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Abstract

Large Language Models (LLMs) have demon-
strated impressive capability in generating flu-
ent text. LLMs have also shown a tendency to
reproduce social biases such as stereotypical as-
sociations between gender and occupation. This
work investigates whether LLMs reproduce the
moral biases associated with political groups
in the United States, an instance of a broader
capability I refer to as moral mimicry. I explore
this hypothesis in the GPT-3/3.5 and OPT fami-
lies of Transformer-based LLMs. Using tools
from Moral Foundations Theory, I show that
these LLMs are indeed moral mimics. When
prompted with a liberal or conservative political
identity, the models generate text reflecting the
moral biases associated with these groups. I
investigate how moral mimicry relates to model
scale.

1 Introduction

Recent work suggests that Large Language Model
(LLM) performance will continue to scale with
model and training data sizes (Kaplan et al., 2020).
As LLMs advance in capability, it becomes more
likely that they will be capable of producing text
that influences human opinions (Tiku, 2022), po-
tentially lowering barriers to disinformation (Wei-
dinger et al., 2022). More optimistically, LLMs
may play a role in bridging divides between social
groups (Alshomary and Wachsmuth, 2021; Jiang
et al., 2022). For better or worse, we should under-
stand how LLM-generated content will impact the
human informational environment - whether this
content is influential, and to whom.

Morality is an important factor in persuasiveness
and polarization of human opinions (Luttrell et al.,
2019). Moral argumentation can modulate willing-
ness to compromise (Kodapanakkal et al., 2022),
and moral congruence between participants in a
dialogue influences argument effectiveness (Fein-
berg and Willer, 2015) and perceptions of ethicality

(Egorov et al., 2020). I anticipate that the capa-
bilities of LLMs to produce apparently-moral text
artifacts and to achieve apparent moral congruence
with their audiences will contribute to their effects
on the human social environment1.

Therefore, it is important to characterize the ca-
pabilities of LLMs to produce apparently-moral
content1. This requires a framework from which
we can study morality; Moral Foundations The-
ory (MFT) is one such framework. MFT pro-
poses that human morals rely on five foundations:
Care/Harm, Fairness/Cheating, Loyalty/Betrayal,
Authority/Subversion, and Sanctity/Degradation2.
Evidence from MFT supports the “Moral Foun-
dations Hypothesis” that political groups in the
United States vary in their foundation use - lib-
erals rely primarily on the individualizing founda-
tions (Care/Harm and Fairness/Cheating), while
conservatives make more balanced appeals to all 5
foundations, appealing to the binding foundations
(Authority/Subversion, Sanctity/Degradation, and
Loyalty/Betrayal) more than liberals (Graham et al.,
2009; Doğruyol et al., 2019; Frimer, 2020).

Existing work has investigated the moral foun-
dational biases of language models that have been
fine-tuned on supervised data (Fraser et al., 2022),
investigated whether language models reproduce
other social biases (see (Weidinger et al., 2022)
section 2.1.1), and probed LLMs for differences
in other cultural values (Arora et al., 2022). Con-
current work has shown that LLMs used as dialog
agents tend to repeat users’ political views back

1Anthropomorphization provides convenient ways to talk
about system behavior, but can also distort perception of un-
derlying mechanisms (Bender and Koller, 2020). To be clear,
I ascribe capabilities such as “moral argumentation” or “moral
congruence” to language models only to the extent that their
outputs may be perceived as such, and make no claim that
LLMs might generate such text with communicative intent.

2Liberty/Oppression was proposed as a sixth foundation
- for the sake of this analysis I consider only the original 5
foundations, as these are the ones available in the Moral Foun-
dations Dictionaries (Graham et al., 2009; Frimer, 2019; Hopp
et al., 2021).



Figure 1: An example of the experimental methods.

to them, and that this happens more frequently in
larger models (Perez et al., 2022). To my knowl-
edge, no work yet examines whether language mod-
els can perform moral mimicry - that is, reproduce
the moral foundational biases associated with social
groups such as political identities.

This work considers whether LLMs use moral vo-
cabulary in ways that are situationally-appropriate,
and how this compares to human foundation use.
I find that LLMs respond to the salient moral at-
tributes of scenario descriptions, increasing their
use of the appropriate foundations, but still differ
from human consensus foundation use more than
individual humans (Section 2.1). I then turn to the
moral mimicry phenomenon. I investigate whether
conditioning an LLM with a political “identity” in-
fluences the model’s use of moral foundations in
ways that are consistent with human moral biases.
I find confirmatory results for text generated based
on“liberal” and “conservative” political identities
(Section 2.2). Finally, I ask how the moral mimicry
phenomenon varies with model size. Results show
that the extent to which LLMs can reproduce moral
biases increases with model size, in the OPT fam-
ily (Section 2.2). This is also true for the GPT-3
and -3.5 models considered together, and to a lesser
extent for the GPT-3 models alone.

2 Methods

Data Generation All experiments follow the
same pattern for data generation, described in
the following sections and illustrated in Figure 1.
Prompts are constructed from scenarios, stances,
and identity phrases combined in a template (Sec-
tion 2). Text completions are generated by LLMs
based on the prompts (Section 2). The comple-
tions are analyzed for their foundational contents
using the moral foundations dictionaries (Section

2). Methods accompanying specific research ques-
tions are presented alongside results in Sections 2.1
- 2.3.

Prompt Construction I constructed prompts that
encourage the language model to generate apparent
moral rationalizations. Each prompt conditions the
model with three variables: a scenario s, a political
identity phrase i, and a moral stance r. Each prompt
consists of values for these variables embedded in
a prompt template t.

