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Abstract

Building NLP systems for subjective tasks re-
quires one to ensure their alignment to con-
trasting human values. We propose the Mul-
tiCalibrated Subjective Task Learner frame-
work (MC-STL), which clusters annotations
into identifiable human value clusters by three
approaches (similarity of annotator rationales,
expert-value taxonomies or rater’s sociocultural
descriptors) and calibrates predictions for each
value cluster by learning cluster-specific em-
beddings. We demonstrate MC-STL on several
subjective learning settings, including ordinal,
binary and preference learning predictions, and
evaluate it on multiple datasets covering toxic
chatbot conversations, offensive social media
posts and human preference alignment. The
results show that MC-STL consistently outper-
forms the baselines that ignore the latent value
structure of the annotations, delivering gains in
discrimination, value-specific calibration, and
disagreement-aware metrics.

1 Introduction

As NLP systems are widely deployed in content-
sensitive domains, there is a growing call for Al
value alignment (Pehlivan et al., 2024; United Na-
tions, 2023). Al value alignment is the idea of
designing Al systems so that their goals, decisions,
and behaviors are consistent with pluralistic human
values (Sorensen et al., 2024b). However, conven-
tional machine learning practices often obscure the
value differences present in the data. This occurs
both explicitly, when annotator disagreement is
treated as noise and removed through aggregation
(majority voting) (Hovy et al., 2013), or implicitly,
when learning methods average over latent contexts
in training data that are skewed towards certain
perspectives unknown to the model but overrepre-
sented in the data (Obi et al., 2024; Siththaranjan
et al., 2023); see Figure 1. Although fully captur-
ing every latent context underlying each label is

challenging, it is important to develop systems that
remain aligned with the human value differences
relevant to a given task or dataset.

This challenge is particularly important in sub-
jective tasks—such as toxicity detection, sentiment
analysis, and human preference modeling, where
label variation often reflects genuine differences
in task interpretation, sociocultural identity, and
personal values, rather than annotation error. Exist-
ing work has addressed subjectivity by modeling
each annotator’s preferences independently (Da-
vani et al., 2022), or by representing subjectivity
through demographic or sociocultural descriptors
of annotators (Fleisig et al., 2023). Sorensen et al.
(2025) instead model individual annotators via the
free-text value statements obtained from their an-
notations. We provide a detailed description of the
Related Work in Appendix A.1.

In this work, we build on this direction by ex-
plicitly grouping crowd-sourced annotations in the
training data from distinct human value perspec-
tives reflected in the value justifications behind
each label and then learning embeddings for each
value group, enabling a richer modeling of subjec-
tivity that aligns model behavior with task-relevant
value groups. Moreover, we encourage multical-
ibration (Hébert-Johnson et al., 2018) for value
groups by aligning uncertainty of the model predic-
tions with the true label distribution for all value
groups. In principle, a predictor is considered cali-
brated when its predicted probabilities match true
likelihood of desired outcome, and multicalibra-
tion is considered a sufficient condition for human
alignment (Corvelo Benz and Rodriguez, 2023).
Although recent work in subjective tasks has started
to incorporate calibration, (Parappan and Henao,
2025; Sorensen et al., 2025), multicalibration re-
mains underexplored despite its relevance for sub-
jective alignment.

To the best of our knowledge, the proposed Mul-
tiCalibrated Subjective Task Learner (MC-STL) is
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Figure 1: Example of how subjective label predictions are affected by hidden human values (denoted as thought
clouds) (Ieft) when annotator disagreements are filtered out by majority voting or (right) when minority values are
underrepresented and likely unaccounted by the model in crowd-sourced annotation settings.

the first framework to model heterogeneity across
human value groups that is responsible for subjec-
tivity in labels for a given task or dataset, while
encouraging calibrated predictions across value
groups. Our contributions are as follows.

* We introduce a novel framework that models
subjectivity for binary and ordinal labels while
achieving multicalibration across human value
cluster identities formed by: 7) semantic simi-
larity of free-text rater rationales behind annota-
tions; 7¢) expert-defined human value taxonomies
(e.g., Schwartz); or ii¢) cross-sectional sociocul-
tural identities of annotators.

* We present a thorough evaluation of overall and
cluster-level discrimination, group-specific cal-
ibration, and instance-level disagreement align-
ment on diverse subjective datasets, including
detection of conversational toxicity and offensive-
ness, and pairwise human preference datasets.

2 Methodology

2.1 Problem Definition

Let D = (X,Y) denote an annotated dataset for
a subjective natural language processing (NLP)
task. The dataset consists of a collection of N
text items X = {z;}¥ ,, where each item z; is
associated with a set of annotations y; = {y;;}7",
with m; denoting the number of annotations col-
lected for the item z;. The collection of annota-
tion sets Y = {y;} ¥, constitutes the set of label
annotations for the full dataset. Each annotation
y;j € Y represents the j-th label assigned to x;.
We allow annotations y;; to take values from an
ordinal label space (e.g., Support, Neutral, Oppose)
to accommodate ambiguous or neutral judgments
that commonly arise in subjective annotation tasks.

To model the latent subjectivity underlying these
annotations, we draw on the principle of Schwartz

(2012) that human values guide action and judg-
ment. We assume that the observed subjectivity
in the dataset arises from K latent human value
groups, each reflecting distinct value-driven per-
spectives that influence annotation behavior. We
explore multiple representational choices for mod-
eling these value groups, where the often unknown
number of groups K also varies depending on the
chosen representation, described in the following.

Semantic similarity of free-text rater rationales
Given free-text explanations or value statements
underlying each annotation y;; (either collected di-
rectly during annotation or retrospectively inferred
by prompting LL.Ms with rating demonstrations
(Sorensen et al., 2025; Hayati et al., 2024; Parap-
pan and Henao, 2025), conventional semantic clus-
tering methods can be applied to group annotations
¥i; € Y into K latent value groups. Each clus-
ter can then be interpreted by summarizing the
associated value statements, using either LLMs or
domain experts, e.g., psychologists. The number
of value groups K can be determined by inspect-
ing these summaries and identifying distinct, inter-
pretable value profiles. It is worth noting that as
rater rationales may change from dataset to dataset,
thus clusters obtained from these rationales on a
particular dataset may not be useful for others.

