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Constructing a Pluralist Moral Sentence Embedding Space using
Contrastive Learning

Jeongwoo Park
Delft University of Technology, the Netherlands

Abstract

Moral values influence humans in decision-
making. Pluralist moral philosophers argue that
human morality can be represented by a finite
number of moral values, respecting the differ-
ences in moral views. Recent advancements
in NLP show that language models retain a
discernible level of knowledge in deontologi-
cal ethics and moral norms of society. How-
ever, a model which can only decide either right
or wrong cannot fully understand the diverse
moral perspectives of humans.

We propose a moral sentence embedding
space, which can encompass moral differences,
through the state-of-the-art Contrastive Learn-
ing framework. We evaluate the moral embed-
ding space both intrinsically and extrinsically
via three tasks: classification, moral similarity,
and visual analysis. We show that our moral
embedding space understands the characteris-
tics of each moral value. Our results also high-
light that moral rhetoric is seldom explicit in the
text, emphasizing the necessity of additional in-
formation such as moral labels.

1 Introduction

Moral values are the glue that binds society to-
gether (Lin et al., 2017; Haidt, 2012). It is crucial
for fast-growing, autonomous artificial intelligence
systems to align with human moral values (Gabriel,
2020). Several frameworks that link AI and ethics
have been proposed, but the majority of them does
not incorporate individual moral differences or the
existence of moral value conflicts (Telkamp and
Anderson, 2022). Although there is always a desire
for AI systems to behave ethically, consensus on
what elements constitute the morally right action
is lacking (Awad and Levine, 2020; Telkamp and
Anderson, 2022).

Haidt and Joseph (2004) introduced the Moral
Foundations Theory (MFT), where they explain
morality using an analogy with taste. They draw
parallels between five taste receptors—sweet, sour,

salty, bitter, and umami—which are used to please
tongues across different cuisines, and the five moral
taste receptors. MFT states that people have five
innate moral foundations on which they base their
moral decisions. In other words, we can use MFT
to consider the moral and value differences between
individuals (Telkamp and Anderson, 2022). MFT is
a well-known theory which has been used together
with NLP research over time (Araque et al., 2020;
Kobbe et al., 2020; Liscio et al., 2022a; Alshomary
et al., 2022). In this paper, the Moral Foundation
Twitter Corpus (MFTC), an MFT-based dataset, is
chosen as the key data source of the experiment.
It consists of 35k tweets annotated based on the
theory. Each foundation is a vice/virtue pair.

Prior research has often relied on classifiers
to recognize moral rhetoric from textual dis-
course (Lin et al., 2017; Alshomary et al., 2022;
Hendrycks et al., 2021; Liscio et al., 2022a). Al-
though the classifiers have shown their effective-
ness, they are still focused on a single NLP task,
classification. To realm more NLP tasks, another
approach should be taken, which is Sentence Em-
bedding. Sentence embedding is a numerical rep-
resentation which encapsulates knowledge from
textual data. Sentence embedding models are often
fine-tuned to perform diverse Natural Language
Processing (NLP) tasks such as text classification,
response selection, information retrieval, seman-
tic text similarity, and intent discovery (Reimers
and Gurevych, 2019; Henderson et al., 2020; Chen
et al., 2022). Considering the high practicality of
sentence embedding, there exists a significant po-
tential for exploring its applications in capturing
morality within textual data. Hence, this paper
employs a sentence embedding framework to com-
prehend moral values present in textual discourse.

Recently, there has been an increasing interest
in adopting Contrastive Learning (CL) to improve
sentence embeddings (Gao et al., 2021; Wu et al.,
2022; Zhang et al., 2022). The CL objective entails



Figure 1: UMAP plot of Moral Foundations before
training on the MFTC train set. Plotted using the MFTC
train set.

regularization of the embedding space by pulling
positive (i.e., semantically similar) sentences closer
while distancing negatives (i.e. semantically dis-
similar) (Zhang et al., 2022). Gao et al. (2021) in-
troduced Simple Contrastive Learning of Sentence
Embeddings (SimCSE) which shows remarkable
effectiveness in capturing semantic property. In
this work, we adopt SimCSE and enrich it with
MFT. We also observe the influence of label infor-
mation on generating a CL-based moral sentence
embedding space.

Schramowski et al. (2022) identified that exist-
ing pre-trained language models (e.g. BERT) pre-
serve knowledge about deontological choices and
even moral norms of society. Nevertheless, as de-
picted in Figure 1, the dimension-reduced vectors
do not form any clusters, indicating that the vectors
generated by SimCSE prior to training on MFTC
hardly have any insight into MFT. Considering the
UMAP plot and the baseline classification result
in Section 5.1, it is difficult to claim that large
language models understand the characteristics of
moral foundations.

In this study, we propose the novel mapping of
text to the moral embedding space via supervised
and unsupervised CL. This mapping can capture
and reflect the moral difference between individu-
als. We evaluate the moral embedding space with
extrinsic evaluation by testing the performance of
the embedding space in a common downstream
task, classification. We also assess and interpret the
moral relationship between each vice and virtue

moral value with an intrinsic evaluation which con-
sists of a visual methodology, namely a UMAP plot
and Moral Similarity Task (MST).

Our contribution is twofold: (1) we present a
method to map the MFT taxonomy to an embed-
ding space using CL, and (2) we show that addi-
tional information, beyond the text itself, is crucial
to generate an effective moral embedding space.

Our study is significant because an MFT-based
embedding space can recognize the characteristics
of moral values. By exploring and exploiting the
embedding space, we believe that it can make valu-
able contributions to various NLP tasks.

2 Background

Sentence Embedding with Contrastive Learning
Over the past few years, social media platforms
generated a large amount of data including text,
images, videos and graphs (Wang et al., 2020). To
extract knowledge from the textual data, sentence
embedding can be used to obtain the vector rep-
resentation of a sentence. Many state-of-the-art
pre-trained language models (PLM) are proposed
including BERT, SBERT, and ELMo (Devlin et al.,
2019; Reimers and Gurevych, 2019; Peters et al.,
2018).

Contrastive Representation Learning aims to
learn an embedding space by pushing positive sen-
tence pairs (i.e. semantically similar pairs) closer
while pulling apart negative sentence pairs (i.e. se-
mantically dissimilar pairs). SimCSE (Gao et al.,
2021) is a text-based CL framework which supports
both supervised and unsupervised approaches. Su-
pervised SimCSE applies the CL objective on the
positive and negative labelled instances. Unsuper-
vised SimCSE creates the positive pair by applying
the dropout twice on the query sentence, and it
takes another sentence from the same mini-batch
as the negative. SimCSE aims to provide more uni-
formly distributed and better alignments of positive
pairs in the embedding space by integrating the CL
objective.

