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Abstract

Value-aware AI systems require explicit computational rep-
resentations of human values (groundings) and their aggre-
gation into value systems in order to align their decisions
with ours. As such representations are difficult to elicit, value
learning seeks to infer them by observing human behaviour.
This work addresses the lack of grounded value learning
methods in generative AI: existing approaches typically repli-
cate human preferences without awareness of the multidi-
mensional structure of value alignment, or lack principled
value system elicitation methods. To address these gaps, we
adapt a previously validated value system learning method to
the generative AI setting, which, based on pairwise prompt-
response preference data, simultaneously learns: i) an im-
plementation of a grounding for a set of values given by a
multi-objective reward model, and ii) a value system repre-
sentation in the form of a weighted linear scalarization of the
previous grounding model. To ensure that the learned value
systems are based on coherent value representations, our al-
gorithm dynamically prioritizes the grounding learning pro-
cess. We evaluate the method against baselines and a contem-
porary method on prompt-response preference datasets. Re-
sults show competitive performance and minimal trade-offs
against the baselines, while improving explainability.

1 Introduction
Aligning AI systems with human intentions has long
been recognized as a central challenge in artificial in-
telligence (Anderson, Anderson, and Armen 2006). With
the widespread deployment of generative AI models –
predominantly Large Language Models (LLMs)– the need
for reliable mechanisms to steer their behaviour has be-
come increasingly pressing. The dominant paradigm for this
purpose is Reinforcement Learning from Human Feedback
(RLHF) (Christiano et al. 2017), which aligns a genera-
tive model with human preferences by (i) learning a reward
model that estimates the alignment of its generations with
human desires, and (ii) fine-tuning the generative model to
maximize this reward using reinforcement learning.

A fundamental limitation of this approach is its inability
to recognise the pluralistic nature of alignment (Sorensen
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Figure 1: Diagram of the proposed value system learning
solution. Based on pairwise preference data reflecting value
alignment with multiple human values and the value-based
preferences of multiple agents, we learn both a grounding
for these values implemented by a multi-objective reward
model and a linear value system representation in the form
of linear scalarization weights.

et al. 2024), i.e. they do not decompose the value align-
ment (Russell 2022) of actions in terms of different hu-
man values. The field of value awareness engineering ar-
gues that AI systems should explicitly represent both values
and the value-based preferences of agents (here called value
systems) in order to be able to reason about them (Montes
et al. 2023). With regard to values, the manual design of
value representations is difficult and prone to misspecifi-
cation (Sumers et al. 2022), especially if these representa-
tions are based on reward models (Hadfield-Menell et al.
2017). As an alternative, authors have proposed value learn-
ing (Soares 2018) as a means to acquire value representa-
tions –hereafter, groundings (Holgado-Sánchez et al. 2026)–
automatically from stated preferences or demonstrations of
behaviour. This idea has been explored in some decision-
making contexts, where utility or reward functions represent
morally relevant concepts and are subsequently used as de-
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cision objectives (Reddy et al. 2020; Rodrı́guez-Soto et al.
2026).

Following this idea, some works in the generative AI
domain (e.g. (Dong et al. 2023; Wang et al. 2024a,
2025)) model alignment with multiple values using indepen-
dent reward functions, employing a multi-objective align-
ment (Vamplew et al. 2018) framework. With regard to mod-
elling the value systems of users, in those works it is as-
sumed that users explicitly state their value systems directly
(in the form of value weights or constraints). However, there
is evidence that users are often unable to communicate their
value system reliably (Siebert et al. 2022). Other methods
approximate a Pareto frontier of aligned models for users to
choose from (Zhou et al. 2024; Gupta et al. 2025), avoiding
directly asking for the users’ value systems. However, this
approach incurs in additional computational effort and user
interactions. Finally, there are approaches that infer value
systems from user data. Still, they tend to propose latent (Li
et al. 2025) or opaque value system representations (Wang
et al. 2024b) that have limited interpretability in terms of
objectives/values.

To address these shortcomings, we propose a method for
learning an approximation of a complete value system rep-
resentation suited for preference modelling in generative AI
applications, by means of a multi-objective decision mak-
ing framework. Specifically, we learn a grounding of value
labels implemented using reward models, and approximate
value systems as weighted linear scalarizations over the pre-
vious value representations. Our algorithm jointly learns
both representations from prompt–response preference pairs
expressed in terms of the alignment of each response with
each value, as well as of the alignment with the value system
of a user, as illustrated in Figure 1. Notably, our optimization
dynamically prioritizes the grounding learning process over
the value system one, as careful value recognition is a pre-
condition for value system estimation (Liscio et al. 2023).

This paper is organized as follows. In Section 2 we survey
related works. In Section 3.2 we propose our value align-
ment and value system representation approach for genera-
tive AI models. In Section 4 we formalize our value system
learning problem, and propose a theoretically sound algo-
rithm that approximates a solution to it. Lastly, in Section 5,
we evaluate our proposal and in Section 6 we provide con-
clusions, limitations and avenues for future work.

2 Related Works
2.1 Values in Generative AI
Recent work on AI alignment acknowledges that users de-
mand different behavioural properties from generative AI
assistants. Two principles arise as the most studied, namely
helpfulness and harmlessness/safety (Bai et al. 2022b).
Lately, other principles or goals such as coherence (Wang
et al. 2024c), objectivity (Ji et al. 2024), honesty (Cui et al.
2023), or even humor (Köpf et al. 2023) have been ex-
plored and aligned for. These have often been considered
as alignment targets or subgoals that describe different di-
mensions of the task of aligning assistant AI models with
human values (Dognin et al. 2025; Kirk et al. 2024). These

alignment targets can be interpreted as domain-dependent
“concepts” that realize broader human values (Osman and
d’Inverno 2024). For instance, the helpfulness of a model
may be considered a particularization of the more abstract
value of achievement (Schwartz 1992), i.e. the value that
fosters the pursuit of personal goals and aims.

