive sample than to the neg-
ative samples. Formally, let ©,,, , denote the
predicted alignment vector, v, the alignment
vector of the positive sample, and v,, that of a
negative sample. The prediction is considered
correct if

|00 2 — Vyell < |Pu;2 — vy, |l - (28)

B.2 Baselines

We compare our method with a diverse set of base-
lines covering both non-personalized and personal-
ized value alignment paradigms. All personalized
baselines incorporate user value information at in-
ference time, while non-personalized baselines do
not utilize any user-specific value signals.

Non-personalized Baselines. These methods
generate responses without explicitly incorporating
user value profiles.

DirectAnswer directly generates responses by
conditioning the language model on the user query
and conversational context x, without considering
any user-specific value information. This baseline
represents general value alignment learned during
pretraining.

Personalized Baselines. These methods leverage
user value information to produce personalized,
value-aligned responses.

Value Prompt explicitly injects the user value
profile v, into the system prompt, steering genera-
tion toward user-aligned value expression.

MetaAligner performs meta-level alignment by
rewriting or steering generated responses toward
preferred values inferred from the user value profile
and contextual information.

COUPLE employs explicit preference modeling
and counterfactual reasoning to encourage consis-
tency between generated responses and the user
value profile.

PAD and MOD apply preference-aware decod-
ing and modulation strategies to bias token selec-
tion toward user-aligned values during inference.

ValuesRAG retrieves historical user cases with
similar scenarios and value profiles as examples to
support personalized decision-making.

PersonValue is implemented by us and com-
pares the static user value profile v,, with values
extracted from candidate responses, serving as a
static personalization baseline without scenario-
aware inference.

As many baseline methods produce answers as
their final outputs, we evaluate value alignment by
extracting value representations from the generated
responses. The specific prompts used for value
extraction are detailed in the Appendix.

B.3 Implementation Details

Backbone and Training. We adopt the Qwen3-
8B model as the backbone and fine-tune it using Q-
LoRA for parameter-efficient training. The model
is optimized with Adam using a learning rate of
5 x 1073 and a batch size of 16. Training is con-
ducted for two epochs with a fixed random seed
of 42 to ensure reproducibility. During the second
epoch, all parameters except the gating module are
frozen, allowing the training process to focus on
optimizing the o parameters.



Hyperparameters. We introduce a hyperparam-
eter A\ to weight the KL-divergence term in our
objective. \; is searched within the range [0, 1],
and the final value is selected based on validation
performance. Meanwhile, the gate coefficient « is
initialized to 0.5 to provide a balanced prior contri-
bution at the beginning of training.

B.4 Human Evaluation

In this section, we present the details of the human
evaluation. We conducted two rounds of human
evaluation: the first was to verify the effectiveness
of the evaluator used in f.,4;, and the second was to
validate the performance of our proposed method.

Evaluator Validation. We conduct a human eval-
uation to examine whether the evaluator employed
in feyal is consistent with human judgments. To
this end, we design two independent annotation set-
tings. In the first setting, annotators are provided
with a user profile derived from a survey and are
asked to label the underlying values reflected in
the profile. In the second setting, annotators are
given a question—answer pair and are asked to an-
notate the values expressed in the answer. The
evaluator-generated scores are then compared with
these human annotations. This annotation interface
is shown in Fig. 14.

As summarized in Tab. 4, the evaluator demon-
strates a high level of agreement with human judg-
ments across both settings, achieving low mean
absolute error (MAE), high Spearman correlation,
and strong agreement rates. These results are
consistent with prior findings reported in COU-
PLE (Guo et al., 2026b), indicating that large lan-
guage model-based evaluators can reliably extract
human values and serve as an effective proxy for
human evaluation.

Setting MAE Corrr Acc. (<1) Exact Match
Survey-level  0.056  0.986 100.0% 94.4%
Answer-level  0.120  0.936 98.4% 89.6%

Table 4: Agreement between the automatic evaluator
and human annotations under survey-level and answer-
level evaluation settings.