Moral Foundations Theory and Corpus MFT
is chosen as a basis of our moral embedding space.
The MFT is a well-established theory in the field of
social science and psychology. The MFT includes
five foundations, and each foundation is bipolar,
with each pole representing either a virtue or vice
as shown in Table 1.

Moral Foundations Twitter Corpus (MFTC)
(Hoover et al., 2020), a corpus annotated based



Foundation Definition

Care/
Harm

Prescriptive concerns of caring for others/
Prohibitive concerns of not harming others

Fairness/
Cheating

Prescriptive concerns about fairness and
equality/ Prohibitive concerns of not cheating
or exploiting others

Loyalty/
Betrayal

Prescriptive concerns of prioritizing one’s
inner-circle/ Prohibitive concerns of not
betraying one’s inner-circle

Authority/
Subversion

Prescriptive concerns of respecting authority
and tradition/ Prohibitive concerns of not
subverting to authority or tradition

Purity/
Degradation

Prescriptive concerns of keeping the purity of
sacred entities/ Prohibitive concerns on
contaminating those

Table 1: The five foundations of MFT.

on MFT, is chosen to generate the moral embed-
ding space. MFTC is a collection of 35,108 tweets
which consists of 7 domains: All Lives Matter
(ALM), Baltimore Protest (BLT), Black Lives Mat-
ter (BLM), hate speech and offensive language
(DAV) (Davidson et al., 2017), 2016 presidential
election (ELE), MeToo movement (MT), and hur-
ricane Sandy (SND). The tweets are annotated by
multiple annotators based on 11 vice-virtue labels
and non-moral. The final annotation was decided
by a majority vote policy, and if there is no majority
label, non-moral is assigned.

3 Generating the Embeddings

To create a robust sentence embedding space, We
fine-tune the SimCSE model on the MFTC via both
supervised and unsupervised settings.

Supervised SimCSE requires a fixed format of
a dataset as an input for CL. The dataset should
have either a triple of {query instance, positive
instance, hard negative instance} or a pair consist-
ing of only two positive instances. We decided to
construct the triple format due to its higher perfor-
mance demonstrated in (Gao et al., 2021). How-
ever, in our case, choosing negative instances is
not trivial because there is no absolute answer as
to what is similar/dissimilar in terms of morality.
Thus, we came up with two policies, within and
outside, to simplify this process using MFT labels
as shown in Figure 2.

Figure 2 shows the steps to create the supervised
dataset using an example. The MFTC train set is
divided into half to apply different hard negative
policies. Both halves find a positive instance which

Figure 2: Example of a Supervised Triple formation.

shares the same label. Then each half takes a differ-
ent policy for choosing the hard negative instance.
One finds the hard negative within the foundation,
and the other finds the hard negative outside the
foundation. Both within and outside create the
subsets of all the negative labels respectively. Neg-
ative labels refer to moral labels excluding the label
of query and positive instances. If available, we
prioritize the items with more negative labels when
choosing the hard negative. For instance, with out-
side policy, we prioritize the tweet with the label
“Care" and “Fairness" compared to “Care" only.
The same logic applies for within. When all the
hard negative candidates run out in both scenarios,
non-moral items are used as the hard negative. In
the last stage, the non-moral items are also used
as positive instances while using any foundation
to be a hard negative. The final supervised dataset
consists of 5304 triples.

The unsupervised dataset does not include any
label information. Thus, only tweets are taken to
form the unsupervised dataset. SimCSE creates
the CL input by applying the methods described in
Section 2.

4 Evaluating the Embeddings

Evaluating the high-dimensional embedding poses
challenges due to its low interpretability (Senel
et al., 2018; Anelli et al., 2022). In this section,
we explain how we process the dataset for training
and testing. We also discuss how we evaluate our
embedding space in two approaches, extrinsic and
intrinsic.

The hyperparameter details of SimCSE models
can be found in Appendix A.5.



Value Care Harm Fairness Cheating Loyalty Betrayal Authority Subversion Purity Degradation Non-
Moral

Train 2176 3269 1870 3068 1736 1736 1294 1816 698 1246 14428
Test 240 359 204 335 183 121 137 196 72 132 1611

Table 2: Label Distribution of MFTC in Train and Test set.

4.1 Dataset Pre-processing

MFTC is pre-processed with the suggested guide-
lines by (Hoover et al., 2020; Liscio et al., 2022a),
and also further described in Appendix A.1.

The train set consists of 90% of MFTC and the
test set consists of 10%. The train set is used for
generating the moral embedding space, and the
test set is left for evaluation. Each dataset obtained
90% (10%) of data from each domain in MFTC to
form the train (test) set. We have allocated a high
percentage of the dataset to the train set as our
research aim is to create a robust moral embedding
space. The label distribution can be found in Table
2.

4.2 Extrinsic Evaluation

Extrinsic evaluation is conducted using multi-class
multi-label classification.

The two main SimCSE models, Supervised and
Unsupervised, are compared for the classification
task. Eger et al. (2019) emphasized the necessity
of a simple classifier on top of embeddings to eval-
uate the embedding space themselves. We decided
to use a linear layer (i.e., a fully connected layer),
with 1024 input features and 11 output features
as a classification head on top of the SimCSE em-
beddings. 5-fold cross-validation is applied in the
classification stage of the SimCSE models.

We choose four models as the baseline models.
Two of them are SimCSE models which are not
trained on the MFTC train set, Supervised Sim-
CSE test-only and Unsupervised SimCSE test-only.
These models are taken from the baselines provided
by (Gao et al., 2021). These two only go through
the 5-fold cross-validation, which means only the
classifier is trained with 4 folds of the MFTC test
set.

The two variants of BERTForSequenceClassi-
fication (BFSC) are taken as the baseline models.
The baselines are used to simply check the practi-
cality and potential of SimCSE embeddings. BFSC
has a classification head on top of the pooled output
from BERT (Devlin et al., 2019).