Expert-defined value taxonomies In this setting,
we leverage established human value taxonomies
and map annotations to predefined value categories,
either during annotation or by mapping their as-
sociated free-text rater rationales. For example,
Schwartz (2012) propose ten universal human-
value categories, a subset of which may be used
to guide annotation behavior and intent for a given
task. Expert-defined value taxonomies are also
widely adopted in human preference modeling,
where annotators select preferred or ideal responses
to train reward models that align LLMs with hu-
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Figure 2: Overview of the proposed MC-STL framework. (left) Three methods for partitioning of label annotations
into value-based clusters. (middle) The MC-STL backbone architecture. (right) Task-specific output heads.

man preferences. In such settings, high-level value
dimensions (e.g., Helpfulness, Harmlessness) are
commonly used to structure labeling efforts.

Note that using expert defined value taxonomies
to cluster annotations have the benefit of making
such clusters enjoy generalizable meaning beyond
the context of a specific task or dataset.

Cross-sectional sociocultural identity In certain
subjective tasks, such as toxicity detection, ensur-
ing fairness over demographic groups is a critical
concern. Existing work has shown that in such
settings sociocultural identities can substantially in-
fluence annotation behavior (Davani et al., 2024b).
In sociocultural clustering, one pairs each annota-
tion y;; with cross-sectional sociocultural groups
defined by annotator attributes, e.g., age group, eth-
nicity and geographic location. These attributes act
as proxy for the underlying value-driven subjectiv-
ity that shapes annotation decisions.

Using the three representations described above,
we partition the label annotations Y € Dipiy in
the training set Dy into K value-based clusters.
Let C = {Cy}X_, denote the resulting set of value
clusters, where each C}, groups annotations sharing
a common value-driven perspective, as illustrated
in Figure 2(a). Clusters may follow a mixed mem-
bership model, where an annotation y;; € Y can
belong to more than one cluster in C. For example,
an instance can be mapped to human value groups
“Universalism” and “Benevolence”.

Let S;; be the set of value groups to which y;; is
assigned, then S;; = {C}, | ys; € Ci}. We propose
the MultiCalibrated Subjective Task Learner (MC-
STL), a model that estimates P(y;; | x;, S;;), and
importantly is multicalibrated w.r.t. each value
cluster in C. At inference time, the model produces
a probability distribution over label classes for a
given text item, conditioned on the specified value
perspective cluster(s).

2.2 MC-STL Architecture

The proposed MC-STL model adopts a simple yet
novel architecture to model human subjectivity us-
ing value clustering, as described in Figure 2(b).
Given a text item x;, we first encode it using
a pretrained transformer-based encoder into a d-
dimensional embedding e(z;) € R,

For each value cluster 'y, € C, we initialize
a unique learnable embedding v, € RY. These
embeddings are trained jointly with the rest of the
model parameters and are intended to capture value-
specific inductive biases. For a given annotation
Yij» the corresponding value-specific representation
is obtained by aggregating the embeddings of all
value clusters associated with such annotation as

For each training instance (;, y;;), we construct a
value-aware representation by combining the text
embedding with the value-specific embedding as
f(xi,yij) = e(x;) + V(yi;). This additive for-
mulation preserves the dimensionality of the rep-
resentation while allowing each annotation to be
influenced by multiple value clusters. Importantly,
in frameworks such as Schwartz’s value theory, an
annotation may be associated with more than one
human value group, which our architecture natu-
rally supports through (1).

The value-aware representation f(;, y;;) is then
passed to a feed-forward neural network. Specif-
ically, let o( f(z;,yi;)) denote a dense network
transformation applied to f(z;, y;;), but excluding
the bias parameter(s) in its last layer. We employ
task-specific output heads depending on the setting:
1) a binary prediction head for two-class scenarios,
and i7) a three-class prediction head for ordinal
labels that include an ambiguous or neutral class.
Two-class setting For binary classification tasks,
where labels y;; € {0,1}, we apply a sigmoid
activation and bias to the model output to obtain



class probabilities as
pij = P(yij = 1) = o(o(f (i, yij) + b)),

where b denotes the bias and p;; is introduced for
notational simplicity.

Three-class setting The presence of a Neutral or
Ambiguous label is common in subjective annota-
tion tasks, as the personal perspective of annotators
often fits between opposing binary judgments, e.g.,
the “Either” or “Unsure” labels in (Sorensen et al.,
2024a; Aroyo et al., 2023). Despite this, such labels
and their ordinal relationship with the classes at the
extremes are often ignored in the subjective learn-
ing literature. To model the ordinal structure, we
adopt the consistent rank logits (CORAL) frame-
work proposed by Cao et al. (2020).

Let y;;€ Y take values in { Low, Neutral, High},
which correspond to an ordinal label space with
n = 3 ordered categories. CORAL reformulates
this task as n — 1 binary sub-tasks defined as

(2)

M _q (
ij

Yij [yij > Low|, ;7" = ]—[yz'j > Neutral) ,

where 1[-] denotes the indicator function. In our
model, these sub-tasks share the same dense net-
work transformation o( f(z;,y;;)), differing only
in their bias terms at the final layer. Given the
value-aware representation f(x;,v;;), the model
outputs are

ﬁz(gl‘) = P<yz(;) = 1) = o(o(f(wi,yiz) + 1),
Y = P(y3 = 1) = o(o(f (@1, 5i5) + o),

where by and b are sub-task-specific biases.

This formulation enforces rank monotonicity,
such that 138-) > 151(-]2.), as proved by Cao et al. (2020,
Theorem 1). Note that we only consider ordinal
settings with three classes, but our approach can be
easily extended to higher-class (n > 3) settings.

Finally, class-level probabilities are recovered
from the predictions as: PLOW = 1—]51(;), PNeu,m, =

]38.) — ﬁg) and PHigh = ]51(.]2.). Also, by construction,

these probabilities sum up to 1.