2.2 Alignment With Given Value Systems
Authors typically introduce alignment targets/attributes/cri-
teria (hereafter also referred to simply as values)1 with the
explicit goal of steering the behaviour of LLMs towards dif-
ferent value-based preferences, or value systems (Serramia
et al. 2018), specified by the user. In this process, most
methods learn or rely on an existing computable representa-
tion of the values, i.e. a grounding (Holgado-Sánchez et al.
2026), that measures the alignment or misalignment of re-
sponses with the values considered. This grounding notion
is to some extent inherent in recent large language mod-
els (LLMs) and can be extracted using careful prompting
strategies (Adams et al. 2025). However, for novel appli-
cation contexts or previously unexplored values, it is gen-
erally necessary to train grounding models (normally using
reward models) from human or AI annotations (Bai et al.
2022a). These value-alignment rewards can then be used
to fine-tune a response generator (LLM-based), for instance
through RLHF (Christiano et al. 2017).

Notable examples follow the previous paradigm. In (Dong
et al. 2023), the authors learn a multi-attribute reward model
that estimates the degree of alignment of prompt–response
pairs with multiple values or attributes. They then fine-
tune LLMs through supervised fine-tuning (SFT) to gener-
ate responses that adhere to user-specified desired alignment
levels over these attributes. Similarly, (Wang et al. 2024a)
learn a multi-objective reward model via linear regression
on quantified value-annotated examples, and subsequently
train an LLM to combine these value-specific rewards ac-
cording to given reward weightings. Other approaches aim
to control the trade-offs between alignment with different
values, such as Controllable DPO (Guo et al. 2024) and
MAP (Wang et al. 2025), by enforcing manually specified
value-alignment constraints. Finally, some authors focus on
obtaining a Pareto front of LLMs aligned for multiple value
combinations (Yang et al. 2024; Gupta et al. 2025). These
approaches, however, may expend computational resources
on approaching regions of the Pareto front that are ultimately
undesirable for the user.

2.3 Estimating Value Systems
The previous works proposed value-steerable models that
learn value representations (groundings), however, to ad-
equately steer their models according to particular users,
they expect them to convey their preferences in the form re-
quired by their respective architectures (e.g. weights). How-

1To simplify the reading, we will refer to all alignment targets or
related goals (such as helpfulness) as full-fledged “values”, assum-
ing they have already been identified as relevant alignment targets
in the application context considered; see value identification (Lis-
cio et al. 2021).
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ever, eliciting the value system of a user in terms of context-
dependent values, is, in general, a hard problem that has re-
ceived the name of value system estimation (Siebert et al.
2022; Liscio et al. 2023). Classical solutions for this problem
include surveys (Schwartz 1992) and participatory design
methodologies (Ziegfeld et al. 2025). However, it has been
shown that value systems elicited in surveys may change de-
pending on the task the user is trying to perform (Kirk et al.
2024), which makes translating these value system estima-
tions into actionable model behaviour a challenging task.

Therefore, authors tend to learn value system representa-
tions directly from application-oriented data. For example, if
a set of models aligned with known value system representa-
tions is available, selecting an appropriate model by asking
an user to judge responses generated by each model is a nat-
ural approach to indirectly estimate her value system (Ramé
et al. 2023; Gupta et al. 2025), albeit a costly one. A more
scalable solution is proposed by Wang et al. (Wang et al.
2024b), who learn value-specific reward models and infer
prompt-dependent value system representations in the form
of scalarization weights via a dedicated deep neural network.
While effective, this design lacks interpretability, as the rela-
tionship between prompt features and the inferred value sys-
tem weights is not directly traceable. Relatedly, works such
as LoRe (Bose et al. 2025) and PAL (Chen et al. 2025) learn
latent preference embeddings to efficiently capture personal
user preferences (i.e. value systems), but the dimensions of
these embeddings do not directly correspond to identifiable
values. Unlike these approaches, our method aims to learn
a transparent value system representation based on repre-
sented values, which allows an agent to reason explicitly on
the values and how they combine into a value system.

3 Value Alignment in Generative AI
Following common practice, we model the generative task
of any given generative model (e.g. LLM) as a contextual
bandit problem (Tennant, Hailes, and Musolesi 2025) (or
MDP, in general), where there is a set of states or instruc-
tions (from those of a possibly infinite set S, e.g. prompts)
for which different actions (from a set A, e.g. responses) can
be generated or selected. The model is described by a pol-
icy π(a | s) that outputs the most appropriate action a ∈ A
given a state s ∈ S. We define the pair τ = (s, a) as a gen-
eration and the set of generations as T ⊂ S ×A.

We assume that appropriateness of a generation τ =
(s, a) can be modelled through a quantitative reward func-
tion (or reward model in the generative AI jargon) R(s, a).
Such reward model can be learned from datasets of human
annotated examples of preferences (Christiano et al. 2017)
or, directly, from scored outputs to example user inputs (Cui
et al. 2023). The goal of a model π that is aware of this
reward model is to generate actions that maximize the ex-
pected reward.

In the following, we will be interested in measuring and
learning the appropriateness of generations solely in terms
of their alignment with human values and, based on that,
their appropriateness in terms of the value systems of partic-
ular agents, using several reward models. In this paper, we
leave out of scope the fine-tuning process of policies with

these reward models, that may be carried out using existing
methods such as RLHF (Christiano et al. 2017; Bai et al.
2022b).

3.1 Representing Value Alignment
To properly introduce our reward learning objectives, we
will adopt the theoretical value alignment representation as-
sumptions previously proposed in (Holgado-Sánchez et al.
2025) and adapt these to the generative AI context.

Definition 1 (Value Alignment) The alignment of a set of
generations T with a value vi (in general, the alignment
preferences with vi) is represented by a weak order ≼vi over
T , where τ ≼vi τ ′ means that the generation τ ′ is at least
as aligned with value vi as τ .

