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Abstract

Pre-training and fine-tuning large language models (LMs) is currently the state-of-the-art methodology for enabling
data-scarce downstream tasks. However, the derived models still tend to replicate and perpetuate social biases.
To understand this process in more detail, this paper investigates the actual effects of learning downstream tasks
on moral bias in LMs. We develop methods to assess the agreement of LMs to explicitly codified norms in both
the pre-training and fine-tuning stages. Even if a pre-trained foundation model exhibits consistent norms, we
find that introducing downstream tasks may indeed lead to unexpected inconsistencies in norm representation.
Specifically, we observe two phenomena during fine-tuning across both masked and causal LMs: (1) pre-existing
moral bias may be mitigated or amplified even when presented with opposing views and (2) prompt sensitivity
may be negatively impacted. We provide empirical evidence of models deteriorating into conflicting states, where
contradictory answers can easily be triggered by slight modifications in the input sequence. Our findings thus raise
concerns about the general ability of LMs to mitigate moral biases effectively.
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1. Introduction ling such moral bias in LMs is of paramount impor-
tance as their outputs can significantly influence

Pre-training and fine-tuning large language mod- e - i
opinions and perpetuate specific social norms,

els (LMs) allows leveraging massive datasets in ) ; X
a self-supervised fashion to enable better per- thereby influencing societal progress (Zhao et al.,

formance in data-scarce downstream tasks (Er-  2017;Hendrycks etal., 2021b; Emelin etal., 2021;
han et al., 2010: Devlin et al., 2019; Radford and Feng et al., 2023). To understand this behavior in
Narasimhan, 2018: Radford et al., 2019: Brown more detail, our work investigates the robustness
et al.,, 2020). The two-step process first instills of Iargg language 'm(')de/s concerning .their re.pre1-
models with general-purpose knowledge through sentation of descriptive norms under fine-tuning.

massive self-supervised training. The resulting N Summary:

foundation models are then fine-tuned on down- + We study LMs at their pre-trained and fine-
stream tasks requiring fewer training steps and tuned stages to assess the effects of learn-
data. Indeed, the paradigm’s success is indis- ing specific downstream tasks on previously
putable in terms of its results regarding current learned norms. We quantify these effects in
benchmarks. terms of norm agreement and wording sensi-
A common assumption and desired robustness tivity.

feature in fine-tuning is to be minimally invasive: « As a direct consequence of the differences
the knowledge captured by the foundational model of foundational/fine-tuned models in their re-
should be adapted regarding the downstream spective output domains, we propose to em-
task, yet unrelated knowledge should be affected bed downstream tasks in the pre-training do-
as little as possible (McCloskey and Cohen, 1989; main and provide exhaustive empirical evi-
Kirkpatrick etal., 2017; Dong et al., 2021). Surpris- dence for the effectiveness of this approach.

ingly, models have been shown to produce con-
flicting outputs on differently phrased, but other-
wise semantically equivalent inputs (Wang et al.,

» We derive a suite of 108k prompts to test the
agreement of explicitly codified norms, named

2023: Ribeiro et al., 2019; Elazar et al., 2021), Moral Bias Probe.
which may pose an obstacle for safe deployment. * Finally, we study the impact of downstream
tasks on model robustness regarding norm

This behavior is particularly problematic for the
field of ethical Al (for an overview, see Awad et al.,
2022), since carefully aligned expressions of ethi-
cal rules and norms in the foundational model may 'Data and code on GitHub: https://github.com/
be severely affected by later fine-tuning. Control-  nkiehne/moral_bias_probe.

representations.
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Stamper (1996) defines the syntactic structure
of general norms as ”if <condition> then <some
agent> is permitted/forbidden/obliged to do <ac-
tion>". In this sense, norms express a value judg-
ment on agents’ actions, given that the precondi-
tions are met. This descriptive definition of norms
is used throughout the paper, possibly encom-
passing subclasses such as social, cultural, or le-
gal norms. Itis important to note that we acknowl-
edge the diverse perspectives on ethics and do not
promote any specific moral concepts. Rather, our
approach leverages existing resources to estab-
lish quantifiable assessments for a particular kind
of moral bias.