2.3 Loss Function

Our training objective is twofold: 7) to ensure that
the predicted probabilities, p;; align with the corre-
sponding ground truth labels, y;; € Y, and i7) to
ensure that the empirical distribution Q) of the pre-
dicted probabilities for each value cluster Cj, € C
reflects its corresponding true label distribution, P

obtained from ground truth labels {v;; | yi; € Ci}.
To achieve this, correspondingly, we employ a com-
posite loss function consisting of cross-entropy and
the distribution-matching Kullback-Leibler (KL)
divergence. To incorporate group-level matching,
the KL-divergence for each value cluster C}, € C,
aligns the average predicted distribution of anno-
tations belonging to the cluster with the empirical
label distribution observed for that cluster. More-
over, to control for overfitting due to the high-
dimensional nature of vj, we also consider an L2
regularizer for value embeddings. More specifi-
cally, in the two-class setting, the loss function is:

Lo =732 Lce(Yij: Dij) 2
+ A1)y akKL(Pl|Qr) 4+ X2 Doy [|vkll3

where Lcg(yij, Dij) is the binary cross-entropy loss
between y;; and p;;. KL(Py||Q)) is the Kullback-
Leibler (KL) divergence between the two (empiri-
cal) binomial distributions, P, formed by ground-
truth ratings and (); formed from ratings from
probabilistic predictions belonging to value cluster
Cy € C. Specifically, we write

KL(P||Qk) = ni¥k - In (Zf)
!

_ L — ok
1-— -1 .
Felt =) 1o (12

where n; is the number of annotations in value
cluster C, and g and pj, are the averages of
{Yij}ijec, and {p}; }ijec,, respectively.
Although we only have discrete realizations
(yi; € {0,1}) from P, to obtain g, we do have
predicted probabilities for the realizations of ().
Borrowing from Parappan and Henao (2025), in
which they soft-threshold predictions before aggre-
gating them to obtain p.. Specifically, we calculate
P}, after converting each predicted probability into
approximately binary labels using the ground-truth
value cluster-level mean §, as a reference using

12 ijec, (1+ tanh(l- Py — Ui))
P = B )
ik

3)

where the hyperbolic tangent (tanh) function, with
a large constant [ = 10* serves as a relaxation to
the use of predictions with hard thresholds while
allowing for smooth gradient flow during training.

Finally, in (2) ||vg|| is an Lo regularizer for the
value embedding associated with cluster Cj, € C,
ay is a constant set to KL divergence between



the label distribution in C}, and that of the whole
Dirgin. This allows the KL term for each clus-
ter to have a weight proportional to its divergence
from the overall distribution. Finally, A\; and Ao
are hyperparameters that balance the contributions
of KL divergence and L2 regularizer, which are
determined by grid search.

In the three-class setting, we extend the loss func-
tion in (2) to accommodate the two required binary
tasks. Specifically

L= (Leely ) 0)) + Lep(y,5)

+ 0 aKL(PM QW) + KL(PP Q)

+ Aod okl 4)

where Pk1 and P,? denote the distributions formed
with the ground truth ratings within the value clus-

ter Cy € C for prediction tasks that produce y(D

ij
and yi(j?), respectively. Similarly, Q} and Q? rep-
resent the distributions of probabilistic predictions

on the corresponding tasks obtained using (3).

2.4 [Extension to Preference Learning

We further extend the MC-STL framework to the
preference learning setting, where the model learns
from what a human prefers from a given pair of text
items. This approach is commonly used to train
reward models for reinforcement learning from hu-
man feedback (Christiano et al., 2017). In this case,
the dataset is given by D = {(x;, x;, ys5)}, Where
yi; € {0,1} indicates whether an annotator prefers
text item x; over x; (y;; = 1 if x; is preferred and
y;j = 0 otherwise). Each preference is assumed to
be driven by an underlying set of value perspectives
Sij ={Cr | yij € Ci }-

The objective is to learn a scalar scoring func-
tion ¢ (+) such that the preferred text item receives
a higher score than the rejected one when condi-
tioned on its associated value perspective(s) .5;;.
Specifically, a forward pass over a single text item
x; and its value cluster assignment .S;; produces
a scalar score rg(x;, S;;). Although the backbone
architecture of MC-STL remains the same here,
ie., ro(zi, Sij) = o(f(xs,vyij)), we introduce a
learnable temperature parameter ¢ for each value
cluster C. This temperature term regulates the
scale of the output logits, preventing the reward
scores from becoming too extreme. Given a pref-
erence annotation comparing text items x; and x;
with value perspectives S;;, the probability that z;

is preferred over x; is modeled as

P(yij) = o <T9(xia Sij) ;T@(% Sz“)> ,

and the corresponding loss function is

Lo =3 i Lo (vig D(yig)) + A2 2o vell3

where Lg1(yij, pij) is the Bradley-Terry loss for
a preference pair (Christiano et al., 2017) that is
consistent with the cross entropy loss in our setup,

i.e., Lpr = — [yi; log pij + (1 — yij) log(1 — pyj) ]
3 Experiments

Our experiments were performed in server with a
single NVIDIA RTX A6000 GPU. For the free-
text rater rationale clustering, we used the K-
Means clustering algorithm, although other clus-
tering methods are also supported by the MC-STL
framework. We used the GPT-40 API to summa-
rize rater rationale clusters, and to obtain mean-
ingful summaries of the value concepts addressed
in each cluster (see Appendix A.3 for the prompt
used). We performed clustering for multiple val-
ues of K € {2,...,6} and an expert psychologist!
determined the best K by examining the unique-
ness of the resulting clusters. All text encodings
(except for preference modeling) were produced
using a pretrained sentence-BERT (all-MiniLML6-
v2) Reimers and Gurevych (2019). For preference
modeling, the text encodings were generated by
longformer-base-4096 (Beltagy et al., 2020) fine-
tuned on training dataset for 1 epoch, to accom-
modate the context window needed for multi-turn
conversation. The final hidden-state embedding of
the [CLS] token was used to represent each text
item. Evaluation was done on a test set consisting
of 20% of the combined dataset for every dataset,
which is created by stratified sampling to preserve
the label distribution of Dy, Additional experi-
ment details are given in Appendix A.2.