The first variant and the second variant differ in
their initial weights. The weights of the first variant
are initialized to the BFSC model which is trained
on the train set (90% of MFTC). The weights
of the second variant are initialized to the regu-
lar bert-large-uncased, without any knowl-
edge. This second variant is just like the Super-
vised SimCSE test-only and Unsupervised Sim-
CSE test-only. Both variants are tested using the
5-fold cross-validation. For simplicity, we refer
to the first variant as ‘BFSC-all’, and the second
variant as ‘BFSC-test-only’.

For all models, We report the averaged result
with Macro and Micro F1-Score as the dataset is
imbalanced.

4.3 Intrinsic Evaluation

The intrinsic evaluation focuses on the quality
of the embedding space through visual analysis
and the moral similarity task using two Moral
Foundation Dictionaries.

Moral Similarity Task In NLP, the semantic sim-
ilarity task is widely used to assess the quality of
the language model (Gladkova and Drozd, 2016;
Bakarov, 2018). Aligning with our research goal,
we adapt the semantic similarity task to Moral Sim-
ilarity Task (MST). We use two dictionaries, Moral
Foundation Dictionary (MFD) 2.0 (Frimer, 2019)
and MoralStrength (Araque et al., 2020).

MFD2.0 is an extension of the original MFD
with the help of original MFD authors, and Moral-
Strength is expanded by WordNet synset and evalu-
ated using crowdsourcing. For MoralStrength, each
vocabulary is crowd-sourced for the value called
Moral Valence, the strength with which a vocabu-
lary is expressing the specific moral value. Moral
valence ranges from 1 to 9, where a word ranked
in the middle signifies neutrality with respect to
the specific moral dimension. These are excluded
from this task. The words with a strength smaller
than 5 are classified as vice of that specific founda-
tion and words with a strength greater than 5 are
classified as virtue of that specific foundation. By



including vocabularies with a moderate Moral Va-
lence, MoralStrength can possess relatively neutral
characteristics when compared to MFD2.0. For ex-
ample, words with a score 1 and 4 definitely have
a strength difference, but are given the same label.

Both dictionaries are employed to compute the
moral similarity between each moral value. To ac-
complish this, the average similarity score between
all pairs of words pertaining to the moral values of
interest is taken.

UMAP Visual Analysis SimCSE embedding is
1024-dimensional. Hence, relatively little is known
about the structure of the embedding space. Uni-
form Manifold Approximation and Projection for
Dimension Reduction (UMAP) is a nonlinear di-
mensionality reduction technique that can be used
for visualization (McInnes et al., 2020). McInnes
et al. (2020) claims that UMAP preserves both lo-
cal and most of the global structure in the data with
superior run time performance when compared to
other dimensionality reduction techniques such as
t-SNE. We first get the train set embedding using
the two models, the Supervised SimCSE baseline
and the Supervised SimCSE optimal model, and
use UMAP to reduce the dimension to 2. We plot
them visually to observe the formation of clusters
which reflect the effect of training.

5 Results and Discussion

We evaluate the model using the aforementioned
three tasks. First, we report the extrinsic evalua-
tion by analyzing the classification results. Then,
we perform the intrinsic evaluation via the Moral
Similarity Task (MST) and the UMAP plot. MST
shows an approximate degree of understanding of
MFT by the model. The UMAP Plot visually gives
an insight into the status of the embedding space.

5.1 Extrinsic Evaluation: Classification
We compare 6 models, described in Section 4.2.
The mean and standard deviation of the results
are shown in Table 3. For both Macro and Micro
F1-score, we perform the Wilcoxon rank sum test
between the best result and the other results to
evaluate whether the two results are significantly
different. We highlight in bold the best result and
the results that are not significantly different (p >
0.05) from the best.

According to Table 3, Supervised SimCSE
model outperforms Unsupervised SimCSE model
in terms of the classification task. The rank sum

Table 3: Classification result for 6 models: Supervised
SimCSE and Unsupervised SimCSE, BFSC-all, Super-
vised SimCSE test-only, Unsupervised SimCSE test-
only, and BFSC-test-only. The best-performing models
are highlighted. * indicates that no train set is used.

Model Micro F1 Macro F1

Sup. SimCSE 68.4 ± 3.1 56.7 ± 2.6
Unsup. SimCSE 58.0 ± 2.9 36.2 ± 3.4
BFSC-all 71.0 ± 1.5 62.2 ± 1.1

Sup. SimCSE test-only* 59.4 ± 3.1 39.4 ± 3.9
Unsup. SimCSE test-only* 58.4 ± 3.1 37.1 ± 3.5
BFSC-test-only* 66.2 ± 2.4 55.8 ± 1.2

test confirms that the supervised result is signifi-
cantly different from the unsupervised result. This
significant difference indicates that the label infor-
mation in addition to the moral text is beneficial for
our model to learn MFT. The result of BFSC-all
is significantly better than both SimCSE models
in terms of the Macro-F1 score, which takes into
account the label imbalance issue. Consequently,
BFSC-all displays proficiency in learning under
conditions where labels are imbalanced. Overall,
the difference between Supervised SimCSE and
BFSC-all is trivial. We underscore that the focus
of this task is on the validation of the SimCSE em-
beddings, rather than identifying the most optimal
classification model.

All test-only models are not exposed to the
MFTC train set. BFSC-test-only achieves the high-
est among these models. We believe that end-to-
end learning of BFSC facilitates it to learn how to
classify. The result of the Unsupervised SimCSE
does not improve after training on the MFTC train
set. This implies that the Unsupervised SimCSE
is not effective at learning the characteristics of
MFT. In the meantime, both Supervised SimCSE
and BFSC-all perform better after training on the
MFTC train set, by 15% and 7% respectively. No-
tably, Supervised SimCSE shows a substantial in-
crease in performance, highlighting the promising
potential of learning with the CL objective.

5.2 Intrinsic Evaluation: Moral Similarity
Task

Figure 3 show the pairwise cosine similarity score
between words from each moral value. Figure 3a
and Figure 3c show the moral similarity table of Su-
pervised SimCSE for MFD2.0 and MoralStrength
respectively. Figure 3b and Figure 3d display the
result of Unsupervised SimCSE using the same



(a) Moral Similarity Table of MFD2.0 Supervised (b) Moral Similarity Table of MFD2.0 Unsupervised

(c) Moral Similarity Table of MoralStrength Supervised (d) Moral Similarity Table of MoralStrength Unsupervised

Figure 3: Moral Similarity Tables on MFD2.0 and MoralStrength.

data.