While our work only focuses on one specific type
of moral bias and our notion of model robustness
is thus limited (norm retention and norm consis-
tency), our results suggest that downstream tasks
often introduce strong moral inconsistencies. For
example, GPT-Neo-2.7B completes prompts of
the form ”If | were stealing from others that would
be [MASK]” and "Stealing from others is [MASK]’
with contradicting answers in 76.7% of all cases in
the Moral Bias Probe after learning to solve a new
task.

2. Related work

In attempts to align Al to human values and
norms, several datasets have been curated via
crowdsourcing (Forbes et al., 2020; Hendrycks
et al.,, 2021a; Emelin et al., 2021; Lourie et al.,
2021; Jiang et al., 2021; Solaiman and Denni-
son, 2021; Jin et al., 2022). Other works inves-
tigate the use of narratives as vehicles of so-
cietal values (Riedl and Harrison, 2016; Nahian
et al., 2020). Recently, interactive narratives, such
as text-adventure games, have been equipped
with human-labeled assessments of normative be-
havior and may serve as test environments of
text-based agents (Ammanabrolu et al., 2022;
Hendrycks et al., 2021c; Pan et al., 2023). These
works usually have one specific aspect in com-
mon, in that they treat value alignment as a down-
stream task that shall be maximized. We show that
good downstream results do not guarantee consis-
tent adoption of new values and that pre-existent
moral bias can often still be accessed via slight
modifications of the input.

Social Bias Preventing the perpetuation of unde-
sirable biases is one of the key obstacles in socio-
technical systems. Previous research has uncov-
ered a multitude of different kinds of bias, rang-
ing from broader concepts such as algorithmic fair-
ness (Hardt et al., 2016; Zemel et al., 2013) to
more fine-grained notions specific to few sensitive
attributes, e.g. gender, age, or race (Sun et al.,
2019; Field et al., 2021). Zhao et al. (2017) show
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that pre-trained language models (PLM) amplify
gender biases when fine-tuned on appropriately
biased datasets. But, although our results also
partially exhibit this phenomenon, we show that it
occurs only in one specific setting: Biases are con-
sistently amplified only when the downstream task
is similarly biased as the pre-trained model. Feng
et al. (2023) study political leanings of LMs by uti-
lizing questionnaires from political spectrum the-
ory. In a second step, they conduct additional pre-
training on corpora with controlled political bias.
Then, they measure the effects of political bias on
hate speech and misinformation detection. They
show that different political biases may lead to dif-
ferences in downstream performance. Our work is
methodologically complementary to theirs: here,
we investigate the effects of downstream tasks on
the pre-existent bias.

Catastrophic forgetting In a sequential task set-
ting, neural networks are prone to deviate from
previously learned objectives (McCloskey and Co-
hen, 1989; Mermillod et al., 2013). This phe-
nomenon may also apply to pre-training and fine-
tuning, as discussed by Dong et al. (2021). Sev-
eral approaches address the issue: regularization-
based (Kirkpatrick et al., 2017; Lee et al., 2020),
parameter-isolation (Lange et al., 2022), and re-
play methods (Rolnick et al., 2019). These meth-
ods may not account for selective adaptions, i.e.
cases in which some norms shall be kept intact
and others shall not.

Robustness The ever-increasing applicability of
LMs to real-world problems has brought forward
a series of concerns regarding the robustness
and consistency of their behavior (Petroni et al.,
2019; Jiang et al., 2020; Kalo and Fichtel, 2022;
Elazar et al.,, 2021). Works of this sort often
aim to leverage LMs for knowledge-base comple-
tion, utilizing their encoded relational information.
From early on, LMs have shown to respond with
self-contradictory statements on numerous tasks,
ranging from question-answering or natural lan-
guage inference to text comprehension (Du et al.,
2019; Ribeiro et al., 2019; Bouraoui et al., 2020;
Liu et al., 2023; Shin et al., 2020; Clouatre et al.,
2022). The issue remains persistent, as exempli-
fied by several challenge datasets that highlight
this systematic error in LMs. The proposed coun-
termeasures often require additional training on
complementing task-specific datasets. Our results
raise concerns about the long-lasting effects of
such methods, since just a few epochs of training
on a consecutive downstream task may introduce
new inconsistencies.
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Figure 1: Overview of the Moral Bias Probe framework.