3.1 Datasets

ValuePrism (Sorensen et al., 2024a) is a large-
scale dataset consisting of roughly 31k subjective
situations (text items) paired with 218k annotations.
Each annotation assigns one of three ordinal labels:
Oppose, Either, or Support, and is accompanied
by a free-text rationale explaining the annotator’s
judgment. These rationales are categorized into

"Expert annotation details are omitted for anonymity.



three types that reflect different normative frames:
Human Rights, Human Values, and Human Duties.

We benchmark MC-STL separately on the three
corresponding subsets: VP-Rights (49k anno-
tations), VP-Values (97k annotations) and VP-
Duties (71k annotations). Evaluating these subsets
independently allows us to study value clustering
within distinct rationale categories, which differ in
linguistic structure and framing. For example, Hu-
man Rights rationales frequently begin with expres-
sions such as “Right to ...”. Separating categories
prevents clustering methods from trivially group-
ing instances by rationale type rather than by the
finer-grained semantic differences in value topics.
ValuePrism + Schwartz Value Labels Schwartz’s
theory of basic human values (Schwartz, 2012) de-
fines ten universal value categories: Achievement,
Benevolence, Conformity, Hedonism, Power, Se-
curity, Self-Direction, Stimulation, Tradition, and
Universalism. Using the ValuePrism dataset, we
map each instance, namely the subjective situation,
the annotator’s free-text value rationale, and the
explanation of the label, to one or more Schwartz
value categories. This mapping is performed by
prompting an LLM (GPT-40) to assign Schwartz
value labels based on free-text rationales, as dis-
cussed in Appendix A.4. Although prior work
has shown that LLMs can map complex social
situations to Schwartz values (Yao et al., 2024,
Senthilkumar et al., 2024), our setting involves a
simpler task: mapping explicitly stated value ra-
tionales to fixed value categories. To validate the
quality of these mappings, 100 randomly selected
instances per value category were evaluated by ex-
perts with training in psychology, achieving an
agreement of 93%, as described in Appendix A.S.
Anthropic HH-RLHF is a dataset (Bai et al., 2022)
is a widely used preference-learning corpus con-
sisting of roughly 169k pairs of human-preferred
and rejected model-generated responses. Each pair
indicates which response is preferred by a human
rater. We use the ValueImprint annotations intro-
duced by Obi et al. (2024), which consist of seven
expert-defined high-level value categories: Infor-
mation Seeking, Wisdom & Knowledge, Well-being
& Peace, Justice & Rights, Duty & Accountability,
Civility & Tolerance, and Empathy & Helpfulness.
DICES-990 (Aroyo et al., 2023) is a dataset of 990
conversations, each annotated for toxicity by 60
raters using ordinal labels: Unsafe, Unsure, and
Safe. Each annotation is linked to annotator demo-
graphics, i.e., gender, race, age group, and locality.

D3CODE (Davani et al., 2024b) contains 4.5k so-
cial media posts annotated for offensiveness by
4,309 participants from 8 geo-cultural regions. The
posts were rated on a 5-point Likert scale and later
binarized by authors (Davani et al., 2024a).

3.2 Evaluation Metrics

Overall & Value group-level Performance The
overall performance indicates the quality of all
probabilistic predictions made by the model. In
binary and ordinal label setting, we use the macro-
AUC score. For the preference learning setting, the
ability of a model to score a preferred text item
higher than a rejected item is important, thus we
use pairwise accuracy to measure instance level
performance.

In value group level performance, we use the

same metrics, but quantify them with respect to
each value cluster and summarize them as mean
with standard deviation.
Value Calibration This metric seeks to measure
model calibration w.r.t. each value group. In binary
label settings where y;; € [0,1], for each value
group C', € C, we bin the probabilistic predictions
for P(yi; = 1)ijec, by deciles. For all bins, we
show the average of predictions in each bin (x axis)
against the average of ground truth label for in-
stances belonging to each bin (y axis). Then we
estimate the calibration for a value group by fitting
a line to these points. The ideal calibration must
have unit slope and zero bias.

For the ordinal label scenario (three classes),
we extend this by plotting a calibration plot for
two binary tasks P(yg) = 1)ijec,, and P(yi(f) =
1)ijec, for different value groups. For the pref-
erence label scenario, we estimate the calibration
of P(yij = 1|z4, x5, Sij)ijec, in the same manner.
This is a common practice in the preference learn-
ing setup (Shen et al., 2024). In all cases, we record
the mean and standard deviations of the calibration
slope and bias over all value clusters (and also over
both binary tasks in the ordinal setting).
Item-level minority predictability On text items
with multiple, contrasting annotations, it is impor-
tant for a subjective NLP model to be able to ac-
count for minority opinions. To measure this in
the ordinal setting, in which one should penalize
a wrong prediction the more it is farther from the
correct label, we use the normalized Earth Mover
Distance (EMD) (Castafio et al., 2022). EMD com-
putes the probability mass that must be shifted to
convert a predicted distribution to its label distri-



bution. This makes moving probability mass from
ordinal classes near to true label cheaper than from
those classes farther away from true label. In 1D,
EMD has a simple closed form where it is equal to
L1 norm of the two cumulative distributions (Val-
lender, 1974), and it ranges from O to L. — 1 where
L is the number of classes. In the binary case,
EMD reduces to the absolute difference between
the probability and label, since there is only one
boundary separating both classes. We obtain EMD
for predictions to each non-majority label y; € Y
and record the 1 — (normalized EMD) to keep
metric in [0, 1] across setups and higher values
indicating better performance. Further details are
explained in Appendix A.6.

3.3 Baseline Methods

We mainly compare our work against two conven-
tional baselines where latent values behind annota-
tions are either ignored or are considered as noise.
@: No information about value clusters {.S;;}. In
this case, P(Y | X, @(S;;)) = P(Y | X). This is
the case described in Figure 1(right) where hidden
values behind annotations are ignored in modeling.
Maj(Y): Majority filtering of annotator disagree-
ments. For eachy; € Y in Dy.4,,, We remove all
annotations y;; that are not majority in y; because
they are considered noise. Consequently, we model
P(Maj(y;) | xi). This is the case described in
Figure 1(left) where annotations undergo majority
voting, with hidden values explicitly ignored.
Both baselines are trained using the cross-
entropy loss and the same architecture of MC-STL,
excluding value group specific learnable embed-
ding. Note that MC-STL model also do not con-
sider any additional input besides x;, but it learns
independent embeddings for each value group ob-
tained through clustering. The closest work we
could find related to sociocultural profiling that sup-
ports the three-class setting is Fleisig et al. (2023).
We compare to their approach in Appendix A.12.