According to Figure 3a and Figure 3b, Super-
vised SimCSE displays a more prominent color
along the diagonal compared to the Unsupervised
SimCSE, meaning that the similarity between
words belonging to the same moral value is the
highest. The same can be found in Figure 3c and
Figure 3d as well. This indicates that the embed-
ding space can recognize the morality conveyed in
the text. Figure 3a shows a more significant con-
trast between vice and virtue words compared to
Figure 3c and the diagonal line is also more intense.
We can infer that the embedding space is more ca-
pable of discerning the moral properties of MFD2.0
compared to MoralStrength due to the character-
istics of the dictionaries mentioned in Section 4.3.
Defining A-B as the relationship between A and
B, we also observe that the similarity scores of
vice-vice (top-left) and virtue-virtue (bottom-right)

are greater than the similarity of virtue-vice values
(top-right and bottom-left). This phenomenon is
expected as the language models are aware of what
is right and wrong (Schramowski et al., 2022). Fur-
thermore, the similarity of vice-vice is higher than
the similarity of virtue-virtue for both MFD2.0 and
MoralStrength. We can interpret that the character-
istics of virtue words are more distinguishable than
the characteristics of vice words.

Figure 3b and Figure 3d show the results from
the unsupervised model. Overall, both figures do
not have a significant diagonal, which means that
the unsupervised models do not understand the
characteristics of moral foundations, contrary to the
supervised models. Again, the diagonal of MFD2.0
is more noticeable compared to the one of Moral-
Strength with the same reasoning.

Lastly, the positive result of the supervised moral
similarity tables also manifests a potential to utilize



the supervised moral embedding space across vari-
ous MFT-based corpora. While the classification
task uses only MFTC, MST shows a successful
application of other MFT corpora, the dictionaries.
We believe this is the green light to use the moral
embedding space outside the trained corpus.

Appendix B.5 contains further statistical analysis
regarding MoralStrength.

5.3 Intrinsic Evaluation: UMAP Plot

Figure 4 shows the dimension-reduced plot of
the Supervised moral embedding space using the
MFTC train set. We observe a solid cluster for each
vice and virtue moral value. This is a significant
improvement compared to Figure 1.

Virtue values are located on the bottom left of the
plot, while vice values are located on the top right
of the plot. The embedding space clearly shows the
separation between virtue and vice. Moreover, the
moral values within the foundation are often form-
ing a symmetry. We can assume that the embed-
ding space understands the bipolar characteristics
of MFT for some moral foundations, indicating the
relationship between those two moral values.

Non-morals are spread throughout all the clus-
ters, but also a lot of them are scattered between
vice and virtue clusters. Although a 2-dimensional
plot cannot reflect the whole embedding space, the
considerable difference before (Figure 1) and af-
ter the training implicates the positive result of the
CL-based embedding space.

Figure 4: UMAP plot of Moral Foundations after train-
ing on the MFTC train set. Plotted using the MFTC
train set.

6 Related Work

In this section, we thoroughly examine previous
research. We explore different methods to extract
values from textual data, multiple moral datasets,
and also other contrastive learning sentence embed-
ding frameworks.

6.1 Identifying Moral Values from Text

Previous work on estimating MFT values from the
text was done in either supervised or unsupervised
methods.

The most common approach in the unsupervised
method is to utilize value lexicons. The first version
of the Moral Foundations Dictionary (MFD) was
presented by Graham et al. (2009), which is the
essential backbone of many lexicon-based value
identifications. MFD is comprised of lemmas for
vice and virtue for each foundation. Multiple ex-
tensions were suggested to improve the value lexi-
cons in MFD (Frimer, 2019; Rezapour et al., 2019;
Araque et al., 2020; Kobbe et al., 2020; Hopp et al.,
2020).

Nevertheless, using only word-level lexicons to
estimate values certainly have limitations such as
ambiguity of natural language and restricted range
of lemmas (Hulpus, et al., 2020). Hulpus, et al.
(2020) suggests a new direction of projecting the
MFD lexicon on knowledge graphs (KGs), bring-
ing several benefits: reducing ambiguity and iden-
tifying moral entities and concepts. Asprino et al.
(2022) proposed frame-based value reasoner, a
tool based on a frame semantics approach together
with various KGs, including an improved ValueNet.
Priniski et al. (2021) uses FrameAxis (Kwak et al.,
2021) to obtain a moral embedding space. How-
ever, the embedding space is constrained to one
domain, and as the author mentioned, evaluation
has several limitations. Thus, our approach aims
to overcome the limitations by(1) using the corpus
including more than one topic, and (2) exploring
new evaluation methodologies.

Supervised methods are mostly based on classifi-
cation (Johnson and Goldwasser, 2018; Hoover
et al., 2020; Alshomary et al., 2022). In order
to train and evaluate the classifier, an annotated
dataset according to a value taxonomy is required.
Alshomary et al. (2022), Kobbe et al. (2020) and
Liscio et al. (2022a) have used a BERT-based clas-
sifier on MFT-based datasets.

To the best of our knowledge, this is the first
work on constructing a MFT-based embedding



space using a supervised approach. By leverag-
ing the labeled dataset, MFTC, and a Contrastive
Learning sentence embedding space, SimCSE, we
provide a moral embedding space capable of cap-
turing the diversity in moral perspectives among
individuals.

6.2 Datasets with Morality

Besides MFTC, there is another corpus based on
MFT, Moral Foundations Reddit Corpus (MFRC).
MFRC adopted a revised version of theory (Trager
et al., 2022). Here, Fairness is split into two foun-
dations, Equality and Proportionality, resulting in 6
foundations in total. MFRC consists of 16,123 Red-
dit comments drawn from 12 different subreddits,
and these 12 subreddits can be classified into three
buckets: US politics, French politics, and Everyday
moral life.

There are other morality datasets based on differ-
ent value taxonomy that can be used for NLP appli-
cations. Kiesel et al. (2022) proposed a dataset of
5270 arguments across 4 countries using Schwartz
theory (Schwartz et al., 2012). Qiu et al. (2022)
developed a human value dataset with social scenar-
ios organized by Schwartz values. Hendrycks et al.
(2021) introduced the dataset with contextualized
scenarios about justice, deontology, virtue ethics,
utilitarianism, and commonsense moral intuitions.

Among these options, we decided to utilize MFT
due to the many precedent work developed upon it
and the large dataset annotated with moral founda-
tions.