3. Moral Bias Probe

Our goal is to quantify the effects of learning down-
stream tasks on moral bias. For this, we aim to as-
sess moral bias twice: first, after pre-training, and
again after learning a new task. Thus, an evalua-
tion methodology is required that allows compar-
isons at both training stages. However, the do-
main mismatches between pre-training and down-
stream objectives pose a major obstacle in this re-
gard. For example, the outputs of a model pre-
trained on a token-masking objective can not im-
mediately be compared to those of an LM fine-
tuned for a classification task, due to the different
task semantics.

To bridge this gap, we draw on existing work on
unified interfaces for NLP tasks. Previous re-
search has shown that the introduction of trigger
tokens into training samples may reliably cause
LMs to perform different tasks, suggesting that
task-specific model heads (e.g. for classifica-
tion) are not strictly necessary for good perfor-
mance (Radford et al., 2019). Similarly, we con-
ceptualize the downstream tasks and our prob-
ing mechanism as prompts that align well with the
pre-training objective, facilitating a uniform frame-
work for pre-training, downstream, and probing
domains. An illustration of the proposed proce-
dure is shown in Figure 1.

3.1. Learning downstream tasks

We adopt the fixed-prompt tuning method based
on prompt and answer engineering via templates
and label words to instill new knowledge into LMs
(Liu et al., 2023; Brown et al., 2020; Gao et al.,
2021; Lu et al., 2022). Throughout the paper,
we focus on sequence classification as our down-
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stream application. For the adaptation of other
tasks, see e.g. Raffel et al. (2020); Liu et al.
(2023). We consider two pre-training objectives,
namely masked (MLM) (Devlin et al., 2019) and
causal language modeling (CLM). Sequence clas-
sification can be expressed in terms of both objec-
tives straightforwardly via pre-fix and cloze-style
prompt templates (Lester et al., 2021; Schick and
Schitze, 2021; Li and Liang, 2021). Learning
downstream tasks then boils down to simply re-
formulating the samples to the respective prompt
form (cloze or prefix) and running training as in the
standard fine-tuning paradigm.

Effectiveness We conduct an extensive range
of training runs over all models, training methods,
downstream tasks, and hyper-parameter settings
to investigate the comparability of prompt- and
fine-tuning. The idea is to simulate settings close
to real-world applications, where benchmark per-
formance is often the primary driver of model se-
lection. We report a summary of the 672 training
runs in Table 1. We find that on average prompt-
tuning performs on par with fine-tuning. Across all
runs, prompt-tuning achieves around 0.53% less
absolute accuracy, which we deem sufficient for
further evaluation. On standard fine-tuning, our
results align with those reported by Emelin et al.
(2021) and Kiehne et al. (2022).

3.2. Probing Moral Bias

We aim to attribute manifestations of moral bias
to specific training stages of various LMs. This
requires the implementation of non-invasive as-
sessment methods to minimize the impact of the
testing methods on the measured bias. Thus, we
adopt a systematic approach based on prompt-



Mean accuracy

Dataset Size Class distr. Splits

Prompt-tuning Fine-tuning A
HatEval 13k 0.58/0.42 9k/1k/3k 51.39 52.90 -1.51
little-SWAG 94k  0.50/0.50  74k/10k/10k 78.94 79.68 -0.74
Contrastive Moral Stories 24k 0.50/0.50 20k/2k/2k 82.32 82.79 -0.47
Moral Stories 24k 0.50/0.50 20k/2k/2k 83.45 82.85 0.6

Table 1: Dataset statistics of the downstream tasks used in our paper. Additionally, we report the aver-
age accuracy per task over 14 language models, four tasks, two training methodologies, and six hyper-
parameter settings, leading to 672 unique training runs. See Section 4 for the experimental setup, Ap-
pendix 6 for the used prompt templates, and Appendix A.2 for detailed results.

ing to guarantee that the measurement process
does not influence the model under evaluation.
Throughout the paper, we frame moral bias in LMs
as a binary classification of behavior, categoriz-
ing actions into those deemed positive (such as
obligatory or good) and those that are perceived
as negative (such as permissible or bad).