Model Performance Evaluation. The second
human evaluation is conducted to assess the ef-
fectiveness of our proposed method in predicting
context-specific personalized values. We sample
50 instances corresponding to 50 distinct survey-
derived user profiles, with each profile appearing in

exactly one instance. The complete evaluation set
is independently assessed by two human evaluators,
both of whom review all 50 samples under identi-
cal instructions. For each sample, annotators are
presented with the survey-derived user profile, the
question, the target answer, and the anonymized
value-dimension assessments produced by BaCVA
and ValuesRAG. Following the same five-level
rubric, they determine which assessment more ac-
curately reflects the values expressed in the target
answer. When both evaluators prefer the same
method, the sample is counted as a win or loss for
BaCVA; when they disagree, it is counted as a tie.
The annotation examples are shown in Tab. 5.

Annotator Details. All annotation procedures
were approved by the relevant Institutional Review
Board (IRB) and conducted in accordance with es-
tablished ethical research guidelines. Annotators
were informed about the task scope and voluntarily
consented to participate. All annotators were com-
pensated at a rate of at least $7 per hour, which sub-
stantially exceeds the prevailing local hourly wage
levels in the countries where they were employed.
The annotation tasks did not involve any personal,
private, or sensitive information. To ensure inde-
pendence and avoid potential bias, the two human
evaluation tasks were conducted with two separate
groups of annotators, with no overlap between the
annotators involved in each task. All annotators
had a background in psychology, received training
on Schwartz’s theory of basic human values, and
were proficient in English reading comprehension.

B.5 Licenses for Existing Assets

We use two existing datasets in our work: PRISM
and GOOD. More information about the source
datasets and their licenses is provided below.

* PRISM (Kirk et al., 2024): Human-written
texts (including prompts) in the PRISM
dataset are licensed under the Creative Com-
mons Attribution 4.0 International License
(CC-BY-4.0). Model responses are licensed
under the Creative Commons Attribution—
NonCommercial 4.0 International License
(CC-BY-NC-4.0). Use of model responses
must also comply with the original licenses of
the corresponding model providers.

* GOOD (P4G-derived) (Wang et al., 2019):
The GOOD dataset used in this work is de-
rived from the PersuasionForGood (P4G) cor-
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Figure 14: Human annotation interfaces used in the first human evaluation. Annotators independently label values
based on a given user profile derived from a survey or a given question—answer pair.

Question Answer

#Dims Security Conformity Benevolence Chosen

What to do if If your mum remains dead-set on her opinions, 3
remains it’s important to approach the situation with em-

mum

4.0/40 4.0/4.0 5.0/4.0 AorB

dead-set on her pathy and understanding. Here are a few sug-

opinions?

gestions: acknowledge her concerns, offer com-

promise, seek support from a nutritionist, and

encourage open communication.

Table 5: Example results of blind value dimension analysis. Scores are reported as Model A / Model B for each
value dimension, and Chosen indicates the model preferred by human annotators.

pus, which is released under the Apache Li-
cense 2.0. All derived data retain the original
license of the P4G dataset, and appropriate
attribution to the original source is required.

All source datasets used in our benchmark re-
tain their original licenses, as specified by their
respective creators.

C Additional Experiments

C.1 Hyperparameter Sensitivity Analysis

We analyze the sensitivity of BaCVA to key design
choices by conducting hyperparameter studies.

Effect of KL Weight \;. We further study the
effect of the KL-divergence weight A;, which
controls the regularization strength between the
variational posterior and the personalized prior.
Tab. 6 reports the sensitivity results on PRISM
and GOOD. Overall, a moderate KL weight im-
proves performance over removing the KL term,

Table 6: Sensitivity analysis of the KL-divergence
weight A; on PRISM and GOOD. Lower MAE is better,
while higher correlation and accuracy are better.

PRISM | GOOD
A1 MAE | Corr. T Accuracy T \ A1 MAE | Corr. 1
0 0.7848  0.672 80.26% 0 1.3064  0.718
le-2 0.7572  0.678 80.59% le-2 1.2537  0.732
3e-2  0.7548  0.696 81.68% 3e-2  1.1723 0.749
le-1 0.7344  0.703 81.39% le-1  1.1230  0.765
3e-1  0.7809  0.601 77.44% 3e-1  1.1429  0.756
1 0.9405 0.523 76.30% 1 1.3885  0.683

suggesting that the personalized prior provides use-
ful regularization. However, overly large values
of \; lead to clear degradation, as the posterior is
over-regularized toward the prior and becomes less
adaptive to the current scenario. These results show
that BaCVA is robust within a moderate range of
A1, while very strong KL regularization is harmful.