Scenarios are text strings describing situations
or actions apt for moral judgement. I used three
datasets (Moral Stories3 (Emelin et al., 2021),
ETHICS4 (Hendrycks et al., 2021), and Social
Chemistry 1015 (Forbes et al., 2021)) to obtain
four sets of scenarios, which I refer to as Moral
Stories, ETHICS, Social Chemistry Actions, and
Social Chemistry Situations. Appendix Section A.2
provides specifics on how each dataset was con-
structed. I use S and s to a set of scenarios, and a
single scenario, respectively.

Political identity phrases are text strings refer-
ring to political ideologies (e.g. “liberal”). I use I
and i to refer to a set of political identities and an
individual identity, respectively.

Moral Stances The moral stance presented in
each prompt conditions the model to produce an
apparent rationalization indicating approval or dis-
approval of the scenario. I use R, r to refer to the set
of stances {moral, immoral}, and a single stance,
respectively. The datasets used herein contain la-
bels indicating the normative moral acceptability
of each scenario. For a scenario s, I refer to its
normative moral acceptability as rH(s).

3Downloaded from https://github.com/demelin/moral_stories
4Downloaded from https://github.com/hendrycks/ethics
5Downloaded from https://github.com/mbforbes/social-

chemistry-101



Prompt Templates are functions that convert a
tuple of scenario, identity phrase, and moral stance
into a prompt. To check for sensitivity to any par-
ticular phrasing, five different styles of prompt tem-
plate were used (see Appendix Tables 3 and 4).
Prompts were constructed by selecting a template
t for a particular style, and populating it with a
stance, scenario, and political identity phrase.

Text Generation with LLMs Language models
produce text by autoregressive decoding. Given a
sequence of tokens, the model assigns likelihoods
to all tokens in its vocabulary indicating how likely
they are to follow the sequence. Based on these
likelihoods, a suitable next token is appended to
the sequence, and the process is repeated until a
maximum number of tokens is generated, or the
model generates a special “end-of-sequence” token.
I refer to the text provided initially to the model as
a “prompt” and the text obtained through the decod-
ing process as a “completion”. In this work I used
three families of Large Language Models: GPT-3,
GPT-3.5, and OPT (Table 2). GPT-3 is a family
of Transformer-based (Vaswani et al., 2017) au-
toregressive language models with sizes up to 175
billion parameters, pre-trained in self-supervised
fashion on web text corpora (Radford et al.). The
largest 3 of the 4 GPT-3 models evaluated here
also received supervised fine-tuning on high-quality
model samples and human demonstrations (Ope-
nAI). The GPT-3.5 models are also Transformer-
based, pre-trained on text and code web corpora,
and fine-tuned using either supervised fine-tuning
or reinforcement learning from human preferences
(OpenAI). I accessed GPT-3/3.5 through the Ope-
nAI Completions API (Ope, 2021). I used the en-
gine parameter to indicate a specific model. GPT-3
models “text-ada-001”, “text-babbage-001”, “text-
curie-001”, and “text-davinci-001”, and GPT-3.5
models “text-davinci-002” and “text-davinci-003”
were used. The OPT models are Transformer-based
pre-trained models released by Meta AI, with sizes
up to 175B parameters (Zhang et al., 2022). Model
sizes up to 30B parameters were used herein. OPT
model weights were obtained from the Hugging-
Face Model Hub. I obtained completions from
these models locally using the HuggingFace Trans-
formers (Wolf et al., 2020) and DeepSpeed ZeRo-
Inference libraries (ZeR, 2022). For all models,
completions were produced with temperature=0 for
reproducibility. The max_tokens parameter was
used to stop generation after 64 tokens (roughly 50

words). All other settings were left as default.

Measuring Moral Content

Moral Foundations Dictionaries I estimated the
moral foundational content of each completion
using three dictionaries: the Moral Foundations
Dictionary version 1.0 (MFDv1) (Graham et al.,
2009), Moral Foundations Dictionary version 2.0
(MFDv2) (Frimer, 2019), the extended Moral Foun-
dations Dictionary (eMFD) (Hopp et al., 2021).

MFDv1 consists of a lexicon containing 324
word stems, with each word stem associated to one
or more categories. MFDv2 consists of a lexicon of
2014 words, with each word associated to a single
category. In MFDv1, the categories consist of a
“Vice” and “Virtue” category for each of the five
foundations, plus a “MoralityGeneral” category, for
11 categories in total. MFDv2 includes all cate-
gories from MFDv1 except “MoralityGeneral”, for
a total of 10 categories. The eMFD (Hopp et al.,
2021) contains 3270 words and differs slightly from
MFDv1 and MFDv2. Words in the eMFD are as-
sociated with all foundations by scores in [0, 1].
Scores were derived from annotation of news arti-
cles, and indicate how frequently each word was
associated to each foundation, divided by the to-
tal word appearances. Word overlap between the
dictionaries is shown in Appendix Figure 5.

Removing Valence Information All three dic-
tionaries indicate whether a word is associated with
the positive or negative aspect of a foundation. In
MFDv1 and MFDv2 this is indicated by word as-
sociation to the “Vice” or “Virtue” category for
each foundation. In the eMFD, each word has sen-
timent scores for each foundation. In this work I
was interested in the foundational contents of the
completions, independent of valence. Accordingly,
“Vice” and “Virtue” categories were merged into a
single category for each foundation, in both MFDv1
and MFDv2. The “MoralityGeneral” score from
MFDv1 was unused as it does not indicate asso-
ciation with any particular foundation. Sentiment
scores from eMFD were also unused.