6.3 Contrastive Sentence Embedding

In addition to SimCSE, there are many other state-
of-the-art contrastive learning-based models. De-
CLUTR, inspired by Deep Metric Learning, is a
universal sentence embedding technique that does
not require labeled training data (Giorgi et al.,
2021). DeCLUTR also proposes a sampling tech-
nique to produce positive instances and negative
instances. Moreover, Chuang et al. (2022) pro-
posed DiffCSE which is an equivariant contrastive
learning model. DiffCSE is insensitive to certain
types of augmentations and sensitive to "harmful"
types of augmentations.

7 Conclusion

Certain social events may not universally fall into
binary categories of ethics, right and wrong. We
want the AI agent to understand and accept diverse

moral perspectives beyond the binary definition
of morality. Hence, we propose a method to map
text to the embedding space based on the theory
acknowledging the value pluralism. We conduct a
thorough assessment of a moral embedding space
via both extrinsic and intrinsic evaluation. The
extrinsic evaluation demonstrates that moral label
information enhances the performance of the em-
bedding space. We emphasize that this moral em-
bedding space is capable of many tasks while pro-
viding comparable performance to a state-of-the-art
classifier. The intrinsic evaluation indicates that the
moral embedding space recognizes the character-
istics of moral values via the similarity task and
visual analysis.

Our approach improves the moral understanding
of the language model from the basic binary no-
tion of right and wrong to a value pluralistic theory,
MFT. We also provide a new guideline to generate
a moral embedding space with a state-of-the-art
contrastive learning language model. Moreover,
our moral embedding space can be substantial to
many applications. The embedding space with a
proper head can support value-aligned agents in
interactive narratives as an MFT-based value prior
(Ammanabrolu et al., 2022). It can also play an
important role in recognizing moral rhetoric from
diverse social issues related to abortion, terrorism,
and politics (Sagi and Dehghani, 2014). The em-
bedding space can also improve identifying context-
specific morality (Liscio et al., 2022b).

For further research, we recommend expanding
this moral embedding space to other MFT corpora
or other value theory datasets, and also reflecting
on multiple annotators’ opinions when building the
embedding space i.e. using all crowd annotations
directly or using both ground truth labels and infor-
mation about disagreement (Uma et al., 2022).

8 Ethical Considerations And Limitations

With the remarkable performance of large lan-
guage models (LLM), it gets appealing to explore
LLMs for their moral reasoning (Jin et al., 2022).
The complexities associated with responding to
morally-charged situations pose a challenge not
only for humans but also for LLMs (Jin et al., 2022).
Hovy and Spruit (2016) addresses dual-use prob-
lem where a system developed for a certain purpose
leads to unintended negative consequences. For
instance, since liberals and conservatives pursue
different moral foundations (Graham et al., 2009),



the moral embedding space can be misused to iden-
tify and discriminate against people with certain
political standpoints. Although any researcher is
neither encouraging dual-use nor fully responsible
for this, it is a good practice to take dual-use into
consideration to prevent any potential side-effect if
possible.

There are also cases where the ethics-related
NLP models may extend beyond moral judgments
and take part in non-moral statements, including
political stances, religious prescriptions and med-
ical advice (Talat et al., 2022). Furthermore, the
application of our embedding space to particular
domains, such as the legal field, requires cautious
deliberation (Leins et al., 2020).

We discuss several ethical considerations and
limitations regarding MFTC. First of all, MFTC
is composed of English tweets, subjects centered
in the United States, leading to demographic bias
(Hovy and Spruit, 2016). This can hardly repre-
sent every moral standard across different cultures.
However, we believe that our suggested methods
and evaluation schemes should still be applicable
to culturally diverse datasets as well. Moreover, the
moral embedding space generated from this study
is not unbiased. MFTC consists of tweets related
to 7 topics, and the dataset can potentially include
more tweets from people with certain perspectives.
As Liang et al. (2020) mentioned, post-hoc debias-
ing can be applied to the current moral embedding
space, which also prevents any retraining of the
sentence embeddings. Lastly, MFTC shows a low
annotator agreement (Hoover et al., 2020). This
means choosing the majority-voted label as the
gold label may enforce the domination of the major-
ity opinions, suppressing the minority. We believe
that applying a strong perspectivist approach, keep-
ing all the annotations into the subsequent training
of a model, can improve the practicality of the em-
bedding space (Basile et al., 2021). Furthermore,
the integration of diverse opinions has been known
for its potential in the classification tasks (Sudre
et al., 2019; Akhtar et al., 2020; Campagner et al.,
2021).

We address three primary concerns for the eval-
uation methodology. First of all, the classification
task employs one specific classifier. While other
classifiers may yield different results, we empha-
size that the purpose of this task is to validate the
quality of the embedding space, rather than achiev-
ing the highest score. Secondly, moral foundation

dictionaries created by the non-WEIRD society,
could reveal new strengths and weaknesses of the
embedding space. Further investigation can be un-
dertaken to assess whether the embedding space
captures the properties of morality when tested on
culturally diverse dictionaries. Lastly, the purpose
of UMAP is to assist in the intrinsic evaluation of
the embedding space, and it cannot be used as a
sole evaluation tool. The main benefit of employ-
ing UMAP is to easily observe the status of the
embedding space and the impact of the training.
Thus, additional inspection is required for a de-
tailed geometric analysis of the embedding space.

Last but not least, while our supervised CL
dataset generation approach strives for effective-
ness and efficiency, we believe that further investi-
gation into CL dataset generation holds potential
for improvement not only for identifying moral
values but also for other domain applications.
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A Experimental Details

To make sure our research is reproducible, we share
the experiment settings and hyperparameter set-
tings.

A.1 Data Processing

We preprocess the tweets by removing URLs,
emails, usernames and mentions. Next, we em-
ploy the Ekphrasis package 1 to correct common
spelling mistakes and unpack contractions. Finally,
emojis are transformed into their respective words
using the Python Emoji package 2. Additionally,
there are some independent tweets with duplicated
content. Some of them had different labels, which
is not desired. They also bring difficulty in gen-
erating the supervised CL dataset. Thus, repeated
instances of distinct tweet annotations are reduced
to one instance by applying another majority vote.

.

A.2 Hyperparameters

To select the most optimal combination of hyper-
parameters of SimCSE, we perform a grid search.
Table A1 and Table A2 show the hyperparameters
that were compared, highlighting in bold the best-
performing option based on the F1-Scores of the
classification result. We used these hyperparame-
ters for every experiment in this paper for consis-
tency. If a parameter is not present in the table,
the default value supplied by the framework 3 was
used.