Method MAE | Corr. T Accuracy 7
RLHF 2.969 0.312 48.92%
MORLHF 1.933 0.446 53.41%
MetaAligner  1.955 0.509 69.00%
BaCVA 0.728 0.700 81.72%

Table 7: Comparison with training-time alignment meth-
ods on PRISM.

Table 8: Prompt sensitivity analysis of the universal
response estimator. Agreement is computed with the
default Origin prompt as reference.

Estimator Prompt ~ Agreement Corr. ~ Final MAE |
Origin 1.000 0.728
More Natural 0.806 0.715
Structural 0.738 0.743

C.2 Comparison with Training-Time
Alignment Methods

To further compare BaCVA with training-time
alignment methods, we include RLHF and
MORLHF as additional baselines. All methods
use the same backbone, data splits, preference sam-
ples, and input information for a controlled compar-
ison. Standard RLHF learns a unified preference
objective from the pooled preference data, whereas
MORLHEF performs multi-objective optimization
over value-related preference signals. The detailed
training configurations follow the same experimen-
tal budget used for the main baselines.

As shown in Tab. 7, BaCVA achieves the best
performance across all three metrics. Compared
with the strongest baseline for each metric, BaCVA
reduces MAE by 62.3% relative to MORLHEF,
while improving correlation by 0.191 and accuracy
by 12.72 percentage points over MetaAligner.

Effect of Prompt Designs. We further exam-
ine whether the estimation of the scenario-based
prior is sensitive to prompt formulation. Specifi-
cally, we compare three prompting strategies for
generating the universal response: Origin, which
directly answers the input question; More Natu-
ral, which encourages fluent and conversational re-
sponses; and Structural, which produces structured,
point-by-point narratives. As shown in Tab. 8, al-
though different prompts lead to moderate varia-
tions in inter-prompt agreement, the final down-
stream MAE remains stable across prompt designs.
Notably, the more natural prompt even slightly im-
proves MAE from 0.728 to 0.715, while the struc-

Table 9: Additional results on AlignX. Best results are
in bold.

Method MAE | Corr 1 Acc 1

Value Prompt ~ 2.682 0.297  61.96%
COUPLE 2.577 0.356  59.89%
MOD 2.406 0.544  64.26%
MetaAligner 2.442 0370  61.29%
PAD 2.535 0.348  60.07%
ValuesRAG 2.184 0.587  64.40%
BaCVA 1.872 0.683 68.92%

tural prompt only introduces a minor degradation
to 0.743. These results indicate that our estima-
tor does not rely on a specific response style, and
the extracted scenario-based prior remains robust
under different prompt formulations.

Additional Evaluation on AlignX. To further
address the concern regarding dataset sufficiency,
we conduct additional experiments on a third
dataset, AlignX (Li et al., 2025a). AlignX pro-
vides diverse contextual scenarios, allowing us to
evaluate the effectiveness of different methods be-
yond the original evaluation datasets. As shown in
Tab. 9, BaCVA consistently outperforms all base-
lines on AlignX, achieving the lowest MAE and
the highest correlation and accuracy. Compared
with the strongest baseline, ValuesRAG, BaCVA
reduces MAE from 2.184 to 1.872, improves corre-
lation from 0.587 to 0.683, and increases accuracy
from 64.40% to 68.92%. These results further con-
firm the effectiveness of BaCVA on an additional
dataset and strengthen the empirical support for our
method.

Robustness across Value Systems We further
evaluate BaCVA on PRISM under an alternative
value representation based on the five-dimensional
Moral Foundations taxonomy. Compared with the
strongest baseline, ValuesRAG, our method consis-
tently achieves performance improvements across
evaluation metrics. This consistent gain demon-
strates that BaCVA effectively generalizes across
different value systems and is capable of robustly
modeling personalized alignment signals beyond a
specific value taxonomy.