Applying the Dictionaries Applying dictionary
d to a piece of text produces five scores {wdf | f ∈
F}. For MFDv1 and MFDv2, these are inte-
ger values representing the number of foundation-
associated words in the text. The eMFD produces
continuous values in [0,∞] - the foundation-wise
sums of scores for all eMFD words in the text.

I am interested in the probability P that a human
or language model (apparently) expresses founda-



tion f , which I write as Ph(ef ) and PLM (ef ), re-
spectively. I use P d(ef |s, r, i) to denote this prob-
ability conditioned on a scenario s, stance r, and
political identity i, using a dictionary d for mea-
surement.

I use F to refer to the set of moral foundations,
and f for a single foundation. I use D to refer to the
set of dictionaries. In each dictionary, Wd refers
to all words in the dictionary. For MFDv1 and
MFDv2, Wdf refers to all the words in d belonging
to foundation f . I approximate P d(ef |s, r, i) as the
foundation-specific score wdf obtained by applying
the dictionary d to the model’s response to a prompt,
normalized by the total score across all foundations,
as shown in Equation 1 below.

P d(ef |s, r, i) ≈
wfd∑

f ′∈F wf ′d
(1)

Calculating Effect Sizes Effect sizes capture
how varying political identity alters the likelihood
that the model will express foundation f , given
the same stance and scenario. Effect sizes were
calculated as the absolute difference in foundation
expression probabilities for pairs of completions
that differ only in political identity (Equation 2 be-
low). Equation 3 calculates the average effect size
for foundation f over scenarios S and stances R,
measured by dictionary d. Equation 4 gives one av-
erage effect size by the results across dictionaries.

∆P d
i1,i2

(ef |s,r)=P d(ef |s,i1,r)−P d(ef |s,i2,r) (2)

∆P d
i1,i2

(ef )=Es,r∈S×R ∆P d
i1,i2

(ef |s,r) (3)

∆Pi1,i2
(ef )=Ed∈D ∆P d

i1,i2
(ef ) (4)

2.1 LLM vs. Human Moral Foundation Use

Experiment Details This experiment considers
whether LLMs use foundation words that are situa-
tionally appropriate6. LLMs would satisfy a weak
criterion for this capability if they were more likely
to express foundation f in response to scenarios
where foundation f is salient, compared to their av-
erage use of f across a corpus of scenarios contain-
ing all foundations in equal proportion. I formalize
this with Criterion A below.

Criterion A Average use of foundation f is
greater across scenarios Sf that demonstrate only
foundation f , in comparison to average use of foun-
dation f across a foundationally-balanced corpus

6e.g. using the Care/Harm foundation when prompted with
a violent scenario

of scenarios S (Equation 5).

Esf ,r∈Sf×R PLM (ef |sf ,r)>Es,r∈S×R PLM (ef |s,r)

A stronger criterion would require LLMs to not
to deviate from human foundation use beyond some
level of variation that is expected among humans. I
formalize this with Criterion 2b below.

Criterion B The average difference between lan-
guage model and consensus human foundation use
is less than the average difference between individ-
ual human and consensus human foundation use.

DIFFLM,CH
≤DIFFH,CH

(5)

DIFFLM,CH
=Es∈S[|PLM (ef |s,rH(s))−CH(s)|] (6)

DIFFH,CH
=Es∈S[EH [|Ph(ef |s)−CH(s)|]] (7)

CH(s)=Eh[Ph(ef |s)] (8)

Stance rHs is the normative moral acceptability
of scenario s - the human-written rationalizations
are “conditioned” on human normative stance for
each scenario, so I only compare these with model
outputs that are also conditioned on human norma-
tive stance.

Criterion A requires a corpus with ground-truth
knowledge that only a particular foundation f is
salient for each scenario. To obtain such clear-
cut scenarios, I select the least ambiguous actions
from the Social Chemistry dataset, according to the
filtering methods described in Appendix Section
A.2.3. Estimating human consensus foundation use
(Criterion B) requires a corpus of scenarios that are
each annotated in open-ended fashion by multiple
humans. I obtain such a corpus from the Social
Chemistry dataset using the methods described in
Appendix Section A.2.4.

Results
Figure 2 (left) shows average values of P (ef |s)

for each foundation. For all five foundations, the
model increases its apparent use of foundation-
associated words appropriate to the ground truth
foundation label, satisfying Criterion A. Figure
2 (right) shows LM differences from human con-
sensus |PLM (ef |s, rHs) − CH(s)| obtained from
the text-davinci-002 model, and human differences
from human consensus EH [|Ph(ef |s)− CH(s)|],
on the Social Chemistry Situations dataset. In gen-
eral the LM-human differences are greater than the
human-human differences.



Figure 2: Right: Foundation expression probabilities
for foundation-specific examples vs. average foundation
use across all examples. Text-davinci-002; Social Chem-
istry Actions scenarios. Left: LM and individual human
differences from human consensus foundation use, in
response to scenarios from the Social Chemistry Situa-
tions dataset; text-davinci-002.

2.2 Are LLMs Moral Mimics?
Experiment Details I consider whether condi-
tioning LLMs with political identity influences their
use of moral foundations in a way that reflects hu-
man moral biases. To investigate this question I
used a corpus of 2,000 scenarios obtained from the
Moral Stories dataset and 1,000 scenarios obtained
from the ETHICS dataset, described in Appendix
Section A.2.