Table A1: Hyperparameter settings for training Super-
vised SimCSE

Hyperparameters Options

Model name sup-simcse-bert-large-uncased
Max Sequence Length 64, 128
Epochs 2, 3, 5
Batch Size 16, 32
Learning Rate 5× 10−5

Temperature 0.01, 0.05, 0.1
Pooler cls

The time taken for Supervised SimCSE hyperpa-
rameter search is roughly 6-7 hours, and the time
taken for Unsupervised SimCSE hyperparameter
search is approximately 15-16 hours.

Hyperparameters for the classifier are mentioned
in Table A3. Classifiers did not go through special

1https://github.com/cbaziotis/ekphrasis
2https://pypi.org/project/emoji/
3https://github.com/princeton-nlp/SimCSE

Table A2: Hyperparameter settings for training Unsu-
pervised SimCSE

Hyperparameters Options

Model name unsup-simcse-bert-large-uncased
Max Sequence Length 64, 128
Epochs 1, 2, 3
Batch Size 16, 32
Learning Rate 3× 10−5

Temperature 0.01, 0.05, 0.1
Pooler cls

hyperparameter tuning as the aim of the research is
not focused on the quality of the classifier. Default
values and common values chosen in practice were
used for the classifier.

Table A3: Hyperparameter settings for Linear Classifier

Hyperparameters Options

Max Sequence Length 64
Epochs 10
Batch Size 16
Learning Rate 0.01
Dropout 0.1
Loss function Binary Cross Entropy

We base the hyperparameters of our baseline
models according to the hyperparameter combina-
tions suggested by Liscio et al. (2022a), which uses
the same corpus and the same model. The number
of epochs was set to 10, as the linear classifier uses
10 epochs. The learning rate was optimized as the
experiment environment changed.

Table A4: Hyperparameter settings for BERTForSe-
quenceClassification

Hyperparameters Options

Model name bert-large-uncased
Max Sequence Length 64
Epochs 10
Batch Size 16
Optimizer AdamW
Learning Rate 2e-5, 5e-5
Loss function Binary Cross Entropy

A.3 Computing Infrastructure
• PyTorch: 1.13.0

• Huggingface’s Transformers: 4.2.1

• SimCSE: 0.4

• NVIDIA A40 GPU

• CUDA 11.6



A.4 Random Seeds
In our experiments, we ensure that the same train
test splits are used across different runs of each
experiment. Further, to control for any randomness
throughout code execution, we fixed the random
seeds in the following libraries to 42 where it is
necessary:

• Python random.seed

• NumPy (numpy.random.seed)

• PyTorch (torch.manual_seed)

• Tensorflow (tensorflow.random.set_seed)

A.5 Artifacts Used
We primarily use two different types of artifacts,
data and model.

MFTC is a collection of 35,108 tweets annotated
based on MFT (Hoover et al., 2020). MFTC can be
downloaded 4, and used under Creative Commons
Attribution 4.0 license. MFD2.0 (Frimer, 2019) can
be freely accessed5. Lastly, MoralStrength Version
1.1 (Araque et al., 2020) can be found online 6

and also used under GNU Lesser General Public
License v3.0.

SimCSE is a sentence embedding model which
uses contrastive learning (Gao et al., 2021). Sim-
CSE can be used under MIT license7. BERT (De-
vlin et al., 2019) is selected as a baseline model
to compare with SimCSE. The license of BERT is
Apache License 2.0 8.

B Extended Results

In this section, we extend the result shown in the
main report.

B.1 Training Time Comparison for Optimal
models

Table B1 presents the time performance of clas-
sification. We took the most optimal embedding
model to measure the time performance. As test-
only models do not train with the MFTC train set,
the first values are all 0. Supervised SimCSE takes
significantly less total time for the training process

4https://osf.io/k5n7y
5https://osf.io/xakyw
6https://github.com/oaraque/moral-

foundations/tree/master/moralstrength/annotations/v1.1
7https://github.com/princeton-

nlp/SimCSE/blob/main/LICENSE
8https://github.com/google-

research/bert/blob/master/LICENSE

Table B1: Time Performance Comparison between three
models: BFSC, Supervised SimCSE and Unsupervised
SimCSE. First value of SimCSE is embedding training
time and Second value is for training and testing classi-
fier.

Model Training Time (s)

Sup. SimCSE 249 + 10
Unsup. SimCSE 493 + 11
BFSC-all 3521 + 327

Sup. SimCSE test-only 0 + 10
Unsup. SimCSE test-only 0 + 10
BFSC-test-only 0 + 313

than Unsupervised SimCSE and BFSC. Unsuper-
vised SimCSE is likely to take more time as it takes
in all the tweets and creates a positive instance by
itself, while Supervised SimCSE gets a formatted
input which discards some tweets as described in
Section 3. Considering the small difference in the
final F1-score, there is clearly a performance ad-
vantage in using SimCSE embeddings. Besides
the fast performance, Supervised SimCSE embed-
ding space can be used in more diverse scenarios
compared to BFSC which is limited to a classifi-
cation function. Supervised embedding space is
fixed, with any top layer, the embedding space can
manage more tasks.

B.2 Misclassification Error Analysis

We also inspect both (1) the confusion between
moral texts and non-moral texts and (2) the confu-
sion between and within the foundations. We look
into the following four types of misclassification
errors (which add up to 100%) which are addressed
in (Liscio et al., 2022a).
Error I A tweet labeled with one or more moral
values is classified as non-moral or no prediction.
Error II A tweet labeled as non-moral is classified
with zero or more moral values.
Error III A tweet labeled with a moral value is
classified with values from other foundations.
Error IV A tweet labeled as a vice/virtue is
classified as the opposite virtue/vice within that
foundation.