Application to Fine-Grained Value Dimensions.
To further examine whether BaCVA is limited by
the granularity of the underlying value taxonomy,
we conduct an additional experiment on PRISM
using the value system from the Daily-Dilemma
dataset (Chiu et al., 2024), which contains 301 fine-
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Figure 15: Hyperparameter analysis on universal-
response model selection and value-system generaliza-
tion.

Table 10: Results on PRISM under the fine-grained
value system from Daily-Dilemma.

Method MAE | Corr.T Accuracy t
PersonValue 1.325 0.109 55.74%
ValuesRAG 0.717 0.167 62.63%
BaCVA 0.365 0.471 78.69 %

grained value dimensions, such as trust, fairness,
and patience. This setting directly tests whether the
proposed framework can capture more contextual
and nuanced value signals beyond coarse-grained
taxonomies.

As shown in Tab. 10, BaCVA substantially out-
performs both PersonValue and ValuesRAG un-
der the fine-grained value system. These results
suggest that BaCVA is not constrained to a fixed
coarse-grained taxonomy, but can also adapt to
more detailed value dimensions and better cap-
ture contextual nuances in personalized value align-
ment.

C.3 Cluster-level adaptability analysis

Tab. 11 compares BaCVA with two prior-only vari-
ants, where Prior-v,, uses only the static user value
prior and Prior-v, uses only the scenario-level
value prior. Across all five major clusters, BaCVA
consistently achieves the lowest MAE, indicating
that its posterior value estimation can adapt to di-
verse contextual topics rather than relying on either
user- or scenario-level priors alone.

C.4 Case Study

We conduct a case study on the PRISM dataset
to qualitatively examine whether our model can
achieve both scenario alignment and personaliza-
tion alignment. As illustrated in Fig. 16, our model
is able to generate responses that are consistent
with individual user preferences while simultane-
ously adapting to different contextual scenarios.

Cluster / Topic Main Value Dims. Prior-v, MAE | Prior-v. MAE | BaCVA MAE |

C1/ Social Values Self-Dir., Benev. 1.539 1.986 0.777
C2/Life Advice Self-Direction 1.536 2.205 0.741
C3 / Politics/Civic Power, Achievement 2.367 2.106 1.158
C4 / Religion/Tradition Security, Tradition 1.887 2.100 0.774
C5 / Relationships Benevolence, Security 1.380 1.890 0.672

Table 11: Cluster-level adaptability analysis on PRISM.

Case Group 1: Scenario-driven alignment

3 X v v Ours v/

User Details: Numerical Comparison:

User: user§0 =1 X
Value Dimension: Universalism v =5 v
Question: [Label =5
“I do not care about politics, but I still want to choose the best world S " pas
leaders. What should I do?” EEEEl()ieror =40 X
Bascline (v,): error=0.0 +/
AnswerSummary: . . Ours: error = 0.0 4
Focus on leadership qualities, concrete actions, and policies rather
than political ions; emphasize rational judgment, inclusiveness,
and public interest.
Case Group 2: Profile-driven alignment
u v X Oursv/
User: userl37 Numerical Comparison:
Value Dimension: Benevolence B =5 4
Question: =2 x

[Label =5

Baseline (1,): error=0.0
Baseline (v,): error=3.0 X
Ours: error = 0.0 v

“Can you talk about the child marriage in Africa?”

Answer Summary:

Discuss the prevalence of child marriage in parts of Aftica,
linking it to poverty and traditional, and emphasizing children’s
rights and humanitarian concern.

Figure 16: Case study on the PRISM dataset. The pro-
posed model generates responses that are aligned with
both user-specific preferences and contextual scenarios,
demonstrating its ability to achieve Contextualized Per-
sonalization Alignment.

This demonstrates that the proposed approach ef-
fectively integrates contextual understanding with
personalized modeling, achieving Contextualized
Personalization Alignment.