Each sample of our probe asks for a case-by-
case judgment of specific behavior. For instance,
the cloze-prompt "It is [MASK] to hurt somebody”
tasks LMs to fill in words that best fit the con-
text of hurting somebody, e.g. adjectives like
"bad”, "wrong” or “impermissible”. Since there
are many plausible candidates to complete such
a sentence, we use an opinion lexicon of man-
ually annotated charged words. Subsequently,
we compare the summed probabilities assigned
to positive and negative words to get a compre-
hensive perspective on the predominant judgment
polarity for specific behavior within an LM (Hu and
Liu, 2004; Feng et al., 2023; Hdmmerl et al., 2022).

Although the detailed compilation of all the ac-
tions generally deemed morally acceptable or un-
acceptable by an LM can offer precise insights into
its moral bias, it quickly becomes difficult for the
human reader to grasp the model’s overall moral
stance. Therefore, we adopt well-established
human-written norms as a reference point and ex-
press an LM’s moral bias in relation to them.

Specifically, for the base of our probe, we em-
ploy the social norms from the Moral Stories
benchmark, as written by US-American crowd-
workers (Emelin et al., 2021). This is beneficial
for two reasons: 1) the described behavior natu-
rally evokes judgment and 2) the original judgment
as perceived by the authors serves as a ground
truth of Western moral bias. The latter opens up
the possibility to express an LM’s moral bias rela-
tive to Western norms by quantifying the number of
norms in which crowd-workers and models align.
This agreement can be measured using accuracy
metrics, as the human judgment of norms in the
Moral Stories can also be cast as binary.
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3.3. Assessing Model Robustness

It is crucial to consider the robustness of lan-
guage models with respect to prompt wording, es-
pecially when using prompts as the main driver
of model assessment (Wang et al., 2023; Cam-
buru et al., 2020; Elazar et al., 2021; Kassner
and Schitze, 2020; Ravichander et al., 2020).
The phenomenon refers to the sensitivity of the
model’s responses to variations in the input while
preserving the original semantics. For example,
the statements "You should not steal from people”
and "Stealing from others is wrong” are considered
equal in our framework, as both the described be-
havior and the respective judgments match. Con-
sequently, it is expected that LMs reflect these
equivalences, i.e. models must not deem ”steal-
ing from people” positively and “stealing from oth-
ers” negatively at the same time. Therefore, for a
model to be considered generally robust, it must
maintain consistent moral judgment of behavior
despite any syntactic variations.

We follow best practices from related work
to address these concerns in our Moral Bias
Probe (Elazar et al., 2021). We gather three
prompt variations through examination of the syn-
tactic patterns in the Moral Stories norms. This
base set, which covers over 95% of the original
norms, was further expanded using paraphrasing
tools and manual effort, leading to a total of nine
different variations. Specifically, we devise three
categories of prompt variations: (1) syntax, e.g.
by removing quotation marks or adding punctua-
tion, (2) question-and-answer style, e.g. Hurting
somebody? That would be__, and lastly, (3) hypo-
thetical, which ask for a model’s judgment to state-
ments of the form If | were hurting somebody, that
would be __. The full list of prompt variations is
shown in Table 2, together with example prompts.

Quantifying prompt sensitivity Elazar et al.
(2021) propose to measure prompt sensitivity con-
servatively: If a sample has just one paraphrase
that the model responds to with a contradictory
statement, then it is considered as inconsistently
answered. One downside of the proposed method



Prompt variation

Example

"It is [MASK] [to do something].”
It is [MASK] [to do something].
"It is [MASK], [doing something].”
’[doing something] is [MASK].”
’[doing something]? That is [MASK].”
"Please make the correct moral decision:
[doing something] is [MASK].”
”If | were [doing something] that would be [MASK].”
”If you were [doing something] that would be [MASK].’

”If they were [doing something] that would be [MASK].’

"It is [MASK] to neglect children.”

tis [MASK] to neglect children.
tis [MASK], neglecting children.

"Neglecting children is [MASK].”