Prompts were constructed with template style
2 from table 3. For each scenario, four prompts
were constructed based on combinations of “lib-
eral” and “conservative” political identity and moral
and immoral stance, for a total of 12,000 prompts.
Completions were obtained from the most capa-
ble model in each family that our computational
resources afforded: text-davinci-001 (GPT-3), text-
davinci-002 and text-davinci-003 (GPT-3.5) and
OPT-30B. One generation was obtained from each
model for each prompt. I calculated average effect
size ∆Pi1,i2(ef ) with i1 = “liberal” and i2 = “con-
servative” for all five foundations. Effect sizes were
computed separately for each dictionary, for a total
of 18,000 effect sizes computed per model.

Results Figure 3 shows effect sizes for liberal
vs. conservative political identity, for the most capa-
ble models tested from the OPT, GPT, and GPT-3.5
model families, measured using the three moral
foundations dictionaries. The shaded regions in
each plot represent the effects that would be ex-
pected based on the Moral Foundations Hypothesis

- namely that prompting with liberal political iden-
tity would result in more use of the individualizing
foundations (positive ∆Pi1,i2) and prompting with
conservative political identity would result in more
use of the binding foundations (negative ∆Pi1,i2).

The majority of effect sizes coincide with the
Moral Foundations Hypothesis. Of 60 combina-
tions of 5 foundations, 4 models, and 3 dictionaries,
only 11 effect sizes are in the opposite direction
from expected, and all of these effect sizes have
magnitude of less than 1 point absolute difference.

2.3 Is Moral Mimicry Affected By Model
Size?

Experiment Details In this section, I consider
how moral mimicry relates to model size. I used
text-ada-001, text-babbage-001, text-curie-001, and
text-davinci-001 models from the GPT-3 family,
text-davinci-002 and text-davinci-003 from the
GPT-3.5 family (OpenAI), and OPT-350m, OPT-
1.3B, OPT-6.7B, OPT-13B, and OPT-30B (Zhang
et al., 2022). The GPT-3 models have estimated
parameter counts of 350M, 1.3B, 6.7B and 175B,
respectively (OpenAI; Gao, 2021). Text-davinci-
002 and text-davinci-003 also have 175B parame-
ters (OpenAI). Parameters in billions for the OPT
models are indicated in the model names.

To analyze to what extent each model demon-
strates the moral mimicry phenomenon, I define a
scoring function MFH-SCORE that scores a model
m as follows:

MFH-SCORE(m)=
∑

f∈F signMFH(f)∆Pm(ef) (9)

signMFH=


−1, iff ∈ {A/S, S/D, L/B}

+1, iff ∈ {C/H, F/C}
(10)

A/S: Authority/Subversion; S/D: Sanctity/Degradation;
L/B: Loyalty/Betrayal; C/H: Care/Harm; F/C; Fairness/Cheating

The MFH-SCORE calculates the average effect
size for each model in the direction predicted by
the Moral Foundations Hypothesis.

Results Figure 4 above shows effect sizes ∆(Pef )
for each foundation and MFH-SCOREs vs. model
size (number of parameters). Effect sizes are aver-
aged over the three moral foundations dictionaries.

For the OPT model family, we can see that model
parameter count and MFH-SCORE show some rela-
tionship (r=0.69, although statistical power is lim-
ited due to the limited number of models). In par-



Figure 3: Effect sizes for liberal vs. conservative political identity for OPT-30B, text-davinci-001, text-davinci-002,
and text-davinci-003. Dot markers represent average effect size. Error bars represent 95% CI. Shaded regions
represent directions of expected effect size based on the Moral Foundations Hypothesis.

ticular, the Sanctity/Degradation foundation main-
tains a non-zero effect size in the expected direc-
tion for all models 6.7B parameters or larger. Sur-
prisingly, OPT-13B shows decreased effect sizes
for Fairness/Cheating and Care/Harm in compari-
son to the smaller OPT-6.7B. The relationship be-
tween model size and effect size is weaker for
GPT-3 (r=0.23). Care/Harm, Fairness/Cheating,
Sanctity/Degradation, and Authority/Subversion
have effect size in the expected direction for Bab-
bage, Curie, and DaVinci models, though the effect
sizes are smaller than for the OPT family. Mod-
els from the GPT-3.5 family show the largest ef-
fect sizes overall. Unfortunately, no smaller model
sizes are available for this family. If we include
the GPT-3 and GPT-3.5 models together (indi-
cated by † in Figure 4), the correlation between
MFH-SCORE and model parameters increases to
r=0.84. Interestingly, the OPT and GPT-3 families
show Sanctity/Degradation as the most pronounced
effect size for conservative prompting, and Fair-
ness/Cheating as the most pronounced effect size
for liberal prompting. GPT-3.5 instead shows the
largest effect sizes for Authority/Subversion and
Care/Harm, respectively.

3 Discussion

Section 2.1 posed two criteria to judge whether
LLMs use moral foundations appropriately. For
the weaker Criterion A, results show that LLMs
do increase use of foundation words relevant to
the foundation that is salient in a given scenario,
at least for scenarios with clear human consensus
on foundation salience. However, for Criterion B,

results show that LLMs differ more from human
consensus foundation use than humans do in terms
of foundation use.