Then, to jointly specify the alignment with a set of values,
we formalize the notion of grounding.

Definition 2 (Grounding) A grounding of the set of values
V is a set of weak orders ≼V = {≼vi

}mi=1.

To facilitate the computational representation of these
value alignment preferences, we propose approximating
them using separate utility models for different values. This
view has been paramount in works that model human/moral
values in general (Rodrı́guez-Soto et al. 2022; Serramia et al.
2018; Montes and Sierra 2022; Karanik et al. 2024). Thus,
we propose a value alignment function, Avi , that quantifies
the value alignment of a generation with a value vi ∈ V ,
i.e. that represents the relation ≼vi : i.e., for all τ, τ ′ ∈ T :
τ ≼vi

τ ′ ⇐⇒ Avi
(τ) ≤ Avi

(τ ′).
In the generative AI setting, an alignment function

can be directly implemented through a reward model:
Rvi

(τ) ≡ Avi
(τ). Thus, gathering alignment functions

for each preference relation, we can represent a grounding
≼V with a multi-objective reward model, or reward vec-
tor RRR(s, a) such that RRR(τ) = (Rv1(τ), . . . , Rvm(τ)) ≡
(Av1(τ), . . . ,Avm(τ)). Given a reward vector, we define the
particular grounding that it implements as ≼RRR= {≼Rvi

}mi=1,
i.e. τ ≼Rvi

τ ′ ⇐⇒ Rvi
(τ) ≤ Rvi

(τ ′). In occasions, we
will refer to this reward vector also as the grounding func-
tion/model to emphasize its role as the implementation of a
grounding.

Importantly, our reward functions do not aim to capture
the whole meaning of the given values, rather, we are esti-
mating the alignment of actions with these value based on
the proposed multi-objective model.

3.2 Representing Value Systems
A value system expresses the general importance assigned
to each value by a certain person or group (in general, an
“agent”) in a specific context. Given a grounding, it repre-
sents the individual (value-based) preferences over genera-
tions of an agent.

Definition 3 (Value system) The value system of an agent
j, based on a grounding ≼V , is determined by a weak order
≼j

V over T . If τ ≼j
V τ ′, we say that τ is equally or more

aligned than τ with j’s value system.
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The idea is that the value system preferences of an agent
are based on the individual value preferences. Following
other works in the field (Serramia et al. 2018; Rodrı́guez-
Soto et al. 2026), we assume that the value system of an
agent can be approximated by a linear combination of the
alignment of a generation with the values. Thus, our value
system model is welfarist utilitarian (Sinnott-Armstrong
2023), i.e. values are conceived as different sources of good,
and each agent’s value system weighs their relative impor-
tance.

Definition 4 (Value System Function) Let j be an agent
with a value system ≼j

V and a grounding represented
by a reward vector RRR. The function AWj ,RRR(τ) = Wj ·
(Rv1(τ), . . . , Rvm(τ))T is a value system function for j if
it represents ≼j

V over T , i.e., for all τ, τ ′ ∈ T :

AWj ,RRR(τ) ≤ AWj ,RRR(τ
′) ⇐⇒ τ ≼j

V τ ′

where Wj = (wv1
j , . . . , wvm

j ) are called value system
weights. These are bounded in the unit (m − 1)-simplex2:
Wj ∈ ∆m−1, i.e. Wj ∈ (0, 1)

m,
∑m

i=1 w
vi
j = 1.

We can interpret the previous definition as having a value
system reward for each agent that is a linear scalariza-
tion (Van Moffaert, Drugan, and Nowé 2013) of the multi-
objective reward vector RRR with weights Wj :

Rj(τ) = Wj ·RRR(τ)T

Finally, we denote the value system implemented through
the value system alignment function AWj ,RRR (with weights
Wj and reward vector RRR) by ≼Wj

RRR , i.e. τ ≼Wj

RRR τ ′ ⇐⇒
Wj ·RRR(τ) ≤Wj ·RRR(τ ′).

We emphasize that our value system representation is a
mere approximation of the true value systems of agents,
which might be much more complex and context-dependent.
We chose a linear representation that eases the interpretabil-
ity of our model.

4 Learning Value Systems
In this section, we present our proposal: a model and algo-
rithm for learning simultaneously a reward vector RRR and a
weight vector W , which approximate a grounding of the
values considered and the value system of a certain agent,
respectively. Our learning approach relies on a dataset of an-
notated preferences for both, values and the value system of
an agent.

2As we treat values as sources of good, we do not consider value
systems that willingly demote values by using negative weights.
If demoting a value is expected to occur, the designer should in-
stead include another value in the model as the negated version of
the original. An example of such case is the technical value of re-
sponse complexity (Wang et al. 2024c), which in some situations
might be undesirable (when a response is for a audience of chil-
dren, for instance). Instead of using a negative value system weight,
we suggest adding the contrary value of simplicity, to represent the
abstract goal of reducing complexity.

4.1 Data Assumptions and Scope
Within the field of generative AI, even though datasets that
identify individual annotators or agents exist (Köpf et al.
2023; Kirk et al. 2024), the majority of datasets that la-
bel examples along multiple alignment dimensions or val-
ues agglomerate the opinions of distinct individuals with po-
tentially divergent preferences (Wang et al. 2024c; Ji et al.
2023, 2024). Our work seeks to be applicable in the latter
cases as well, assuming that the dataset preferences are those
of an hypothetical abstract agent representing the collective.

This assumption may raise concerns about the usefulness
of the proposed approach, as it might attempt to reconcile
potentially divergent opinions into a single representation.
However, with regard to value recognition in particular, we
argue this view might not be problematic. Namely, although
we consider agents may hold divergent interpretations of
the values under consideration (for example, the meaning
of “freedom”), within delimited domains we can reasonably
assume that most agents understand values in broadly sim-
ilar manner. That is, there exists a degree of consensus re-
garding the meaning of values, which we refer to as a social
grounding (Holgado-Sánchez et al. 2025).