4 Results

Rater Rationale Clustering We clustered annota-
tions in Dy, using K-means over sentence em-
beddings of rater rationales for different values of
K and the experts preferred K = 5, K = 4, and
K = 3 clusters for VP-Value, VP-Right and VP-
Duty datasets, respectively, after reviewing summa-
rized value perspective of each cluster generated
by language model, as explained in Appendix A.8.

Table 1: Results on rater rationale clustering. AUCs,
Slope/Bias and 1-EMD indicate discrimination, calibra-
tion and minority predictability, respectively. Figures
are averages with standard deviations.

Overall | Grou Calibration Item
Method (AUC) (AUC)p (Slope, Bias) | (1-EMD)
VP-Duty (Binary)

MC-STL| 0.76 |0.740.02 | 0.990.04,0.000.03 | 0.58
10} 0.71 | 0.690.02 | 0.790.16,0.150.10 | 0.51
Maj(Y) 0.69 |0.680.03|0.560.17,0.330.18 | 0.37
VP-Right (Ordinal)

MC-STL | 0.75 [0.730.03 | 0.960.08,0.000.06 | 0.64
I 0.67 |0.670.02 | 0.810.08,0.060.07 | 0.55
Maj(Y) 0.68 [0.679.01 |0.630.07,0.130.11 | 0.42

Value cluster summaries for VP-Duty are C7: A
care-centered, duty-based ethic grounded in com-
passion, solidarity, and stewardship; C: A protec-
tive, law-abiding, harm-averse ethic prioritizing
life, rights and justice; and Cs: An ethic centered
on human dignity, autonomy, truth, fairness, and re-
sponsibility; and for the other two (VP-Rights and
VP-Values) in Appendix A.7. At test time, embed-
ding of the rater rationale for an instance is mapped
to the closest cluster w.r.t. their centroids and is
evaluated based on the mapped cluster perspective.

The Results in Table 1 highlight the superiority
of the MC-STL framework for rationale clustered
value groups over all metrics on both datasets. The
highest AUC scores of MC-STL indicate the abil-
ity of annotation-rationale grouping to model la-
tent subjectivity. The higher (1-EMD) scores of
0.58 and 0.64 on VP-Duty and VP-Rights respec-
tively showcase improvement in minority vote pre-
dictability. The comparatively poor performance
of Maj(y) in calibration and minority predictabil-
ity substantiates how latent human values can be
suppressed by filtering annotator disagreements
through methods such as majority voting. MC-STL
also achieve near ideal calibration scores across ra-
tionale clusters with minimal deviation as shown
in Figure 3(row 1). We also present performance
metrics for VP-Duty(Ordinal), VP-Rights(Binary),
VP-Values (Ordinal and Binary) in Appendix A.13,
all of which are consistent with the results here.

Expert Taxonomy Clustering Performance in ex-
pert taxonomy clustering also depends on the abil-
ity of taxonomies to represent the subjectivity in
the dataset. The change in AUC scores of MC-STL
(Table 2) on the VP+Schwartz dataset relative to ¢
by 0.07 reveal that segregating the annotations by
the Schwartz Universal value taxonomy provides a
useful signal to model the latent subjectivity. In the
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Figure 3: Calibration plots for (row 1) rater rational clustering — VP Duty (Binary); (Row 2, First four) expert
taxonomy clustering — Anthropic+VI (Preference); (Row 2, Last three) Sociocultural Clustering - DICES 990 and
rest of the calibration plots of MC-STL are displayed in Appendix A.9 and that of & are shown in Appendix A.10

Table 2: Results on expert taxonomy clustering. The
preference dataset uses pairwise accuracy not AUC.

Method Overall | Group Calibration Item

(AUC/Acc) | (AUC/Acc) (Slope, Bias) (1-EMD)
VP+Schwartz (Binary)

MC'STL 0.80 0-76()'()7 0-98()'1[), 0-02[)‘()6 0-65

¢ 0.73 0.690.08 | 0.530.30,0.31p0.30 | 0.50

Maj(Y) 0.72 0.68()‘06 0.40()‘19, 0.42024 0.49

Anthropic HH-RLHF+VI (Preference)

MC-STL | 0.64 0.640.05 | 1.020.05,-0.01p 02 | 0.61

103 0.60 0.590.04 | 0.940.55,0.030.25 | 0.58

Maj(Y) 0.59 0.560,05 0-940.68’ 0.020434 0.58

Table 3: Results on Sociocultural clustering.

Overall | Grou Calibration Item

Method (AUC) (AUC)p (Slope, Bias) (1-EMD)

DICES-990 (Ordinal)
MC-STL| 0.75 |0.740.01 | 1.030.03,-0.030.01 | 0.44
1) 0.68 |0.690.01 | 0.950.07,0.030.04 | 0.34
Maj(Y) 0.66 |0.660.02 | 0.740.07,0.090.09 | 0.22
D3 (Binary)

MC-STL| 0.63 |0.620.02 | 1.009.15,0.060 04 | 0.26
1) 0.61 |0.600.01 | 0.720.14,0.050.04 | 0.31
Maj(Y) 0.59 |0.580.01| 0.440.12,0.210.03 | 0.15

case of the pairwise preference dataset Anthropic
HH-RLHEF, the modeling w.r.t. value taxonomies
proposed by Obi et al. (2024) also improves pair-
wise accuracy scores as shown in Table 2. Ideal
calibration scores of MC-STL on both datasets in-
dicate the alignment over each value taxonomy
classes, as presented in Figure 3(row 2). Although
MC-STL improves item level minority predictabil-
ity in both cases, the modest difference between &
and Maj(Y) in Anthropic HH-RLHF (both having
a score of 0.58) can be attributed to the relatively
small number of paired items with multiple con-
trasting annotations (74 instances) in the dataset.