Table B2 illustrates the misclassification error
output. Both Supervised SimCSE and Unsuper-
vised SimCSE mostly encounter Error 1 and Er-
ror 2. The two most frequent errors come from
distinguishing between moral and non-moral texts
which may be caused by the significant class im-



Table B2: Misclassification Error for all 6 models

Model Err.
1

Err.
2

Err.
3

Err.
4

Sup. SimCSE 50.5 30.6 17.3 1.60
Unsup. SimCSE 62.9 24.6 11.3 1.15
BFSC all 28.5 36.9 30.7 3.86

Sup. SimCSE test-only* 62.2 24.8 11.6 1.40
Unsup. SimCSE test-only* 65.1 23.2 10.5 1.25
BFSC test-only* 29.3 38.0 29.8 2.89

Table B3: Examples of misclassified texts with their top
2 similar text from Supervised SimCSE model. (cosine
similarity, label)

Misclassified Text Top 1

Err. 1 i d rather be a clue-
less kid then an ig-
norant racist coward
hiding behind a com-
puter black lives mat-
ter (True: cheating,
harm, Predicted: non-
moral)

it is sad when my own
race treats me like i
am a stray dog because
i will not engage in
racism radical black
ideology with them
all lives matter (0.857,
True: non-moral)

Err. 2 all lives matter no sin-
gle person deserves
the cruel and violent
acts that are exposed
in this world (True:
non-moral, Predicted:
harm)

too many senseless
murders so many in-
nocent people suffer-
ing and losing lives
wrong on so many
levels all lives mat-
ter(0.888, True: harm)

Err. 3 thank you for your
work i wish had the
same compassion and
empathy and strength
(True: fairness, subver-
sion, Predicted: Care)

this strength compas-
sion leaves me in com-
plete awe i forgive
you charleston shoot-
ing black lives matter i
am same (0.968, True:
care)

Err. 4 hey we don ut obey
putin or you (True:
subversion, Predicted:
authority)

trump is our leader we
will obey (0.914, True:
authority)

balance between moral and non-moral texts. This
can also be expected based on Figure B2, which
will be discussed later. In the figure, many non-
moral instances overlap with moral instances. We
believe that adding additional moral instances can
improve the performance of SimCSE embeddings.
Additionally, Unsupervised SimCSE is more con-
fused between morality and non-morality, and Su-
pervised SimCSE sometimes gets more confused
between foundations. Similar patterns can be found
in Supervised SimCSE test-only and Unsupervised
SimCSE test-only models. Like Classification F1-
scores, Unsupervised SimCSE does not exhibit a
substantial difference after training on the MFTC
train set. Supervised SimCSE makes fewer mis-

takes in identifying morality from the moral texts,
while making more mistakes in recognizing non-
morality from the non-moral texts.

The BFSC models show an approximately equal
proportion across Error 1, Error 2, and Error 3.
Compared to SimCSE, the models are better at dis-
tinguishing morality and non-morality, but worse
at finding out the correct foundation. Looking at
Error 4, the baseline models make more mistakes
between virtue and vice within a foundation com-
pared to SimCSE models.

We observe examples of misclassified text for
each error, and the most similar sentence to that text
in Table B3 to analyze specific cases. Looking at
the example of Error 1, it shows that the embedding
space recognizes the query text as non-moral as the
most similar sentences are non-moral labeled text.
In the case of Error 2, the query sentence is anno-
tated by three individuals in three different labels,
fairness, care, and harm, before getting assigned
as ‘non-moral’ due to conflicting opinions. Error 2
exemplifies the different perspectives from which
the text can be viewed, explaining why the classi-
fier misclassified it. Similarly, Error 3 instance was
once labeled as ‘care’ by one of the annotators. It
is not unreasonable to predict the text as care. The
misclassified text of Error 4 discusses obedience in
a rather strong manner. The other similar examples
also show the authority-related context, showing
the opposite moral value within the foundation.

B.3 Detailed SimCSE Classification Result

Table B4 and Table B5 show the mean and standard
deviation of F1-Score for each moral value. Over-
all, a common pattern can be found for all models.
Cheating and Harm are the easiest vice values to
classify, and Fairness and Care are always the eas-
iest virtues value to classify. On the other hand,
the Purity foundation is always difficult to identify
in all the models. This could be attributed to the
fact that there are fewer examples with the ‘Purity’
label in the dataset. We speculate that increasing
the number of instances in other foundations will
improve the classification of other foundations as
well.

B.4 Foundation Only Embedding

Before conducting experiments with 11 labels, we
initially experimented with 6 labels, which are 5
foundations and non-moral, to figure out the possi-
bility of mapping the text to moral foundations.



Table B4: Detailed Classification Result for the best
performing SimCSE models (Mean F1, Standard Devia-
tion)

Model Sup. SimCSE Unsup. SimCSE

Care 67.9 (5.2) 56.7 (3.7)
Harm 57.5 (4.8) 48.1 (6.7)
Fairness 71.4 (6.3) 50.3 (8.8)
Cheating 66.0 (3.6) 40.1 (7.7)
Loyalty 61.1 (6.0) 36.7 (15.0)
Betrayal 51.0 (9.4) 16.8 (3.3)
Authority 54.9 (10.4) 30.2 (14.1)
Subversion 37.1 (13.1) 16.3 (3.9)
Purity 46.3 (21.8) 14.3 (10.1)
Degradation 32.2 (12.4) 14.6 (13.6)
Non-moral 78.0 (3.7) 73.9 (3.1)

Table B5: Detailed Classification Result for the BFSC
models (Mean F1, Standard Deviation)

Model BFSC All BFSC Test-Only

Care 70.5 (4.1) 67.0 (3.3)
Harm 64.7 (4.5) 57.9 (4.3)
Fairness 70.8 (7.8) 68.7 (6.1)
Cheating 71.2 (4.5) 64.8 (4.9)
Loyalty 65.4 (4.5) 59.9 (5.2)
Betrayal 55.5 (13.2) 48.2 (9.7)
Authority 59.6 (7.8) 51.5 (12.9)
Subversion 44.8 (10.2) 39.1 (13.5)
Purity 50.1 (8.1) 41.7 (10.7)
Degradation 52.5 (14.0) 38.4 (14.5)
Non-moral 80.3 (2.3) 77.2 (3.5)

Data processing is the same as the 11-label
dataset, but the supervised dataset construction is
slightly different as vice and virtue from the same
foundation are assigned a label of the foundation
they belong to. This means if two instances have
the same foundation, they can be a positive pair.
Furthermore, only hard negatives outside the actual
foundation were considered.