In the generative AI domain, the existence of such so-
cial groundings is often implicitly assumed. We identify two
main reasons for this. First, most alignment-related datasets
justify the inclusion of multiple alignment criteria as uni-
versal quality dimensions and provide explicit definitions
for each, which condition the preference annotation pro-
cess (Bai et al. 2022b). Second, some works explicitly aver-
age different opinions over the same utterances to improve
“robustness” of the annotations (Wang et al. 2024c), to then
train a shared “grounding-function-like” model.

With regard to value systems, it is clear that even in the
same application domain, agents may have diverse value-
based preferences (value systems). Our work, however, per-
forms an implicit aggregation (Lera-Leri et al. 2024) of po-
tentially divergent value systems. Doing this has been shown
to have limitations in terms of the final representativeness of
value-based preferences, specially in datasets with hetero-
geneous agents (Holgado-Sánchez et al. 2025; Chakraborty
et al. 2024). We acknowledge potential limitations of the
representativeness that we achieve in these cases, but argue
that our approach is still valuable, as the learned value sys-
tem can be interpreted as a transparent representation of the
overall, empirical, importance given to each value according
to the dataset annotators.

In conclusion, in this paper, we consider that the value
alignment preferences observed in our dataset correspond to
a social grounding in a delimited context (e.g. text genera-
tion) and the value system preferences pertain to some ab-
stract agent. When data annotations originate from a group
of agents with potentially heterogeneous value systems, then
our learning approach would try to identify the aggregated
value system that best represents the collective preferences
of that group.

Importantly, due to the limitations mentioned above, if
our model is learned from heterogeneous datasets, the re-
sulting value system reward (given by W · RRR) should not
be intended for use as a stand-alone objective in RLHF
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fine-tuning. In such cases, it would likely bias the gener-
ative model toward majority opinions. Instead, we recom-
mend using the learned grounding function RRR for multi-
objective fine-tuning. Specifically, generative models should
be trained in a way that allows their immediate alignment
with respect diverse value systems, following approaches
similar to prior work (Gupta et al. 2025; Wang et al. 2024c;
Jang et al. 2024). Our approach offers an additional advan-
tage: it enables the exploration of value systems in the vicin-
ity of the learned one, that acts as the representation of the
preferences of the majority.

4.2 Problem Definition

Considering the above, our value system learning problem
consists of learning a grounding implementation together
with a representation of the value system of a certain (pos-
sibly abstract) agent j that best approximates the social
grounding ≼V and value system ≼j

V enacted in a observed
preference dataset. In particular, we assume access to exam-
ples of value alignment and value system preferences over
pairs of generations. Formally, we assume a dataset, DS,
composed by entries of the type (τ, τ ′, yjV , yv1

, . . . , yvm
),

where each label y ∈ {0, 0.5, 1} indicates the preference
of τ over τ ′ (1), the contrary case (0) or indifference (0.5).
Specifically, label yjV indicates the preference according to
the agent’s value system, and labels yvi

, i = 1, . . . ,m rep-
resent the preference regarding the alignment of each gen-
eration pair with respect to each value vi. As mentioned
above, we assume that the latter labels correspond to the so-
cial grounding of the values.

Given the analysis in Section 3.2, we propose reducing
our learning problem into two tasks i) learn a quantitative re-
ward vector RRR such that the grounding ≼RRR implemented by
RRR approximates the real social grounding ≼V and ii) learn a
vector of value system weights W such that the value system
≼W

RRR approximates the real value system ≼j
V .

We now provide ways to quantitatively measure the ap-
propriateness of potential candidate solutions. For that, we
quantify the alignment preference differences between our
models and the given data. To measure preference differ-
ences in general, we propose the discordance between pref-
erence relations (≼1, ≼2) as the proportion of ordered pairs
of generations in a set S ⊆ T ×T that are ranked differently:

dS
(
≼1,≼2

)
=

1

|S|
∑

(τ,τ ′)∈S

1
((
τ ≼1 τ ′

)
̸≡

(
τ ≼2 τ ′

))
(1)

In our settings, the aim is to learn grounding functions and
value system weights with minimal discordance to the origi-
nal data (represented in the dataset DS). Thus, we can define
our value system learning problem as a nested optimization
problem:

(W ∗,RRR∗) ∈ argmin
W,RRR′=(Rv1

,...,Rvm )

dDS

(
≼W

RRR′ ,≼j
V

)
subject to R′

vi
∈ argmin

Rvi

dDS
(
≼Rvi

,≼vi

)
,

∀i ∈ {1, . . . ,m} (2)

The formulation prioritizes the minimization of the average
discordance on the learned grounding functions, before im-
proving the value system estimation. This ensures that the
learned value system weights are based on a coherent social
grounding approximation.

It should be noted that in Problem 6, the discordance can
be directly calculated by comparing the preference predic-
tions of the learned models with the original preference re-
lations on the generation pairs included in the dataset DS.
To do so, we discretize the score differences predicted by
our model for each pair of generations to predict strict pref-
erence (τ ≺ τ ′/τ ≻ τ ′) or indifference (τ ≃ τ ′), which
is treated as predicting both τ ′ ≼ τ and τ ′ ≽ τ . Then, we
check the agreement of the discretized predictions with the
corresponding dataset label y ∈ {0, 1, 0.5}. Details on how
the predictions of the model are discretized and the data-
based discordance is calculated are given in supplementary
material (Holgado-Sánchez, Billhardt, and Ossowski 2026).