Sociocultural Clustering In Table 3, MC-STL out-
performs the baselines in overall and group level

AUC scores along with improved item-level mi-
nority predictability on DICES-990. While prior
works have modeled subjectivity by annotator de-
mographics, we focus on calibrating model to
each distinct sociocultural group, so as to align
model with perspectives from every unique group.
MC-STL preserves equitable calibration across
identity group with minimal deviation on the
DICES-990 Dataset (Figure 3). On the D3 dataset,
we observe comparatively lower performance by
all methods that can be attributed to limited an-
notator descriptors in D3 (only gender, age, and
region) that do not include rater ethnicity or rater
educational backgrounds, as in DICES-990. While
MC-STL attempts to calibrate available limited de-
scriptors, it averages over distinct behaviors within
these high dimensional descriptors causing it to
have lower 1 — EMD relative to ¢ on the D3
Dataset, as shown in the figure comparing aggre-
gated calibration vs. 1 — EMD over epochs in
Appendix A.11. Still, if the objective is merely to
calibrate against available descriptors, MC-STL is
a good choice as it achieves close to ideal calibra-
tion on D3.

5 Conclusion

Human values underlying annotations are often ig-
nored while building NLP systems. MC-STL con-
stitutes a simple approach for modeling such value
diversity by grouping annotations using three rep-
resentations and calibrating model predictions to
each resulting value group through cluster-specific
representations, achieving pluralistic alignment of
model outputs across diverse value settings. Re-
sults show ability of MC-STL to learn subjective
labels while preserving underlying value pluralism.



6 Limitations

While we have presented three possible represen-
tations to group annotations, there could be other
potential representations inspired from social sci-
ence theory to extract latent value clusters from
annotations. Moreover, while our work focused
on treating each of three representations as alterna-
tives, the effects of extracting latent clusters at the
intersection of them have not been studied. Also,
previous works have shown the language model’s
ability to extract annotation rationales from rat-
ing demonstrations, which would help us to group
annotations without rationales collected at anno-
tation time. We have not attempted to understand
the effects when language models are deployed
to generate such rationales. Our work focuses on
multicalibration as a group-fairness measure and
have not studied fairness measures such as error
rates across groups. There is a growing need to ex-
tend universal value alignment methods to further
subjective NLP task setups such as text generation,
which have not been studied in this work.
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A Appendix

A.1 Related Work

Subjectivity in NLP: Computational linguists
have long emphasized the importance of model-
ing subjective meaning and the individual or social
dimensions of language (Wiebe et al., 2004; Wilson
et al., 2005). These dimensions are central to many
modern NLP tasks that are inherently subjective,
such as hate speech detection (Akhtar et al., 2020;
Warner and Hirschberg, 2012), sentiment analysis
(Liu et al., 2010; Kenyon-Dean et al., 2018) and
human preference modeling (Elle, 2025). However,
traditional data curation pipelines for such tasks of-
ten treat annotator disagreement as noise, resolving
it through majority voting or averaging (Hovy et al.,
2013; Sabou et al., 2014). This challenge extends
beyond observable disagreement: most NLP mod-
els are trained on crowdsourced data where latent
contexts—such as annotators’ values, identities, or
interpretive frames, which guide labeling behavior
but are not visible to the model—vary widely. The
accumulation of a dominant hidden context can
bias models away from pluralistic alignment (Obi
et al., 2024; Siththaranjan et al., 2023; Sorensen
et al., 2024b). Atari et al. (2023) found Al values
to be WEIRD (Western, Educated, Industrialized,
Rich and Democratic) and disregarding pluralistic
values on subjective topics.

Modelling Subjectvity: One line of work at-
tempts to model individual annotators directly, us-
ing learnable annotator-specific embeddings or
classification heads (Gordon et al., 2021; Da-
vani et al.,, 2022; Hayat et al., 2022; Mokhbe-
rian et al., 2024). While effective in capturing
annotator-specific variation, these methods strug-
gle to generalize to unseen annotators. Another ap-
proach models subjectivity using annotator descrip-
tors—such as age, gender, ethnicity, or political
affiliation—known to correlate with labeling behav-
ior (Talat, 2016; Luo et al., 2020; Prabhakaran et al.,
2021; Fleisig et al., 2023; Gordon et al., 2022).
More recently, (Parappan and Henao, 2025) lever-
age sociocultural descriptors to predict calibrated
distributions of binary toxicity judgments. How-
ever, these methods typically require substantial
annotation per item from demographically diverse
annotators, making them costly in practice.

Value Modelling in Subjective Task: While
value or human preference alignment of LLMs is
widely recognized as crucial for its deployment
(Kenton et al., 2021; Wang et al., 2024), how to



define such values remains an open question. The
commonly used principle of helpful, honest and
harmless “HHH” (Askell et al., 2021), in its adop-
tion is identified to be ambiguous (Yao et al., 2024).
Moreover, limited works have explored value mod-
elling beyond text generation setup. According to
(Schwartz, 2012), human values encode desirable
goals guiding behavior or action. Recent datasets
e.g., (Kirk et al., 2024; Sorensen et al., 2024a) in-
clude rater rationales linked to annotations. Obi
et al. (2024) introduce a framework for identifying
human value classes embedded in RLHF datasets.
Sorensen et al. (2025) demonstrate that value pro-
files derived from annotators’ justifications provide
effective representations of individual rater perspec-
tives.

Building on these developments, our work
bridges these strands by proposing a value-aligned
probabilistic framework that is multicalibrated
across distinct human value groups. We form
these value groups over annotations in a subjective
dataset through three possible representations and
let the model learn value-group-specific embedding
to model subjectivity for instances belonging to
each group explicitly. Additionally, we model the
ordinal structure of intermediate labels (e.g., “am-
biguous” that lies between opinionated extremes),
a common yet under-explored feature of subjec-
tive tasks where annotators choose neutral option
between binary extremes.

A.2 Additional Experiment Details

The source code, annotated dataset, and data splits
will be released upon acceptance. In loss functions
Eq. 2 and Eq.4, the best performing hyperparame-
ters after grid search were found to be A\; = ﬁ
for binary and m for ordinal labels where m;
denotes number of annotations for text item x; in

the dataset.