C.5 Downstream detail analysis

Framework Formulation. We extend the two-
stage BaCVA framework by coupling contextual
value inference with response generation. Follow-
ing the standard notation, each training instance
consists of a user u, a question x, a user profile v,,,
question-level universal values v, and question-
specific personalized values v, .. The dataset
is augmented with preference triples (x, yc, yr),
where y. and y, denote the human-preferred and
dispreferred responses, respectively. In the base-
line Two-stage BaCVA, the inferrer predicts v,
via dual-stream gating, and a decoupled genera-
tor subsequently conditions on a discrete text de-
scription of ¥, ;. In our proposed BaCVA-E2E,
we interface these modules via continuous soft
prompts. A linear projector maps the inferred
vector V,» € [1,5]10 to k prefix embeddings
e, € R**4 which are prepended to the token em-
beddings of [z, y]. The joint training objective is
formulated as Lgg = Lvatue + ALgen, Where Lyaiue



is the masked value-regression loss from the vanilla
BaCVA, and Ly, is the preference alignment loss.
This continuous path enables response-quality feed-
back to backpropagate directly into the inferrer.

Preference Alignment Loss. Conditioned on
the soft prompts e,,, we optimize the generator gy
using a DPO-style objective with multi-line align-
ment:

£gen = _E(az,yc,yy-) |:10g G(B[A IOg 71-(yc)_

Alogﬂ(yr)])},
(29)

where the likelihood margin for response y €
{Ye,yr} is defined as:

mo(y | €y, )
7"’ref(y ‘ evax).
and [ scales the preference margin. Likelihood
computations are restricted to answer tokens, mask-
ing out prefix and question tokens. We set the ref-
erence policy log e = 0, A = 1.0, and § = 0.1
across all experiments.

Conditioning Protocol. During training, value
vectors are injected as continuous soft prompts
(k = 8) prepended to the LM input, and the gen-
erator is fine-tuned via LoRA. Conversely, dur-
ing inference, to isolate the performance gains at-
tributable to improved value inference rather than
a modified decoding interface, BaCVA-E2E adopts
the exact same discrete text prompting as the
two-stage baseline. The E2E-trained inferrer out-
puts Vv, », which is converted into natural language
value levels and inserted into the system prompt
(e.g., Achievement: high (4.2)). The E2E gener-
ator LoORA weights are disabled at test time, and
preprocessing follows the stage-1 implementation.

Dataset and Preprocessing. We utilize the
PRISM dataset (Kirk et al., 2024) with an 80/20
user-level train/test split (using random seed 42),
resulting in a test set of N = 420. The ground-
truth vector v, is derived directly from the 10-
dimensional annotation of the human-chosen an-
SWer.

Evaluation Metrics. To comprehensively assess
our framework, we evaluate performance across
three metrics, each computed exclusively over the
answer-specific active dimensions:

Alogm(y) = log (30)

* MAE: Quantifies the absolute intensity mis-
match between the predicted @5@ and ground-
truth vgc across relevant dimensions, formu-

_ ~d d
lated as MAE = Eq4[|0y, , — vy, [].

» Spearman’s p: Measures the rank correlation
between v, , and v, pooled across the entire
test set to capture ordinal consistency.

* Accuracy (Pairwise Ranking): Evaluates
whether the predicted vector is closer to the
chosen response than the rejected alternative
in terms of L, distance, defined as ||V, , —
V|1 < |[Vu,z — Vy,||1. Ties are scored as
0.5.

Baseline Configurations. We compare our
proposed framework against two major cate-
gories of alignment methods, all sharing the
same backbone LM and utilizing greedy decoding
(max_new_tokens = 256). The first category con-
sists of non-personalized baselines, represented
by DirectAnswer, which generates responses di-
rectly from the user query without any value condi-
tioning. The second category comprises personal-
ized baselines, including:

* ValuePrompt, which hard-codes the static
user profile into the system prompt;

* COUPLE, which leverages counterfactual
prompting to highlight conflicts between v,
and v,;

* MetaAligner, which employs a critique-and-
rewrite mechanism to align a draft response
with user values;

* PAD and MOD, which implement contrastive
decoding via token-level logit manipulation;

* ValuesRAG, which augments the generation
context with few-shot exemplars retrieved
from historically similar profiles.