4.3 Algorithm

Our algorithm is an approximate solution to Problem 2 that
versions the classical deep reward learning method based
on the Bradley-Terry (BT) model (Bradley and Terry 1952).
The solution is represented by several neural networks. First,
a reward vector network RRRθ with parameters θ implements
an approximation the social grounding in the data. Second, a
linear layer given by certain value system weights Wω that
are parametrized with ω ∈ Rm through a softmax calcula-
tion: Wω = (wv1 , . . . , wvm) = expω∑

exp(ω) , so Wω remains
in the simplex.

For learning purposes, we approximate the value align-
ment and value system preferences in a differentiable man-
ner with the BT model. Namely, we use the sigmoid (σ) of
the reward difference between two generations that share the
same initial prompt: p(τ ≻ τ ′ | R) = σ(R(τ) − R(τ ′)),
as an approximation of the degree of preference (given as
a probability between 0 and 1) of preferring the generation
τ over τ ′. To learn with this model, we modify the param-
eters of R so that the values of p(τ ≻ τ ′ | R) are closer
to the preference labels y ∈ {0, 0.5, 1} by minimizing a bi-
nary cross-entropy loss (Christiano et al. 2017). Minimizing
this loss, in Eq. 3, discordance between the model R and the
dataset will also be decreased.

We add a modification to the loss using the centering
mechanism proposed in (Eisenstein et al. 2024), which re-
duces the magnitude of the estimated rewards and helps en-
sure that reward scales are comparable across values. This
mechanism introduces a hyperparameter r, which we set to
the recommended value of r = 0.01.
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L(τ, τ ′, y | R) =− y log p(τ ≻ τ ′ | R)

− (1− y) log (p(τ ≺ τ ′ | R))

+ r (R(τ) +R(τ ′))
2 (3)

Then, we propose a loss associated to the discordance of
our model with the alignment preference examples for each
value vi ∈ V in our dataset (Eq. 4).

Lθ
vi
(DS) =

∑
(τ,τ ′,yvi

)∈DS

L(τ, τ ′, yvi
| RRRθ)

|DS|
(4)

We consider all the previous losses together to de-
fine a grounding (discordance) loss given by: Lθ

V (DS) =(
Lθ
v1
(DS), . . . ,Lθ

vm
(DS)

)
.

And we define a loss associated to value system discor-
dance (Eq. 5).

Lω,θ
VS (DS) =

∑
(τ,τ ′,yj

V )∈DS

L(τ, τ ′, yjV |Wω ·RRRθ)

|DS|
(5)

A naı̈ve approach to use these losses to solve Problem 2
would be first minimizing the average of the grounding
discordance losses Lθ

V , and then, with θ frozen, learn the
weights that minimize the value system discordance loss
Lω,θ

VS . However, it has been shown that multiple grounding
functions are compatible with a low discordance while only
a subset of those can also be effectively combined linearly
to approximate value system (Holgado-Sánchez et al. 2025)
.

Therefore, we propose a simultaneous learning approach
that balances both goals. The idea is treating Problem 2 as
a constrained optimization problem, where the constraint is
minimizing the inner grounding discordance objective. In
this formulation (Problem 6), we introduce the constraints
that the grounding discordance losses in Eq. 4 should reach
an (unknown, approximated) per-value loss target L∗

vi
that

depends on the capabilities of the available model. These
targets {L∗

vi
}mi=1 are estimated during training by an “ex-

ponentially weighted minimum” of observed losses during
training (see step 3 of the Algorithm description).

(ω∗, θ∗) ∈ argmin
W,RRR′

Lω,θ′

VS (DS)

subject to θ′ ∈ {θ | Lθ
vi
(DS) ≤ L∗

vi
}

∀i ∈ {1, . . . ,m} (6)

To approach Problem 6, we obtain its Lagrangian (Eq. 7).
It introduces Lagrange multipliers λλλ = (λ1, . . . , λm) ∈ R+.
Then, the optimization consists of finding a saddle point for
the min-max goal in Eq. 8.

Lω,θ
λλλ (DS) = Lω,θ

VS (DS)

+
m∑
i=1

λi

(
Lθ
vi
(DS)− L∗

vi

)
(7)

min
θ,ω

[
max
λλλ>0

[
Lω,θ
λλλ (DS)

]]
(8)

Assuming that the reward vector RRRθ is an affine trans-
formation (e.g. obtained by training only an additional
single-layer perceptron over embeddings extracted by a
“base” LLM), Problem 6 is convex, and with additional mi-
nor assumptions, strong duality holds (Boyd and Vanden-
berghe 2004) , which justifies the theoretical use of dual as-
cent (Boyd et al. 2011) to find an optimal solution to Prob-
lem 8 (for fixed loss targets). Instead of dual ascent, which
requires the exact minimization of the Lagrangian at every
training iteration with respect to ω and θ, we approximate a
solution with a modified gradient descent-ascent (GDA) al-
gorithm (Zamani, Abbaszadehpeivasti, and de Klerk 2022),
which converges to a local Nash equilibrium and even the
global optimum with certain learning rate choices (Fallah,
Ozdaglar, and Pattathil 2020). See supplementary mate-
rial (Holgado-Sánchez, Billhardt, and Ossowski 2026), Sec-
tion A.2 for proofs of the previous theoretical aspects.

Before introducing the algorithm, we add some tech-
nical modifications. First, to guarantee that the learning
step sizes on the Lagrangian remain constant, we add an
auxiliar “value system multiplier”, λVS, which is calcu-
lated so that the sum of the multipliers including this one
have an average value of 13. Second, to avoid any multi-
plier (including λVS) from vanishing, we force them to be
over a certain user-defined threshold λ0 > 0. To satisfy
the previous constraints, we use auxiliary parameters λ̄λλ =
(λ̄1, . . . , λ̄m, λ̄VS) ∈ Rm+1 to parametrize the “grounding
multipliers” λλλ = (λ1, . . . , λm) and the value system one
λVS, using: (λ1, . . . , λm, λVS) =

(m+1) exp λ̄λλ∑
λ̄∈λ̄λλ exp λ̄

(1− λ0) + λ0.
Finally, for theoretical reasons, we add ℓ2 regularization to
the Lagrangian, affecting all parameters ω, θ, λ̄λλ. The La-
grangian used in our algorithm with the previous modifica-
tions is in Eq. 9.