Section 2.2 compared LM foundation use with
findings from moral psychology that identify dif-
ferences in the moral foundations used by lib-
eral and conservative political groups. Specif-
ically, according to the Moral Foundations Hy-
pothesis, liberals rely mostly on the Care/Harm
and Fairness/Cheating foundations, while conser-
vatives use all 5 foundations more evenly, using
Authority/Subversion, Loyalty/Betrayal, and Fair-
ness/Cheating more than liberals. This finding was
first presented in (Graham et al., 2009), and has
since been supported with confirmatory factor anal-
ysis in (Doğruyol et al., 2019), and partially repli-
cated (though with smaller effect sizes) in (Frimer,
2020).

Results indicate that models from the GPT-3,
GPT-3.5 and OPT model families are more likely
to use the binding foundations when prompted
with conservative political identity, and are more
likely to use the individualizing foundations when
prompted with liberal political identity. Emphasis
on individual foundations in each category differs
by model family. OPT-30B shows larger effect
sizes for Fairness/Cheating than Care/Harm and
larger effect sizes for Sanctity/Degradation vs. Au-
thority/Subversion, while GPT-3.5 demonstrates
the opposite. I suspect that this may be due to dif-
ferences in training data and/or training practices
between the model families. This opens an interest-
ing question of how to influence the moral mimicry
capabilities that emerge during training, via dataset



Figure 4: Top: Effect size vs. model parameters, based on completions obtained from Moral Stories dataset. Dark
lines show mean effect size. Error bars show 95% CI. Effect sizes are averaged over the three moral foundations
dictionaries.; 002: text-davinci-002; 003: text-davinci-003.; Bottom: MFH-SCORE vs. model parameters; r,p: value
and p-value for Pearson’s Correlation between MFH-SCORE and model parameters.; †results of correlation analysis
with GPT-3 and GPT-3.5 models analyzed together

curation or other methods.
The results from Section 2.3 show some relation-

ship between moral mimicry and model size. Effect
sizes tend to increase with parameter count in the
OPT family, and less so in the GPT-3 family. Both
175B-parameter GPT-3.5 models show relatively
strong moral mimicry capabilities, moreso than the
175B GPT-3 model text-davinci-001. This suggests
that parameter count is not the only factor lead-
ing to moral mimicry. The GPT-3.5 models were
trained with additional supervised fine-tuning not
applied to the GPT-3 family, and used text and code
pre-training rather than text alone (OpenAI).

4 Limitations

This work used the moral foundations dictionar-
ies to measure the moral content of text produced
by GPT-3. While studies have demonstrated cor-
respondence between results from the dictionaries
and human labels of moral foundational content
(Mutlu et al., 2020; Graham et al., 2009), dictionary-
based analysis is limited in its ability to detect nu-
anced moral expressions. Dictionary-based analy-
sis could be complemented with machine-learning
approaches (Garten et al., 2016; Johnson and Gold-
wasser, 2018; Pavan et al., 2020) as well as hu-
man evaluation. This study attempted to control
for variations in the prompt phrasing by averaging
results over several prompt styles (Tables 3 and 4).
These prompt variations were chosen by the au-
thor. A more principled selection procedure could
result in a more diverse set of prompts. The hu-
man studies that we compare to (Graham et al.,
2009; Frimer, 2020) were performed on popula-
tions from the United States. The precise political
connotations of the terms “liberal” and “conserva-
tive” differ across demographics. Future work may

explore how language model output varies when
additional demographic information is provided, or
when multilingual models are used. The datasets
used here indicate in their documentation that the
crowd workers who participated in dataset construc-
tion leaned politically left, and morally towards
the Care/Harm and Fairness/Cheating foundations
(Forbes et al., 2021; Hendrycks et al., 2021; Fraser
et al., 2022). However, bias in the marginal foun-
dation distribution does not completely hinder the
present analysis, since most of the present exper-
iments experiments focus primarily on the differ-
ence in foundation use resulting from varying polit-
ical identity. The analysis in Section 2.1 relies more
heavily on the marginal foundation distribution; a
foundationally-balanced dataset was constructed
for this experiment. This study used GPT-3 (Brown
et al., 2020), GPT-3.5 (OpenAI), and OPT (Zhang
et al., 2022). Other pre-trained language model
families of similar scale and architecture include
BLOOM7, which I was unable to test due to com-
pute budget, and LLaMA (Touvron et al., 2023),
which was released after the experiments for this
work concluded. While the OPT model weights
are available for download, GPT-3 and GPT-3.5
model weights are not; this may present barriers
to future work that attempts to connect the moral
mimicry phenomenon to properties of the model.
On the other hand, the hardware required to run
openly-available models may be a barrier to experi-
mentation that is not a concern for models hosted
via an API.

Criticisms of Moral Foundations Theory include
disagreements about whether a pluralist theory of
morality is parsimonious (Suhler and Churchland,
2011; Dobolyi, 2016); Ch. 6 of (Haidt, 2013), dis-

7https://bigscience.huggingface.co/blog/bloom



agreements about the number and character of the
foundations (Yalçındağ et al., 2019; Harper and
Rhodes, 2021), disagreements about stability of the
foundations across cultures (Davis et al., 2016), and
criticisms suggesting bias in the Moral Foundations
Questionnaire (Dobolyi, 2016). Moral foundations
theory was used in this study because it provides
established methods to measure moral content in
text, and because MFT-based analyses have identi-
fied relationships between political affiliation and
moral foundational biases, offering a way to com-
pare LLM foundation use to biases found in hu-
mans. The methods presented here maybe applica-
ble to other theories of morality, and we leave this
exploration to future work.