A.3 Prompt to generate cluster summaries

In rater rationale clustering, after K-Means over
sentence embeddings of free-text rater rationales,
we simply prompted language model to generate
meaningful summaries for each cluster with its
collection of rater rationale sentences.
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"You are a helpful assistant.
Summarize the core theme in given
set of textitems:

[List of rater rationales belonging to a
cluster]

Figure 4: Prompt to generate cluster summary.

A.4 Prompt to generate Schwartz value
annotation from value rationales

Free text rationales for each annotation in Val-
uePrism Dataset (Sorensen et al., 2024a) was pro-
vided as “input_text” and associated explanation
statement was provided as “explanation”. Along
with value class definitions, we also provided key-
words associated with each class in (Schwartz,
2012).
SYSTEM_PROMPT =
You are an expert annotator that maps
short input human value text
descriptions to Schwartz 10 value

classes. Use the 10-class Schwartz
taxonomy of 10 classes as listed:

nnn

["Power","Achievement”,6 "Hedonism",Kk"
Stimulation”,"Self-direction”,”
Universalism”,"Benevolence”,"”
Tradition”,"”Conformity”,"Security"]

Schwartz 10 value classes definitions:

Power: social status and prestige,
control or dominance over people and
resources-authority; wealth,
authority, recognition

Achievement: personal success through
demonstrating competence according
to social standards-success;

influential, successful, ambitious,
capable, intelligent
Hedonism: pleasure or sensuous

gratification for oneself-pleasure;
pleasure, enjoy, indulgent

Stimulation: excitement, novelty and
challenge in life-daring activities;
daring, variation, excitement

Self-direction: independent thought and
actionchoosing , creating, and
exploring-creativity; freedom,
curious, independent, goal, privacy,

respect

Universalism: understanding,
appreciation, tolerance, and
protection for the welfare of all
people and for nature-
broadmindedness; broadminded,



equality, unity, protection, harmony
, justice, wisdom, beauty

Benevolence: preserving and enhancing
the welfare of those with whom one
is in frequent personal contact-
helpfulness; love, spiritual,
helpful, friendship, forgiving,
responsible, loyal

Tradition: respect, commitment, and
acceptance of the customs and ideas
that one’s culture or religion
provides-accepting one’s portion in
life; humble, respect, devout,
moderate

Conformity: restraint of actions,
inclinations, and impulses likely to
upset or harm others and violate
social expectations or norms- self-
discipline; discipline, politeness,
obedient

Security: safety, harmony, and stability
of society, of relationships, and
of self-cleanliness; family security
; healthy, family, order, clean,
safety, belonging

Hard rules (must follow exactly):

1. Determine which Schwartz value(s)
apply to the input human value text
description.

- If exactly only one value class
clearly applies, return only that
single label in a list.

- If more than one value class
clearly applies, return all such
labels as a comma-separated list.

2. Return only a single python list
object per input (no additional text
or commentary).

3. The python list must match this
schema exactly:
["<labell1>",6"<label2>",...]

4. OQutput constraints:
- No extra commentary, no trailing
commas, valid list only.

Input human value text description: "{
input_text}"”

Explanation of the human value context:
"{explanation}”

nnn

A.5 Expert evaluation of VP+Schwartz

mapped to each of the 10 value classes (Total
1000 instances). 10 Expert Psychologists validated
mappings of distinct 100 instances with *Correc-
t/Wrong’ labels. Overall, 93% of instances were
found to be *Correct’ by the experts.

A.6 1-D EMD Calculation for Discrete
Distribution

For a discrete one-dimensional class distribution,
the Earth Mover’s Distance (EMD) measures the
minimum amount of “work” required to transform
a predicted probability distribution into the ground-
truth label distribution. In the 1-D case, EMD
admits a closed-form solution and can be expressed
as the L; norm of the difference between their
cumulative distribution functions (CDFs).

Let p;; denote the predicted probability distri-
bution over L ordered classes for sample 73, and
let y;; denote the corresponding ground-truth label
distribution, represented as a one-hot vector. The
cumulative distributions are defined as

L L
Pijl:zpz‘jl, Y;'szZyil, l=1,...,L.
=1 =1

The 1-D Earth Mover’s Distance is then given
by

K
EMD(pi, yi) = > [Pk — Vx|
k=1

Thus, the 1-D EMD is equivalent to the L, dis-
tance between the cumulative distributions of the
predicted and true labels.

Consider an ordinal classification problem with
three ordered classes {1, 2, 3}. Let the ground-truth
class be class 2, so the one-hot label distribution is

ym‘::KL 1,0}

Assume the model predicts the probability dis-
tribution
pij = (0.2, 0.5, 0.3].

The cumulative distributions are
P;;=102,0.7 1.0], Y;=1I0,1,1].
The EMD is computed as

EMD (pij, yij) = 10.2—0]|+|0.7—1|+]1.0—1| = 0.5.

For a binary/ preference classification problem
with classes € {0,1}, suppose the ground-truth

After mapping each annotation in ValuePrism
dataset to a group of Schwartz values by lan-
guage model, we randomly selected 100 instances

label is class 1, yielding
yM::[O,ly
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Let the predicted distribution be
Dij = [0.7, 0.3].
The cumulative distributions are

Py =1[0.7, 1.0], Y=o, 1].

The EMD is therefore
EMD (p;, yi) = [0.7— 0] +[1.0 — 1| = 0.7.

EMD ranges from [0, L — 1]. Therefore to keep
EMD in same range across ordinal and binary/pref-
erence setting, we normalize EMD by L —1. For all
instances y;; € y; such that y;; is different from the
majority label in y;, we measure the EMD between
their predicted distribution p;; and the correspond-
ing label distribution by calculating the L; norm of
their cumulative distributions.

We obtain and
(normalized EMD) by

record the 1

200 DjiyyAMaj(e) EMD (i pij)

1 )
(L - 1) * (Zz Zj:yiﬂéMaj(yi) 1)

to keep the metric in the [0, 1] range with higher
values indicating better performance.

Ck

Summary

The corpus heavily prioritizes autonomy and
freedoms, balanced by strong commitments
to safety/security, lawful order, property
rights, economic performance, and democratic
norms.