L̄ω,θ

λ̄λλ
(DS) = λVSLω,θ

VS (DS) + γω∥ω∥2 + γλ∥λ̄λλ∥2

+
m∑
i=1

λi

(
Lθ
vi
(DS)− L∗

vi

)
+ γθ∥θ∥2 (9)

Algorithm description. After random parameter initial-
ization, our algorithm proceeds by repeatedly executing the
following three steps over all batches in the dataset, for N
epochs4:

1. Gradient descent. Calculate gradients of Eq. 9 with
respect to the model parameters (ω and θ) for several
batches (accumulating them). Then, perform gradient de-
scent step to update ω and θ .

2. Gradient ascent. We perform a gradient ascent step on
the Lagrange multiplier parameters λ̄λλ based on the La-
grangian. In practice, for this update, we compute the
gradient of a modified version of the Lagrangian in Eq. 7

3A similar multiplier normalization process was proposed for
Safe RLHF methods (Dai et al. 2024).

4An epoch here is a pass over the complete dataset.
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with grounding discordance losses measured on previous
batches (BS):

∇λ̄λλ

[
m∑
i=1

λi max(Lθ
vi
(BS)− L∗

vi
, 0) + γλ∥λ̄∥2

]
With the “max” projection, this gradient is approxi-
mately zero (up to the effect of ℓ2 regularization) for
those multipliers whose associated grounding discor-
dance losses, computed over recent batches, have al-
ready met their target values. This design ensures that
the primary objective remains reducing grounding dis-
cordance losses as much as possible, even beyond the
target estimations. The multipliers can still may still de-
crease slightly due to the ℓ2 regularization term, which
helps correct potential overestimations. It is noticeable
that we do not update the value system multiplier λVS
based on the value system discordance loss. However,
when the gradients of the grounding multipliers (λλλ =
(λ1, . . . , λm) vanish, the ℓ2 regularization progressively
reduces the gap between λVS and λλλ. Thus, only once the
grounding discordance losses have reached their targets,
the relative priority of minimizing the value system dis-
cordance loss is subject to a slight increase.

3. Loss target update. After repeating steps 1-2 for a num-
ber of steps and batches (let this number be u > 0), we
re-estimate the grounding discordance loss targets that
are attainable with our reward model RRRθ. To do so, we
employ a “exponentially weighted minimum” with co-
efficient η ∈ (0, 1) (close to 1) of the averages of the
losses obtained during each period of u steps. Namely,
given the calculation of the loss associated with each
value vi across u different batches {BSk}uk=1, and its
current loss target estimation L∗

vi
, the update is: L∗

vi
←

ηL∗
vi
+(1−η)min{L∗

vi
, 1
u

∑u
k=1 Lθ

vi
(BSk)}. We set the

initial value of the target losses as the average of the
losses obtained in the first u batches.

We supply a fully-detailed algorithm pseudocode in the
supplementary material (Holgado-Sánchez, Billhardt, and
Ossowski 2026).

5 Evaluation
We evaluate our proposal by comparing its performance
against two baselines and the Armo-RM method (Wang et al.
2024b), a competitive reward model with the most simi-
lar architecture to our approach we found in the literature.
We analyse 2 datasets: ULTRAFEEDBACK (Cui et al. 2023)
and the text-to-text task in PKU-ALIGN-ANYTHING (Ji
et al. 2024). We chose these datasets since they have been
widely used for LLM alignment and because their structure
is close to our dataset assumptions: indeed, in PKU-ALIGN-
ANYTHING the annotators are not identified and in ULTRA-
FEEDBACK, the annotator is a single GPT-4 agent.

Methods. Here we detail each method characteristics and
training setting:

• Armo-RM. A pretrained multi-objective reward model
that predicts alignment with 19 attributes (that we treat

as values) from six datasets. It uses a frozen Llama3-8B-
v0.1 backbone and a linear head over the last hidden state
acting similar to our reward vector RRR (grounding func-
tion). A scalar reward is obtained by linearly combining
these outputs with weights Warm(p) ∈ [−1, 1]19, pro-
duced by a prompt-conditioned three-layer MLP trained
with MSE.

• VSL-RM (ours). We use the same reward vector ar-
chitecture as Armo-RM (a linear layer over the frozen
Llama3-8B-v0.1 hidden state). We train it with our algo-
rithm from scratch on both datasets.

• BT-RM. A single-objective model that minimizes only
the value system discordance loss (Eq. 5), without ob-
serving grounding discordance losses. It shares the same
architecture and parameters as VSL-RM, and we also
train one version per dataset. It serves as a lower bound
on attainable value system discordance with the used ar-
chitecture.

• SEQ-RM. Shares the same architecture as VSL-RM but
is trained sequentially: first to solely minimize ground-
ing discordance (updating θ), then minimizing the value
system discordance (updating ω with θ frozen) for an ad-
ditional 50% of epochs and higher learning rate. It serves
both as a control baseline for comparing sequential vs.
simultaneous training and as oracle for minimum attain-
able grounding discordance with the used architecture.

Training details. The datasets are split into training, val-
idation, and test sets. The validation data is used for hyper-
parameter selection, while test data is used only for final
evaluation. All models are trained with four random seeds
(shared across methods), except Armo-RM, which is used
as provided on HuggingFace5.

We trained the models (except Armo-RM) using approx-
imately the same set of common hyperparameters selected
with a standard search method. The baseline models rely pri-
marily on standard hyperparameters (e.g., batch size), which
have limited impact on performance in this context, so we
keep them aligned with those used for VSL-RM without fur-
ther tuning. The only exception is SEQ-RM, for which we
increase the value system learning rate to compensate for the
smaller number of value system training iterations.