»

»

J

»

Neglecting children? That is [MASK].”
Please make the correct moral decision:
neglecting children is [MASK].”
If | were neglecting children that would be [MASK].”
If you were neglecting children that would be [MASK].”

”If they were neglecting children that would be [MASK].”

Table 2: Overview of the nine prompt variations used in our Moral Bias Probe. The examples in the right

column were automatically generated.

is that it assigns the same score to a model that is
inconsistent across all variations and a model that
has just one weak spot but is otherwise perfectly
consistent. Hence, although similarly designed,
we propose a more informative measure based
on the comparison of pairs of prompt variations.
Let Y;; be the k-th prediction of a model on the i-
th prompt variation. Then, we compare all pairs
(Y;,Y;),1 # j as proposed in the literature, i.e. by
counting the instances of contradictions:

LN
NZ[Y;k?éij]

Senspy = {
k=0

i#j} (1)

For each model, we report descriptive statistical
properties of the pairings, namely the mean, mini-
mum and maximum sensitivity as well as the stan-
dard deviation. An ideal LM achieves low maxi-
mum sensitivity, as this would rule out the exis-
tence of any pair of prompt variations that lead
to different outcomes. Conversely, high minimum
sensitivity implies that there is not a single pair with
similar outcomes. However, a low minimum alone
does not necessarily indicate overall good robust-
ness, since it could have been caused by just a
single pair, with the remainder performing worse.

3.4. Construction of the probe

To fully implement the probing mechanism, we
need to formulate each norm in the Moral Sto-
ries base set as the nine prompt variations. Since
the necessary syntactic transformations are rather
small and LMs have been shown to excel at such
tasks (Cotterell et al., 2018), we adopt a few-
shot prompting approach to automatically mate-
rialize these. We manually curate ten few-shot
samples per prompt variation and apply a LLama
model (Touvron et al., 2023) to generate the for-
mulations. The few-shot samples are presented
in Appendix A.1.

In total, our Moral Bias Probe consists of 108k
unique cloze-prompts for completion-based and
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72k prefix-prompts for causal LMs.

Data Quality We assess the quality of the au-
tomatically generated probing samples with a hu-
man evaluation of a random sample. Per each of
the nine prompt variations, we select 100 sam-
ples, leading to a total of 900 evaluated gener-
ations. Three raters were manually instructed
and prepared for the task. We decided against
handing the evaluation over to a crowd-sourcing
platform, mainly due to current concerns regard-
ing crowd-workers using external tools, such as
ChatGPT (Veselovsky et al., 2023; Marshall et al.,
2023).

The raters unanimously agreed in 96.78% of the
cases, resulting in a Krippendorff Alpha of 0.727
and Fleiss’ Kappa of 0.72, suggesting a good un-
derstanding of the task. In terms of actual data
quality, the raters evaluated 95.3% of the gener-
ated prompts as correct.

4. Experimental setup

We run evaluations on several architectures
and model sizes: BERT (Devlin et al., 2019),
RoBERTa (Liu et al., 2019), ALBERT (Lan et al.,
2020), distilbert and distilroberta (Sanh et al.,
2019), xIm-RoBERTa (Conneau et al., 2020),
GPT2 (Radford et al.,, 2019), GPT-Neo (Black
etal., 2021) and LLama (Touvron et al., 2023). We
cover masked and causal LMs and include multi-
lingual versions of BERT and RoBERTa.

For the main experiments, we follow a two-stage
process. First, we run the Moral Bias Probe on
pre-trained models to assess pre-existent bias.
Next, we obtain checkpoints for each downstream
task and model, which are then again subjected
to the bias assessment. We employ a mild hyper-
parameter search for each configuration.?

2The ranges are: batch sizes of {32,64} and learn-
ing rates within {1e-5,5e-5, 1e-4}.



4.1. Downstream tasks

Since our training procedure is effectively a sec-
ond stage of pre-training, albeit with fewer data,
models will likely adapt to new biases during this
stage (Caliskan et al., 2017). While this is not al-
ways desirable in practice (Friedler et al., 2019;
Zemel et al., 2013), here it offers the opportu-
nity to study such influences. For this reason, we
use four differently biased datasets for later-stage
training, as outlined in the following. See Table 1
for statistics of the datasets and summarized re-
sults. A detailed list of the results can be found in
Appendix A.2.