Hyperparameters and Ablations. The com-
plete hyperparameter configuration for training
BaCVA-E2E is detailed in Tab. 12. For ablation
analysis, we maintain the identical pipeline but
evaluate under two restricted settings: w/o gra-
dient to inferrer, where v, ;, is detached before
soft-prompt projection to isolate decoupled train-
ing behavior, and w/o Ly4., which completely
removes the explicit value-regression constraints
on the inferrer submodule.

Tab. 13 presents the performance of BaCVA-
E2E and its ablation variants on the PRISM test
set. The results show that both gradient feedback



Component Setting

Backbone LM Qwen3-1.7B (bfloat16)

BaCVA Submodule LoRA (r=16, a=32), warm-
started

Generator Module Attention  Projection LoRA
(r=16, a=32)

Soft Prompts k=8 tokens, Linear Projector +
LayerNorm

Optimizer AdamW (weight decay = 0.01)

Learning Rate 5x107° (Inferrer); 2x107*

(Generator + Projector)

3 epochs, batch size 1, gradient
accumulation 8

Loss Scalers (X, 3) 1.0, 0.1

Seed 42

Training Layout

Table 12: Hyperparameter settings for BaCVA-E2E
training.

Method MAE | Acc?T Spearman T
Proposed Framework
BaCVA (Two-stage) 0.3835 0.7975 0.4782
BaCVA-E2E 0.3776  0.7996 0.4812
Ablations
w/o grad. to inferrer  0.3853  0.7957 0.4794
w/0 Lyalue 0.3841 0.7258 0.4757

Table 13: Ablation results on the PRISM test set (N =
420).

to the value inferrer and the value supervision ob-
jective contribute positively to the final alignment
performance.

Qualitative Case Studies. Fig. 17 presents two
cases where the situational value Vv, , diverges
from the static profile v,. In Case A, Value-
Prompt frames the response around the user’s
self-direction-dominant v,,, missing the empathetic
tone the situation requires; BaCVA-E2E correctly
infers a Benevolence-dominant v,, , and responds
accordingly. In Case B, PAD anchors advice to the
user’s Conformity-dominant v,, and treats the situ-
ation as a discipline problem; BaCVA-E2E infers
that the family context elevates Benevolence and
produces empathy-first guidance instead.

C.6 Cross-Extractor Evaluation

The main experiments use GPT-5-nano to construct
both training and test value targets. Although its
agreement with human annotations is validated in
Appendix B.4, using the same extractor through-
out the pipeline may introduce extractor-specific
evaluation bias. We therefore evaluate whether
BaCVA’s improvements transfer to independently
constructed value targets from different model fam-
ilies.

Workplace
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5
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ValuePrompt BaCVA-E2E

"Here's how to approach the conversation aligned
with your value profile: 1. Self-Direction (5.0): Y
ou want to take initiative — you're not afraid to s
peak up. 2. Stimulation (4.0): You're looking for
ways to improve the situation, a natural desire for
growth. 3. Achievement (5.0): You want to help y
our co-worker succeed — a strong motivator. Po
wer (2.0): You may not prioritize authority..."

"It's important to approach this with care and respe
ct. Your value profile emphasizes Benevolence —
you care deeply about others and want to support t
hem. Step 1: Reflect on specific performance issue
s and their impact on your co-worker's well-being.
Step 2: Choose a private, low-pressure setting. Ex
press concern, not criticism. Step 3: Listen activel
y and make space for their perspective..."
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"I want to offer guidance that aligns with your val
ue profile, which emphasizes Security (4.0) and

Conformity (5.0). These values suggest a strong p
reference for stability, safety, and adherence to tra
ditions. Here's advice grounded in those values: e

"I'm really sorry to hear about your nephew. Start
with empathy — let him know you care and want
to help. Avoid judgment. Ask open-ended questio
ns: 'How are you feeling? What's going on?' Be fi
rm but kind: show you care without being pushy.

stablish clear expectations for behavior, reinforce
family norms and traditions, and ensure his envir
onment aligns with community standards..."

E positive rel by t
he benefits of healthier friendships..."
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Figure 17: Qualitative comparison of BaCVA-E2E
against representative baselines on two PRISM test in-
stances where the situational value v, , diverges from
the static user profile v,,.