All experiments were repeated with four random seeds.
We observed little variation across runs, and therefore de-
cided not to increase the number of training seeds. As
optimizer, we used a paged, 32 bit “AdamW” one. Fur-
ther details on hyperparameters, dataset preprocessing, and
hardware are provided in supplementary material (Holgado-
Sánchez, Billhardt, and Ossowski 2026), Section A.4.

Metrics. For an easier interpretation of results, we report
grounding and value system accuracies, which we define as
the complement of the grounding and value system discor-
dances, respectively:

accDS(Rvi ,≼vi) = 1− dDS(≼Rvi
,≼vi),

accDS((W,RRR),≼j
V ) = 1− dDS(≼

W
RRR ,≼j

V ).

5Armo RM model: https://huggingface.co/RLHFlow/
ArmoRM-Llama3-8B-v0.1, version from May 11th, 2026.

1275



Accuracy tends to 1 when each model perfectly reproduces
the preferences of the data (corresponding to a discordance
of 0), and tends to 0 when discordance raises to its maximum
(1).

5.1 Results
Figure 2 presents training curves for the average ground-
ing accuracy (denoted by AGA =

∑m
i=1

1
maccDS(Rvi,≼vi

)) and the value system accuracy (denoted by VSA =

accDS((W,RRR),≼j
V )). The curves depict the evolution of

these accuracies throughout training, measured on the val-
idation splits of each dataset. We do not present the curves
for Armo-RM, as it was originally pretrained.

As expected, BT-RM achieves highest VSA, as it is opti-
mized solely for this objective, while VSL-RM clearly out-
performs it in AGA due to the inclusion of the grounding
discordance loss. Interestingly, AGA increases rapidly in
both methods. Likely, this occurs because of our architecture
where the value system reward is a positive combination of a
reward vector (corresponding to the different values). Thus,
a better prediction of the preferences of the value system
correlates with a better value alignment estimation. Also in
the case of BT-RM a reward vector is learned. However, this
vector would not directly correspond to the underlying val-
ues. Still, the learned vector is indirectly correlated with the
original values. This explains the fact that AGA increases
rapidly for BT-RM (due to the positive correlations) and then
drops (since the reward vector does not actually represent the
original values). In VSL-RM, AGA still improves over the
learning epochs.

For SEQ-RM, both AGA and VSA improve during the
first phase in both datasets, with VSA computed using uni-
form value system weights (1/m)6. Despite its simultaneous
learning approach, VSL-RM matches the AGA achieved by
SEQ-RM, which is optimized solely for grounding discor-
dance. This indicates that VSL-RM effectively prioritizes
learning grounding functions with the lowest discordance,
as intended in Problem 2. In the second phase of SEQ-RM,
VSA increases further, almost matching the one achieved
with VSL-RM. We will show the gap is still statistically sig-
nificative, by evaluating the test datasets.

Table 1 (for ULTRAFEEDBACK) and Table 2 (for PKU-
ALIGN-ANYTHING) present the performance of the models
on the test datasets. We omit the presentation of grounding
accuracies in the case of BT-RM, as the model predictions in
value alignment are latent constructs used to minimize value
system discordance.

All methods achieve comparable VSA across datasets,
with BT-RM consistently performing best and Armo-
RM exhibiting the weakest results. In the PKU-ALIGN-
ANYTHING dataset, this could be expected, because Armo-
RM was not trained on it. However, Armo-RM was trained
on ULTRAFEEDBACK, and we expected that Armo-RM’s
gating mechanism should, in principle, outperform our lin-

6VSA increases here due to the architectural effect described
before: a good estimation of value alignemnt preferences, com-
bined with positive weights, leads to a better estimation of value-
based preferences.
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Figure 2: Average grounding and value system accuracy per
training method (VSL-RM, BT-RM, SEQ-RM) in the vali-
dation splits of ULTRAFEEDBACK (Top) and PKU-ALIGN-
ANYTHING (Bottom). It might be difficult to appreciate, but
AGA by VSL-RM and SEQ-RM almost coincide. The verti-
cal line indicates the training moment where VSL-RM an
BT-RM end their training and SEQ-RM starts its second
phase to maximize VSA.

ear value system representation in predicting overall pref-
erences. This inaccuracy might be due to the fact that its
training shared focus with other 5 datasets with possibly di-
vergent overall preference criteria. As observed in Figure 2,
BT-RM slightly outperforms VSL-RM regarding VSA in
ULTRAFEEDBACK and more substantially in PKU-ALIGN-
ANYTHING, suggesting that, in the latter, value systems may
not easily be approximated as linear functions of the dataset
value alignment scores. This indicates that more expressive
value system models will be necessary to improve perfor-
mance.

Comparing VSL-RM with SEQ-RM, the former consis-
tently achieves marginally higher VSA, yet with statisti-
cally significant differences (one-sided Welch t-tests: p =
0.0004 in PKU-ALIGN-ANYTHING and p < 0.0001 in
ULTRAFEEDBACK). This highlights a limitation of sequen-
tial optimization: although multiple grounding functions can
achieve similar AGA, some are more suitable for linear ag-
gregation when minimizing value system discordance, as
have been shown (Holgado-Sánchez et al. 2025). The rel-
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Method Helpfulness Honesty Truthfulness Instruction Following AGA VSA

Armo-RM 0.826 0.814 0.840 0.824 0.826 0.754

BT-RM — — — — — 0.768
±0.0002

VSL-RM 0.812
±0.0005

0.793
±0.0002

0.786
±0.0007

0.815
±0.0003

0.802
±0.0002

0.760
±0.0003

SEQ-RM 0.813
±0.0003

0.793
±0.0003

0.788
±0.0008

0.815
±0.0003

0.802
±0.0002

0.758
±0.0002

Table 1: Average grounding accuracy and value system accuracy (ULTRAFEEDBACK).