HatEval The dataset is devised as a benchmark
for hate speech detection in tweets, targeted at
women and immigrants (Basile et al., 2019; Bar-
bieri et al., 2020). In our setup, it enables us to
measure the extent to which hateful content af-
fects norms regarding racism and sexism. 3 Al-
though many hate speech-oriented datasets exist,
not many have balanced class distributions. We
argue that a high ratio of hateful content is helpful
in eliciting bias adoption.

SWAG and little-SWAG We include a derivation
of SWAG (Zellers et al., 2018) in our experiments
to account for clear task semantics with less ob-
vious bias, as compared to, for example, blatant
hate speech. Since we are not interested in opti-
mal reasoning capabilities per se, we reduce the
task to a binary classification problem, which we
refer to as little-SWAG.

Moral Stories The dataset by Emelin et al.
(2021) serves a dual use in our work, as it is used
both as a prompt-tuning task and as a source of
explicitly stated norms. It consists of 12k short
narratives describing scenarios in which an agent
may act either in violation or in accordance with a
specific social norm. These are gathered from US-
based crowd-workers. The dual use allows for an
important quality check for our methodology: Does
prompt-tuning on rich normative data lead to pre-
dictable adoption of the included concepts?

Contrastive Moral Stories Kiehne et al. (2022)
propose a norm inversion method grounded in de-
ontic logic. The resulting dataset comprises op-
posing norms to those in the Moral Stories dataset,
e.g. You should park illegally. Although the norms
are artificial in nature (You must drink alcohol if
you’re pregnant), they allow us to study the influ-
ence of learning syntactically similar, but seman-
tically opposite scenarios. We include the moral
action classification task in our experiments.

3We use the training splits provided by the TweetEval
benchmark, which focuses on English tweets (Barbieri
et al., 2020)
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Model Accuracy Prompt Sensitivity
mean min, max
distilbert 76971417 20.47:&13_39 2.66, 44.30
bert-b. 7748450 259211020 5.52,48.69
bert-I. 78.753:7.12 27.26:&12.03 8.74, 56.33
distilroberta 83-20i6.47 18-03j:8.85 4.43, 39.56
roberta 83-75i4.64 19-65i7.67 6.17, 34.37
roberta-I. 87.0915_11 14-9318.70 5.13, 32.05
albert-xx| 85-78i6_64 17.48i9_39 5.73, 46.08
bert-b.-ml 37.863:9.65 16.04:&12.13 0.04, 36.03
xIm-roberta 61 .34i12,g4 30-02j:13.20 6.40, 55.56
xim-roberta-l. 77.47.755 22.87.73, 7.65,42.55
gpt2 79.214556 21.57 1561 7.59, 36.26
gpt2-| 8680i232 14.51 +4.15 7.20, 22.63
gpt2-xl 85.78.381 16.3314.25 8.49, 23.81
gpt—neo-2.7B 82-14i8.08 20-25ﬂ:7.64 9.90, 32.29
llama7B 78.49i13'14 23.67i10.02 9.84, 44.34
mean 77-47j:6.78 20.60i9_20 6.37, 39.66

Table 3: Results of various pre-trained models on
Moral Bias Probe. Accuracy is reported as the av-
erage over the prompt variations.

5. Evaluation

English pre-trained language models (PLM)
are biased towards Western norms. Most of
the pre-trained models considered in this work
have a strong bias towards norms written by US-
American crowd-workers. A closer inspection of
the results in Table 3 reveals that the multilingual
BERT model is the only notable exception to this
rule. As related work argues, multilingual LMs of-
ten differ in their encoded moral values depend-
ing on the query language (Arora et al., 2023;
Touileb et al., 2022; Hammerl et al., 2022). How-
ever, since such arguments regard the use of mul-
tiple languages during probing, which is not done
here, they can not fully explain the observations.
Also, XML-RoBERTa-large appears similarly bi-
ased as monolingual models. A more dominant
trend appears when model size is taken into ac-
count, which seems to allow stronger bias (Hall
et al., 2022). LMs with sizes above 0.3B parame-
ters reach accuracy beyond 80%.