Extractor Profile MAE |  Profile Corr. T Answer MAE |  Answer Corr. T
GPT-5-nano 0.056 0.986 0.120 0.936
Gemini-3-Flash 0.172 0.930 0.166 0.880
Qwen3-235B-A22B 0.164 0.932 0.171 0.878

Table 14: Human validation of value extractors.

Human Validation of Value Extractors We
first compare GPT-5-nano, Gemini-3-Flash, and
Qwen3-235B-A22B against the same human-
annotated value assessments. As shown in Tab. 14,
all three extractors achieve strong agreement with
human annotations at both the profile and answer
levels.

Evaluation with Mismatched Training and Test
Extractors We retain GPT-5-nano targets for
training, but independently reconstruct the test
targets using Gemini-3-Flash and Qwen3-235B-
A22B. Neither test extractor is used during training
or scenario-prior construction. For each extractor,
the values of both preferred and dispreferred test re-
sponses are reconstructed before computing MAE,
correlation, and pairwise ranking accuracy.

As shown in Tab. 15, BaCVA consistently out-
performs ValuesRAG under both matched and mis-



Training Extractor Test Extractor Method MAE | Corr. T Accuracy 1
GPT-5-nano GPT-5-nano ValuesRAG  0.952 0.638 71.68%
GPT-5-nano GPT-5-nano BaCVA 0.728 0.700 81.72%
GPT-5-nano Gemini-3-Flash ValuesRAG  1.052 0.605 69.02%
GPT-5-nano Gemini-3-Flash BaCVA 0.826 0.665 78.55%
GPT-5-nano Qwen3-235B-A22B  ValuesRAG  1.066 0.598 68.37%
GPT-5-nano Qwen3-235B-A22B  BaCVA 0.842 0.657 77.96 %

Table 15: Cross-extractor evaluation with mismatched training and test value targets.

matched evaluation. Across the two mismatched
settings, BaCVA reduces MAE by 21.2% on av-
erage and improves accuracy by 9.56 percent-
age points over ValuesRAG, while also achieving
higher correlation.

C.7 Robustness across Scenario-Prior
Estimators

To evaluate whether BaCVA depends on a par-
ticular model for constructing the scenario prior
v, we compare three aligned LLMs from differ-
ent model families: GPT-5-nano, Gemini-3-Flash,
and Qwen3-235B-A22B. These models are used as
operational proxies for population-level scenario
salience rather than definitive representations of
universal human values.

We measure the consistency of the extracted sce-
nario priors using within-one agreement. For each
question and value dimension, two estimators are
considered consistent when their scores differ by
at most one point on the 1-5 scale. The agreement
reported for each estimator is its average pairwise
agreement with the other two estimators over the
same PRISM questions.

As shown in Tab. 16, the three estimators achieve
an average within-one agreement of 89.15%. The
downstream PRISM MAE has a standard deviation
of only 0.027, indicating that BACVA maintains
stable absolute-error performance across different
scenario-prior estimators, although some variation
remains in correlation and pairwise accuracy.

C.8 Generalization across Alignment
Backbones

To evaluate whether the improvements of BaCVA
generalize beyond the default Qwen3-8B backbone,
we additionally implement BaCVA and representa-
tive personalized baselines using Llama3-8B. All
methods use the same datasets, data splits, value
extractor, input information, and baseline configu-
rations.

As shown in Tab. 17, BaCVA consistently out-
performs ValuePrompt and ValuesRAG under both
backbone models. With Llama3-8B, BaCVA re-
duces MAE by 37.9%, improves correlation by
0.125, and increases accuracy by 19.06 percent-
age points relative to ValuesRAG. These results
support the generalizability of BaCVA across align-
ment backbone families.

C.9 Profile-~Answer Conflict Analysis

To examine when contextual value inference is
most beneficial, we measure the conflict between
the global user profile v, and the values expressed
in the preferred answer v,,.. For each sample, the
profile—answer distance is computed as

1 D
dconﬂict = 5 Z
j=1

o) — v

;@D

where D is the number of value dimensions. We
divide the PRISM test samples into low-, medium-,
and high-conflict subsets according to this distance.