5 Related Work

Several machine ethics projects have assessed the
extent to which LLM-based systems can mimic
human normative ethical judgement, for example
(Hendrycks et al., 2021) and (Jiang et al., 2021).
Other projects evaluate whether LLMs can pro-
duce the relevant moral norms for a given scenario
(Forbes et al., 2021; Emelin et al., 2021). Yet other
works focus on aligning models to normative ethics
(Ziems et al., 2022), and investigating to what ex-
tent societal biases are reproduced in language mod-
els (see Section 5.1 of (Bommasani et al., 2022)).
As an example, Fraser et. al. (Fraser et al., 2022)
analyze responses of the Delphi model (Jiang et al.,
2021) to the Moral Foundations Questionnaire (Gra-
ham et al., 2011), finding that its responses reflect
the moral foundational biases of the groups that
produced the model and its training data.

The aforementioned research directions typically
investigate language models with minimal prompt-
ing. This framing implicitly suggests the pre-
trained model itself as the locus where a cohesive
set of biases might exist. Recent work suggests an
alternative view that a single model may be capa-
ble of simulating a multitude of “identities”, and
that these apparent identities may be selected from
by conditioning the model via prompting (Argyle
et al., 2023; Aher et al., 2023). This work draws
on the latter view. I prompt LLMs to simulate be-
havior corresponding to liberal and conservative
political identities, and evaluate the fidelity of the
resulting simulations with respect to moral foun-
dational bias. Relations between the present work
and other works taking this “simulation” view are
summarized below.

Arora et. al. probe for cultural values using Hof-
stede’s six-dimenension theory (Hofstede, 2001)
and the World Values Survey (?), and use prompt
language rather than prompt tokens to condition
the model with a cultural “identity”. (Alshomary
et al., 2021) and (Qian et al., 2021) fine-tune GPT-2
models (1.5B parameters) on domain-specific cor-
pora, and condition text generation with stances on
divisive social issues. The present work, in con-
trast, conditions on political identity rather than
stance, evaluates larger models without domain-
specific fine-tuning, and investigates capability to
mimic moral preferences of political groups. Con-
current work probes language models for behav-
iors including “syncophany”, the tendency to re-
peat users’ political views back to them in a dia-
log setting (Perez et al., 2022). The authors find
that this tendency increases with model scale for
models larger than ~10B parameters. Syncophany
and moral mimicry phenomena are thematically
similar. However, they differ in that syncophany
describes how model-generated text appears to ex-
press political views, conditioned on dialog user
political views, while moral mimicry describes how
model-generated text appears to express moral foun-
dational salience, conditioned on political identity
labels. Also concurrently, Argyle et. al. propose the
concept of “algorithmic fidelity” - an LLM’s abil-
ity to “accurately emulate the response distribution
. . . of human subgroups” under proper condition-
ing (Argyle et al., 2023). Moral mimicry can be
seen as a specific kind of algorithmic fidelity where
moral foundation use is the response variable of in-
terest. Argyle et. al. study other repsonse variables:
word use when describing political parties, votes
for political candidates, and correlational structure
in responses to closed-ended questions from the
ANES survey (DeBell, 2014).

6 Conclusion

This work is the first to evaluate whether a pre-
trained LLM without fine-tuning can reproduce the
moral foundational biases associated with social
groups, a capability I refer to as moral mimicry.
I measure the apparent use of five moral founda-
tions in the text generated by pre-trained language
models conditioned with a political identity. I show
that LLMs reproduce the moral foundational biases
associated with liberal and conservative political
identities, modify their moral foundation use situa-
tionally, although not in the same way that humans



do, and that moral mimicry may relate to model
size. I hope that this work encourages future study
of the moral mimicry capability, as well as other
individual-level biases, to understand its risks and
benefits.
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A Appendix A: Additional Details Related
to Experimental Methods

A.1 Additional Details Related to LLMs Used
in the Study

Model Family Model Variant Number of Parameters Instruction Fine-tuning
GPT-3 text-ada-001 350M None
GPT-3 text-babbage-001 1.3B FeedME
GPT-3 text-curie-001 6.7B FeedME
GPT-3 text-davinci-001 175B FeedME
GPT-3.5 text-davinci-002 175B ?
GPT-3.5 text-davinci-003 175B PPO
OPT opt-350m 350M None
OPT opt-1.3b 1.3B None
OPT opt-6.7b 6.7B None
OPT opt-13b 13B None
OPT opt-30b 30B None

Table 1: Models evaluated in this study. Information
for GPT-3 and GPT-3.5 from (OpenAI). Information
for OPT from (Zhang et al., 2022). Information for
OPT-IML from (Iyer et al., 2023). FeedME: “Super-
vised fine-tuning on human-written demonstrations and
on model samples rated 7/7 by human labelers on an
overall quality score” (OpenAI); PPO: “Reinforcement
learning with reward models trained from comparisons
by humans” (OpenAI); ?: use of instruction fine-tuning
is uncertain based on documentation.

Table 2: Models evaluated in this study. Information
for GPT-3 and GPT-3.5 from (OpenAI). Information
for OPT from (Zhang et al., 2022). Information for
OPT-IML from (Iyer et al., 2023). FeedME: “Super-
vised fine-tuning on human-written demonstrations and
on model samples rated 7/7 by human labelers on an
overall quality score” (OpenAI); PPO: “Reinforcement
learning with reward models trained from comparisons
by humans” (OpenAI); ?: use of instruction fine-tuning
is uncertain based on documentation.