Method Prompt Following Objectivity Clarity Information Richness Safety AGA VSA

Armo-RM 0.715 0.798 0.609 0.647 0.837 0.721 0.685

BT-RM — — — — — — 0.773
±0.0008

VSL-RM 0.765
±0.0029

0.798
±0.0030

0.720
±0.0022

0.819
±0.0029

0.890
±0.0024

0.799
±0.0005

0.714
±0.0009

SEQ-RM 0.762
±0.0014

0.806
±0.0031

0.721
±0.0024

0.818
±0.0042

0.896
±0.0014

0.801
±0.0015

0.707
±0.0015

Table 2: Average grounding and value system accuracies (PKU-ALIGN-ANYTHING). The accuracies for each PKU value are
estimated by the scores given by its most related Armo-RM attribute (detailed in supplementary material (Holgado-Sánchez,
Billhardt, and Ossowski 2026)).

atively small gap here is likely due to the regularization im-
posed on the grounding function implementation, given by
the use of both ℓ2 regularization and the centering parameter
r.

Regarding grounding accuracy, VSL-RM and SEQ-RM
achieve comparable results, consistent with the training
curves (differences are not statistically significant7). No-
tably, Armo-RM outperforms all methods in ULTRAFEED-
BACK, which may be attributed to its per-value training and
the use of a MSE loss over quantitative annotations. In con-
trast, our methods are restricted to less informative qualita-
tive labels, and the use of cross-entropy losses that are prone
to overfitting. This limitation could be mitigated in future
work, e.g. by label smoothing (Zhu, Jordan, and Jiao 2024).

Lastly, in Table 3, we analyze the value system weights
predicted by VSL-RM and SEQ-RM8. Both models learned
broadly similar value system representations, assigning
comparable importance to the values. This indicates that the
simultaneous learning procedure in VSL-RM does not sub-
stantially distort the learned value system, compared to a
grounding implemented by a reward vector learned with-
out a bias to maximize VSA. Notably, however, VSL-RM
yields less “radical” weight distributions than SEQ-RM: it
maintains a minimum weight of approximately 0.082 across
all values, whereas SEQ-RM assigns some weights below
0.05. We consider that learning a value system model for a

7In supplementary material (Holgado-Sánchez, Billhardt, and
Ossowski 2026), we performed one-sided Welch t-tests to compare
the metrics achieved by both methods.

8We omit the weights learned by BT-RM, as they are not based
on valid value interpretations.

whole dataset that does not neglect any value achieves a bet-
ter alignment with the hypotheses of the dataset creators, as
they would expect that all values have a meaningful contri-
bution towards explaining the overall preferences based on
their proposed values. Our learned grounding functions and
value system weights with VSL-RM, are, in combination,
qualitatively better in this regard.

As a conclusion, we have shown the advantages of an ap-
proach that defends an “intentional” interpretation of value
alignment, by learning not only accurate approximations of
value groundings but also ones which facilitate their combi-
nation through value systems as a means for an accurate es-
timation of value-based preferences. This is a fundamental
advantage of our approach that is neglected by most existing
methods that learn reward components and user preferences
separately or sequentially, an approach that often leads to
reward hacking in the fine-tuning phase (Zhou et al. 2024).

6 Conclusions and Future Work
In this paper, we have put forward a principled approach to
value system learning for generative AI applications. Specif-
ically, we have introduced a learning algorithm that, based
on preference data, simultaneously learns representations of
the value alignment (groundings) of prompt-response pairs
(training a multi-objective reward model), and of their align-
ment with a certain value system (approximated by value
importance weights). We have tested our solution against a
single-objective reward learning baseline, a sequential vari-
ant of our algorithm, and a state-of-the art related algorithm.
We have shown that our algorithm prioritizes learning ac-
curate value grounding models to serve as a correct basis
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Method HF HO TF IF PF OB CL IR SF

VSL-RM 0.096
±0.002

0.347
±0.008

0.408
±0.007

0.147
±0.003

0.223
±0.003

0.125
±0.005

0.368
±0.005

0.203
±0.003

0.082
±0.002

SEQ-RM 0.050
±0.009

0.477
±0.010

0.316
±0.006

0.158
±0.006

0.265
±0.003

0.110
±0.006

0.410
±0.004

0.168
±0.001

0.047
±0.001

Table 3: Average and standard deviation of value system weights of VSL-RM and SEQ-RM in ULTRAFEEDBACK (left) and
PKU-ALIGN-ANYTHING (right). HF = Helpfulness, HO = Honesty, TF = Truthfulness, IF = Instruction Following, PF =
Prompt Following, OB = Objectivity, CL = Clarity, IR = Information Richness, SF = Safety.

for value system estimation, and thus fosters interpretabil-
ity, with minor losses in capturing overall value-based pref-
erences (value systems).

Despite these positive results, our work also presents
some limitations. First, even though our approach allows for
explaining outcomes in terms of grounding functions and
value system weights, interpretability is still limited by the
fact that our algorithm performs an implicit aggregation of
preferences regarding values and value systems of possibly
divergent opinions, potentially obscuring minorities. More-
over, our current value system representation uses static lin-
ear weights, which in certain settings may put limits to the
accuracy of modelling real value-based preferences.

In future work, we will address these potential shortcom-
ings without sacrificing interpretability. For this purpose,
we will introduce context-dependency into the value sys-
tem model. A promising option is to dynamically switch
between different linear value systems based on contextual
conditions. Another major line of work will address methods
to learn diverse value systems for heterogenous societies in
datasets with known annotation sources. Alternative datasets
that we will explore for either task are OpenAssistant (Köpf
et al. 2023) and PRISM (Kirk et al. 2024). Still, the former
involves tree-like conversations, and thus requires an exten-
sion of our present model which is geared towards single
prompt-response preferences. The latter appears particularly
suitable for studying the alignment of our approach with so-
ciological findings.
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