The list is overwhelmingly centered on well-
being, happiness, and health, supported
by honesty/integrity, altruism, and personal
growth, with strong attention to relationships/-
family, emotional health, and balancing work.

Centered on compassion-driven ethics, extend-
ing strongly to animals and people, prioritizing
loving relationships, social cohesion, and al-
truistic generosity.

The list overwhelmingly centers on justice,
respect, responsibility, equality, fairness, and
the rule of law.

The text overwhelmingly emphasizes valuing
and protecting life in all forms, coupled with
stewardship of the environment, respect for
human dignity, and preservation of cultural
and religious heritage

A8

Table 5: VP-Values value cluster summaries.

Expert evaluation of Value Summaries to
determine K in Rater Rationale

Clustering
A.7 Value Cluster Summaries
In order to determine K, we ran K —Means clus-
C) | Summary tering from K = 2. For VP-Duty dataset, K = 4
1 | Overall, it centers on personal autonomy, pro- | 84¥¢ below clusters:
tection of individuals and their possessions,
and access to essential information and ser- || C | Summary
vices. 1 | Centred on responsible, loving stewardship of
2 | Focused with fundamental rights centered on family and dependents, grounded in respect,
the primacy of the right to life. It extends this protection, mutual support, and continuity of
right universally—to humans and non-human family and community values.
animals—and underscores the interdependent || 2 | Protect and do no harm, within the bounds of
rights that sustain life and dignity. just law, prioritizing safety, life, and dignity.
3 | The text centers on autonomy and the || 3 | Respect for autonomy and dignity; honesty;
right to self-determination—especially bod- justice/equality; non-harm and care; responsi-
ily integrity and informed, independent ble stewardship (social, environmental, institu-
choice—across personal, emotional, financial, tional)
and political spheres. 4 | Solidarity-based duty-of-care ethic centered
4 | An expansive, rights-based vision of society on beneficence, justice, stewardship, and
centered on liberty, equality, and protection shared responsibility for the wellbeing of peo-
from harm. ple, animals,

Table 4: VP-Rights value cluster summaries.
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Table 6: VP-Rights value clusters when K = 4.




Expert Psychologist analyzed that compared to
K = 3 (given in main script), K = 4 leads to
repitition of harm averse ethic and care centred
ethic across clusters summaries. To keep cluster
definitions as distint as possible, we stopped K = 3
here. Similarly, for VP-Rights, K = 5 and for for
VP-Values, K = 6 led to repitition of similar value
based ethics across cluster summaries.

A.9 Calibration plots of MC-STL

Please refer figure 5.

A.10 Calibration Plots of &

Please refer figures 6 and 7.

A.11 Aggregate Calibration vs. (1-EMD) on
D3 dataset

EMD Score vs Aggregate Calibration over Epochs

—— EMD Score
Aggregate Calibration

Score

Epoch

Figure 8: Aggregate Calibration vs (1-EMD) over
epochs of MC-STL on D3

It is visible in the plot that as MC-STL gets cali-
brated to limited number of annotator descritpors in
D3, (1-EMD) score gradually descreases. The lim-
ited number of descriptors cause their calibration to
aggregate minority opinions within them, thereby
decreading (1-EMD) score. For instance, the rater
group “Asian” can represent multiple contrasting
cultures, and calibrating to this group could wash
away differences within the group in the absence
of further differentiating attributes.
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Figure 5: Calibration plots of MC-STL on (Row 1 & 2):DICES-990 (Ordinal), (Row 3): VP-Right (Ordinal), (Row
4): Anthropic (Preference), (Row 5 & 6): VP+Schwartz (Binary), (Row 7 & 8): D3 (Binary)
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A.12 Comparing MC-STL against IRPM

The Individual Rating prediction module in Fleisig
et al. (2023) predicts annotator-specific ratings by
conditioning on both sociocultural descriptors of
the annotator and the target text instance. These
inputs are encoded using a pretrained RoBERTa
model (Liu et al., 2019). Annotator descriptors
are combined with the text via a template-based
input format, “[¢;] [SEP] z;,” where ¢; denotes the
annotator profile and x; the text item. The model
is trained using cross-entropy loss for both binary
and ordinal prediction settings.

Table 7: Results on IRPM.

Overall | Group Calibration Item
Method (AUC) (AUC) (Slope, Bias) (1-EMD)
DICES-990 (Ordinal)
MC-STL| 0.75 |0.740.01 | 1.030.03,-0.030.01 | 0.44
IRPM 0.63 | 0.65¢0.00 | 2.470.23,-0.610.09 | 0.39
D3 (Binary)
MC-STL| 0.63 |0.620.02 | 1.000.15,0.060.04 | 0.26
IRPM 0.60 |0.610.01 | 1.210.21,0.420.05 | 0.27
A.13 Additional Results
Table 8: Rater Rationale Clustering
Overall | Group Calibration Item
Method .
(AUC) (AUC) (Slope, Bias) (1-EMD)
VP-Duty (Ordinal)
MC-STL | 0.70 |0.69¢ o2 | 0.99¢ 06, 0.000 o3 | 0.59
) 0.65 [0.650.00]0.783.13,0.099.11 | 0.55
Maj(Y) | 0.64 [0.64.02|0.599.15,0.179.06 | 0.43
VP-Right (Binary)
MC-STL | 0.81 |0.809 02 [0.97). 02, 0.000 1 | 0.64
1o} 0.73 0.730.03 |0.820.05,0.11¢9.05| 0.50
Maj(Y) | 0.72 |0.720.04 |0.64¢.07,0.279.0s | 0.35
VP-Value (Binary)
MC-STL | 0.80 |0.79g.03 |0.967 o3, 0.01¢ o2 | 0.67
) 0.70 {0.719.050.89¢.19,0.079.19 | 0.57
Maj(Y) | 0.69 |0.71g.05|0.580.14,0.30¢.15 | 0.51
VP-Value (Ordinal)
MC-STL| 0.70 |0.709 04 | 0.96 o9, 0.030 04 | 0.65
o 0.63 |0.640.05|0.81¢.22,0.08p.13| 0.58
Maj(Y) 0.63 0.640_04 0.570.15,0.179.13 | 0.54
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