Table B6: Hyperparameter settings for Foundation Only
Supervised SimCSE

Hyperparameters Options

Model name sup-simcse-bert-large-uncased
Max Sequence Length 64
Epochs 3
Batch Size 16
Learning Rate 5× 10−5

Temperature 0.05
Pooler cls

The result can be found in Table B8. The de-
fault hyperparameters from SimCSE framework
are chosen except for the batch size and they are
not optimized. The hyperparameters are listed in
Table B6 and Table B7. The result is similar to

Table B7: Hyperparameter settings for Foundation Only
Unsupervised SimCSE

Hyperparameters Options

Model name unsup-simcse-bert-large-uncased
Max Sequence Length 64
Epochs 1
Batch Size 16
Learning Rate 3× 10−5

Temperature 0.05
Pooler cls

the 11-label model used in the main experiment.
As distinguishing between vice and virtue in addi-
tion to the moral foundations is more practical, we
decided to proceed with the 11-label model.

Table B8: Foundation Only Classification result. 11
Labels refer to the model we discussed in the main
paper.

Model Micro F1 Macro F1

Sup. SimCSE Foundation 68.0 56.7
Unsup. SimCSE Foundation 57.5 39.4

Sup. SimCSE 11 Labels 68.4 56.7
Unsup. SimCSE 11 Labels 58.0 36.2

B.5 MoralStrength Statistical Analysis
We investigate the correlation between Moral-
Strength values and moral embedding similarity
via a statistical analysis. Table B9 illustrates the
result of the statistical analysis of Figure 3c.

We made an assumption that there is a negative
correlation between the two measures, the distance
between two MoralStrength scores and the moral
similarity between two words. In other words, as
the two moral values become more alike (the dif-
ference between the two MoralStrength scores be-
comes small), the moral similarity between them
also increases. To explore the correlation between
the difference in moral strength values of two
words and their moral similarity, we performed
a Spearman correlation test. The null hypothesis
is that the correlation coefficient is 0. Table B9
shows that every case is a negative correlation as it
is expected, but the evidence is weak to reject the
null hypothesis (i.e., the p-value is always larger
than 0.05).

Although the Supervised moral embedding
space has some knowledge of morality, we specu-
late that the embedding space does not know the
specific degree/strength of a certain moral value as
it never explicitly learned those details.



Table B9: Spearman Correlation Result of Moral
Strength using Supervised Moral Embedding

Value Avg. Coeff Avg. p-value

Care -0.053 0.283
Harm -0.091 0.182
Fairness -0.107 0.121
Cheating -0.070 0.332
Loyalty -0.100 0.181
Betrayal -0.125 0.160
Authority -0.075 0.232
Subversion -0.132 0.132
Purity -0.118 0.123
Degradation -0.052 0.305

B.6 Plotting with UMAP

Figure B2 shows three clusters after training
MFTC, vice, virtue and non-moral. Vice means the
aggregation of all the vice moral values, and the
same applies for Virtue. Compared to Figure B1, it
shows a clearer separation between vice and virtue
values. Vice and Virtue clusters are less mixed
together, and a bigger gap can be found between
them. Both figures are plotted using the MFTC
train set.

Figure B1: UMAP plot showing only vice and virtue
before training on MFTC.

In addition to the train set visualization, we also
plot using the MFTC test set. These figures contain
more sparse scatter plots than the train set visual-
ization because the test set has fewer data points
as described in Section 4.1. The main difference
is that the embedding model is not exposed to the
test set during the training phase. Hence, it is pos-
sible to observe how the clusters are formed for the
unseen data.

Figure B3 and Figure B4 show similar patterns
as in Figure B1 and Figure B2. The model trained
on MFTC can separate the vice and the virtue in-
stances more than the untrained model. Moreover,

Figure B2: UMAP plot showing only vice and virtue
after training on MFTC.

Figure B3: UMAP plot showing only vice and virtue
before training on the MFTC train set. Plotted using the
MFTC test set.

Figure B4: UMAP plot showing only vice and virtue
after training on the MFTC train set. Plotted using the
MFTC test set.

Figure B6 forms clusters more clearly compared
to Figure B5, which is similar to the description
in Section 5.3. Overall, the findings from the train
set visualization and the test set visualization share
many commonalities, confirming the moral knowl-
edge of the Supervised SimCSE model.



Figure B5: UMAP plot of Moral Foundations before
training on the MFTC train set. Plotted using the MFTC
test set.

Figure B6: UMAP plot of Moral Foundations after train-
ing on the MFTC train set. Plotted using the MFTC test
set.

B.7 Plotting with PCA

We plot with PCA using the MFTC train set to
check whether a similar pattern can be found as in
UMAP.

Figure B7 and Figure B8 show a similar pattern
as in Figure B1 and Figure B2. The gap between
the two clusters, vice and virtue, in the PCA plot
gets wider after training with MFTC. The UMAP
Plot, Figure B2, however, shows an even clearer
separation.

Figure B9 and B10 also present the same facet as
in the UMAP plots, Figure 1 and Figure 4. Training
with MFTC obviously allows the model to learn

the characteristics of MFT both in the PCA and the
UMAP plots.

Figure B7: PCA plot of Vice and Virtue before training
on MFTC (Virtue: Pink, Vice: Green)

Figure B8: PCA plot of Vice and Virtue after training
on MFTC (Virtue: Pink, Vice: Green)

Figure B9: PCA plot of Moral Foundations before train-
ing on MFTC



Figure B10: PCA plot of Moral Foundations after train-
ing on MFTC

B.8 Alignment and Uniformity
alignment and unifomity are the analysis metrics to
assess the quality of the embedding space, which
takes alignment between positive pairs and unifor-
mity of the embedding space (Gao et al., 2021).
They can be simply calculated with the following
Equation 1 and Equation 2.

Lalign (f ;α) ≜ E
(x,x+)∼ppos

[
∥f(x)− f(x+)∥2

]
(1)

Luniform (f ; t) ≜ log E
x,y

i.i.d∼pdata

[
e−2∥f(x)−f(y)∥2

]
(2)

Table B10: alignment and uniformity Scores on MFTC
classification dataset. For both, lower numbers are better

Model alignment uniformity

Sup.SimCSE 0.772 -2.27
Unsup. SimCSE 1.50 -3.12

Perfect alignment and uniformity are not our re-
search goals. However, we computed the alignment
and uniformity score using the test dataset, 10%
of MFTC, to set a reference point of our embed-
ding space. Table B10 displays the result of align-
ment and uniformity metrics. Supervised SimCSE
outperforms in alignment, but gets a worse score
in uniformity compared to Unsupervised SimCSE.
The result is consistent with the findings in Sim-
CSE (Gao et al., 2021) that Supervised SimCSE
amends the alignment and Unsupervised SimCSE
effectively improves Uniformity.