As shown in Tab. 18, the performance gap be-
tween BaCVA and profile-based methods becomes
more pronounced as profile—answer conflict in-
creases. On the high-conflict subset, BaCVA re-
duces MAE by 17.8% relative to ValuesRAG. Its
absolute improvement over ValuesRAG is also
larger in the medium- and high-conflict subsets
than in the low-conflict subset, indicating that ex-
plicit contextual value inference is particularly use-
ful when answer-level values diverge from the
global user profile.

C.10 General-Purpose Capabilities

To assess whether personalized value-alignment
training degrades capabilities outside the target
task, we evaluate the original Qwen3-8B back-
bone and BaCVA on four general-purpose bench-
marks: BoolQ, ARC-Easy, HellaSwag, and Wino-
Grande (Clark et al., 2019, 2018; Zellers et al.,



Scenario-Prior Estimator Prior Agreement 1 MAE | Corr. 1 Accuracy 1
GPT-5-nano 90.20% 0.728 0.700 81.72%
Gemini-3-Flash 89.89% 0.792 0.667 80.47%
Qwen3-235B-A22B 87.35% 0.749 0.746 79.81%

Mean =+ Std. 89.15% + 1.28%

0.756 £ 0.027 0.704 £ 0.032 80.67% =+ 0.79%

Table 16: Robustness to the model used for constructing the scenario prior on PRISM. Prior agreement denotes
average pairwise within-one agreement on the 1-5 value scale.

Backbone Method MAE | Corr. 1T Accuracy 1
ValuePrompt 1.790  0.568 72.95%

Qwen3-8B  ValuessRAG  0.952  0.638 71.68%
BaCVA 0.728  0.700 81.72%
ValuePrompt 2.969  0.312 42.29%

Llama3-8B ValuesRAG 1.524  0.369 63.02%
BaCVA 0.947  0.494 82.08 %

Table 17: Personalized value alignment results across
backbone models on PRISM.

Conflict Level #Samples ValuePrompt ValuesRAG BaCVA
Low 136 1.471 0.801 0.640
Medium 149 1.705 0.899  0.678
High 135 2.059 1.163 0.956

Table 18: MAE on PRISM under different degrees of
profile—answer conflict.

2019; Sakaguchi et al., 2021). These benchmarks
cover reading comprehension, science reasoning,
commonsense completion, and commonsense rea-
soning.

As shown in Tab. 19, BaCVA maintains perfor-
mance comparable to the original backbone across
all four benchmarks. Its average performance is
78.74%, compared with 77.69% for the original
backbone, indicating that BaCVA training does not
substantially degrade general-purpose capabilities.

Benchmark Backbone BaCVA
BoolQ 86.70% 86.45%
ARC-Easy 81.06% 83.59%
HellaSwag 74.96%  76.87%
WinoGrande 68.03% 68.03%
Average 77.69%  78.74%

Table 19: General-purpose performance of the original
Qwen3-8B backbone and BaCVA after personalized
value-alignment training.

C.11 Comparison with Explicit Stochastic
Approximation

To examine the accuracy—efficiency trade-off of the
practical posterior implementation, we compare
BaCVA with an explicit stochastic approximation
that draws 10 Monte Carlo samples for each input.
The two implementations use the same backbone,
test set, and evaluation protocol.

As shown in Tab. 20, the amortized implementa-
tion reduces MAE by 7.4%, improves correlation
by 0.021, and increases accuracy by 3.97 percent-
age points relative to the 10-sample Monte Carlo
approximation. Its inference latency is 7.3% higher
but remains comparable under the same evaluation
setting. These results support the use of determin-
istic amortized inference as a practical approxima-
tion rather than exact stochastic posterior computa-
tion.

Implementation MAE | Corr. T Accuracy T Time |
10-sample Monte Carlo  0.786 0.679 77.75% 148.0 ms
Amortized BaCVA 0.728  0.700 81.72% 158.8 ms

Table 20: Accuracy—efficiency comparison of posterior
implementations on PRISM. Inference time is reported
per sample.

D Generative Assistance

Generative Al tools were used to assist with lan-
guage polishing and improving the clarity of pre-
sentation in this paper. All technical content, ex-
perimental design, results, and conclusions were
developed and verified by the authors.
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