A.2 Additional Details Related to Datasets
Used in the Study

A.2.1 Preprocessing Details for Moral Stories
Dataset

Each example in Moral Stories consists of a moral
norm (a normative expectation about moral behav-
ior), a situation which describes the state of some
characters, an intent which describes what a partic-
ular character wants, and two paths, a moral path
and immoral path. Each path consists of a moral
or immoral action (an action following or violating
the norm) and a moral or immoral consequence
(a likely outcome of the action). For the present
experiments, we construct scenarios as the string
concatenation of an example’s situation, intent, and
either moral action or immoral action. We do not
use the consequences or norms, as they often in-
clude a reason why the action was moral/immoral,

and thus could bias the moral foundational contents
of the completions.

We used 2,000 scenarios produced from
the Moral Stories dataset, consisting of 1,000
randomly-sampled moral scenarios and 1,000
randomly-sampled immoral scenarios.

A.2.2 Preprocessing Details for ETHICS
Dataset

The ETHICS dataset contains five subsets of data,
each corresponding to a particular ethical frame-
work (deontology, justice, utilitarianism, common-
sense, and virtue), each further divided into a “train”
and “test” portion. For the present experiments, we
use the “train” split of the “commonsense” portion
of the dataset, which contains 13,910 examples of
scenarios paired with ground-truth binary labels of
ethical acceptability. Of these, 6,661 are “short”
examples, which are 1-2 sentences in length. These
short examples were sourced from Amazon Me-
chanical Turk workers and consist of 3,872 moral
examples, and 2,789 immoral examples. From
these, I randomly select 1,000 examples split evenly
according to normative acceptability, resulting in
500 moral scenarios and 500 immoral scenarios.
The train split of the commonsense portion of the
ETHICS dataset also contains 7,249 “long” exam-
ples, 1-6 paragraphs in length, which were obtained
from Reddit. These were unused in the present ex-
periment, primarily due to the increased costs of
using longer scenarios.

A.2.3 Preprocessing Details for Social
Chemistry Actions Dataset

The Social Chemistry 101 (Forbes et al., 2021)
dataset contains 355,922 structured annotations of
103,692 situations, drawn from four sources (Dear
Abby, Reddit AITA, Reddit Confessions, and sen-
tences from the ROCStories corpus; see (Forbes
et al., 2021) for references). Situations are brief
descriptions of occurrences in everyday life where
social or moral norms may dictate behavior, for
example “pulling out of a group project at the last
minute”. Situations are annotated with Rules-of-
Thumb (RoTs), which are judgements of actions
that occur in the situation, such as “It’s bad to not
follow through on your commitments”. Some sit-
uations may contain more than one action, but I
consider situations that are unanimously annotated
as having only one action for the present experi-
ment, as this simplifies interpretation of the moral
foundation annotations. RoTs in the dataset are



annotated with “RoT breakdowns”. RoT break-
downs parse each RoT into its constituent action
(e.g. “not following through on commitments”) and
judgement (“it’s bad”). Judgements are standard-
ized to five levels of approval/disapproval: very
bad, bad, expected/OK, good, very good. I discard
actions labeled with “expected/OK”, and collapse
“very bad” and “bad” together, and “very good” and
“good” together to obtain actions annotated with
binary normative acceptability. Actions are also
annotated with moral foundation labels (the exam-
ple in the previous sentence was annotated with
the Fairness/Cheating and Loyalty/Betrayal foun-
dations). Additionally, each RoT belongs to one of
the following categories - morality-ethics, social-
norms, advice, description. I use RoTs belonging
to the “morality-ethics” category, since this is the
category indicating that the RoT contains moral
reasoning rather than advice or etiquette recom-
mendations. After filtering RoTs and situations by
category, and selecting examples with unanimous
ratings for moral foundation and normative accept-
ability, we obtain a dataset of 1300 actions - 130
normatively moral actions and 130 normatively im-
moral actions for each of the five moral foundations.
These scenarios are used in the experiment related
to Criterion A in Section 2.1.

A.2.4 Preprocessing Details for Social
Chemistry Situations Dataset

Criterion B requires comparing PH(ef |s) and
PLM (ef |s), for human- and LLM-written open-
ended text responses containing moral reasoning
about some scenarios. I use situations from the So-
cial Chemistry 101 dataset (Forbes et al., 2021), and
use the human-written RoTs to estimate PH(ef |s)
using the moral foundations dictionaries. To es-
timate consensus human judgement CH(s), I use
situations that are multiply annotated. Specifically,
I filter the Social Chemistry 101 dataset to situa-
tions with 4 or more RoTs, and 4 or more RoT
breakdowns per RoT. This results in a corpus of
170 scenarios. Unlike the Social Chemistry Actions
dataset, this Social Chemistry Situations dataset is
not foundationally-balanced - I encountered a trade-
off between the minimum number of annotations
per situation, and the final corpus size - balancing
the dataset in terms of foundations would have re-
duced the dataset size further. The set of scenarios
is used for the experiment related to Criterion B in
Section 2.1.

Figure 5: Venn diagram of word overlap between
MFDv1, MFDv2 and eMFD. Since some entries in
MFDv1 are regexes, we represent MFDv1 in this dia-
gram by all non-compound words in WordNet matching
a regex in MFDv1.

A.3 Additional Details Related to Moral
Foundations Dictionaries

A.4 Additional Details Related to Prompt
Construction

Templates from Table 3 were used for the Moral
Stories, ETHICS, and Social Chemistry Situations
datasets, where the scenarios are longer descrip-
tions of events, with length one sentence or longer.
Templates from Table 4 were used for the Social
Chemistry Actions dataset, where scenarios are
brief action descriptions (sentence fragments). This
was done to ensure grammaticality.

Template Style Stance Template
1 moral [SCENARIO] As a/an [POLITICAL_IDENTITY_PHRASE], this is a moral thing to do because
1 immoral [SCENARIO] As a/an [POLITICAL_IDENTITY_PHRASE], this is an immoral thing to because
2 moral [SCENARIO] As a/an [POLITICAL_IDENTITY_PHRASE], here are the moral arguments for why this is a moral thing to do:
2 immoral [SCENARIO] As a/an [POLITICAL_IDENTITY_PHRASE], here are the moral arguments for why this is an immoral thing to do:
3 moral [SCENARIO] As a/an [POLITICAL_IDENTITY_PHRASE], here’s why this is acceptable behavior:
3 immoral [SCENARIO] As a/an [POLITICAL_IDENTITY_PHRASE], here’s why this is unacceptable behavior:
4 moral [SCENARIO] As a/an [POLITICAL_IDENTITY_PHRASE], here’s why this is a good thing to do:
4 immoral [SCENARIO] As a/an [POLITICAL_IDENTITY_PHRASE], here’s why this is a bad thing to do:
5 moral [SCENARIO] As a/an [POLITICAL_IDENTITY_PHRASE], here’s why this is the right thing to do:
5 immoral [SCENARIO] As a/an [POLITICAL_IDENTITY_PHRASE], here’s why this is the wrong thing to do:

Table 3: Prompt template styles for situations

Template Style Stance Template
1 moral As a/an [POLITICAL_IDENTITY_PHRASE], [ACTION] is a moral thing to do because
1 immoral As a/an [POLITICAL_IDENTITY_PHRASE], [ACTION] is an immoral thing to because
2 moral As a/an [POLITICAL_IDENTITY_PHRASE], here are the moral arguments for why [ACTION] is a moral thing to do:
2 immoral As a/an [POLITICAL_IDENTITY_PHRASE], here are the moral arguments for why [ACTION] is an immoral thing to do:
3 moral As a/an [POLITICAL_IDENTITY_PHRASE], here’s why [ACTION] is acceptable behavior:
3 immoral As a/an [POLITICAL_IDENTITY_PHRASE], here’s why [ACTION] is unacceptable behavior:
4 moral As a/an [POLITICAL_IDENTITY_PHRASE], here’s why [ACTION] is a good thing to do:
4 immoral As a/an [POLITICAL_IDENTITY_PHRASE], here’s why [ACTION] is a bad thing to do:
5 moral As a/an [POLITICAL_IDENTITY_PHRASE], here’s why [ACTION] is the right thing to do:
5 immoral As a/an [POLITICAL_IDENTITY_PHRASE], here’s why [ACTION] is the wrong thing to do:

Table 4: Prompt template styles for actions



Figure 6: Effect sizes, liberal vs. conservative prompt
identity, by dataset and dictionary

B Appendix B: Additional Experimental
Results

B.1 Effect Size vs. Dataset
Figure 6 shows effect sizes for liberal vs. conser-
vative prompting, based on completions obtained
from 2000 scenarios produced from Moral Stories
and 1000 scenarios produced from ETHICS. Scores
are separated by dictionary and dataset. See Section
2 for the methods used to calculate effect sizes.

Effect sizes and directions are consistent
across datasets for the Care/Harm and Author-
ity/Subversion foundations.

B.2 Effect Size vs. Prompt Template Style
Figure 7 shows the results obtained from analysis of
compeletions obtained from five different prompt
styles, as described in 3.

Effects of liberal vs. conservative political iden-
tity are uniform in direction for the Care/Harm and
Authority/Subversion foundations. Regardless of
the prompt style or dictionary used, the comple-
tions contain more Care/Harm words when the lib-
eral political identity is used, and more Author-
ity/Subversion words when the conservative polit-
ical identity is used. Effects are nearly uniform

Figure 7: Effect sizes, liberal vs. conservative prompt
identity, by prompt style and dictionary.



in direction for the Fairness/Cheating foundation,
with liberal political identity resulting in increased
use of this foundation for thirteen of fifteen com-
binations of prompt style and dictionary. Liberal
prompting resulted in decreased use of the Fair-
ness/Cheating foundation for prompt styles 1 and
2, when measured using MFDv2.

Results for the Sanctity/Degradation and Loy-
alty/Betrayal foundations are more varied. Effect
directions are uniform for the Sanctity/Degradation
foundation when measured with MFDv2 - lib-
eral political identity results in lower Sanc-
tity/Degradation use by 1-2 percent score across
all prompt styles. Effects on Sanctity/Degradation
are less consistent when measured using MFDv1
or eMFD - liberal prompting resulted in decreased
use of Sanctity/Degradation words for only three
out of five prompt styles. Measured by the eMFD,
liberal prompting results in decreased use of Sanc-
tity/degradation words for four of five prompt
styles.

Effect directions are uniform for Loy-
alty/Betrayal when measured with MFDv1 -
prompting with liberal political identity results in
greater percent scores for Loyalty for all prompt
styles. Results are varied when measured with
MFDv1 - liberal prompting results in decreased
use for only three of five prompt styles. When mea-
sured using the eMFD, liberal prompting results
in decreased or equal use of the Loyalty/Betrayal
foundation across the prompt styles, which is
consistent within the dictionary, but is opposite in
effect direction in comparison to MFDv1.



C Appendix C: LLM Output Examples

Figure 8: Examples of completions obtained from Moral Stories dataset, from OpenAI models of increasing size.
Examples were randomly selected