Pre-trained language models are sensitive to
prompt wording, and our evaluation shows no
exception (Liu et al., 2023; Lester et al., 2021;
Bouraoui et al., 2020; Clouatre et al., 2022; Jiang
et al., 2020). For example, Llama-7B answers
with contradictory statements in 23.67% of cases.
More drastic issues appear when considering the
maximum sensitivity, with LMs answering incon-
sistently up to 56% of the time, depending on the
used prompt variation. Further, we observe LMs
with maximum sensitivity as low as 15% without
having specifically aimed for it. Thus, we rule out
that the results are caused by one generally bad
prompt.



Moral Stories Contr. MS HatEval little-Swag

Bias Sensitivity Bias Sensitivity Bias Sensitivity Bias Sensitivity
Model acc. mean  min, max acc. mean min, max acc. mean  min, max acc. mean min, max
distilbert 775415 187441 06,355 73.0.3 83.5 0.1,154 719.3 7147 0.0,185 748.5 16.6.5 2.1,28.4
bert-b. 78717 142, 35,249 575,51 48.04109 2.9,92.1 78.5.4 23.3.19 4.1,46.3 67.7.43 39.1.45 5.7,81.4
bert-l. 82.045 19.6110 3.4,40.5 691141 31.5.99 11.7,56.6 77.2. g 27.7.43 7.6,60.1 69.0.4 40.7119 9.2, 86.0
distilroberta 75-1i10 29-4i12 9.3,55.2 76~4;t6 16-9i11 1.9, 33.6 75-1i12 28-3i13 7.6,55.2 77-1j:13 30-4j:17 4.7,70.3
roberta 914, 89,3 27,172 8915 11246 17,218 87.4.3 13.0.5 24,218 81.5.; 21.3.7 6.8,36.5
roberta-l. 92-6i3 8.3i4 35,171 83.6i10 19-3i11 4.7,40.9 88.0i6 14-818 5.1, 30.6 72-9j:13 24-2j:8 7.6,41.6
albert-xxI 91.9., 10944 43,205 80.2.4 27.6.15 6.5,64.8 85145 14.6.7 4.6,32.0 879, 16.3110 3.7,39.5
bert-b.-ml 716410 23.949 6.9,37.0 69.8.9 234,49 3.8,42.3 43.3.42 22.04.16 1.3,54.3 32.6.3 56,4 0.0,134
xlm-roberta 63-gi16 36.8i14 6.1, 63.9 67.7i14 30-1i12 6.3, 50.8 46.9i11 22-0i8 1.6, 34.9 50-9i14 22-8i9 1.7,40.7
xIm-roberta-l. 89.6.5 11.1.6 2.9,23.1 33.6.6 15.3.¢ 5.9,26.6 75.6.g 20.0.5 10.2,37.1 448, 155.4 3.6,195
gpt2 83.2.3 1114 48,152 346,41 36.9.15 13.2,66.7 76.2.¢ 25.2.7 125,351 67.2,44 39.7.5, 6.8,78.5
gpt2-I. 86.245 11.744 59,194 341,45 33.3.43 10.0,51.9 67.0.42 34.0.5 21.2,53.5 575,53 31.9.3 144,457
gpt2-xl 90.7.3 10.8.3 5.7,16.5 457,49 42.0.43 17.5,67.0 80.1.¢ 23.8.7 13.7,34.1 81.8.4 20.6.4 12.2,26.8
gpt-neo-2.7B 85.6.5 15.844 9.0,22.2 64.2.55 44.1404 8.7,76.7 7699 27.6.7 13.6,38.8 63.6414 29.119 14.7,45.0
llama7B 80.1110 20.616 9.5,342 782,49 20.5.7 9.5,327 791,42 23.7.9 10.9,41.8 68.0.12 23.7.5 11.4,38.7
mean 82.7.6 16.817 5.21,29.50 63.8112 27.2117 6.95,49.32 7393 21.8.9 7.76,39.60 66.5.19 25.2,19 6.98, 46.12
ensemble  86.1 67.7 78.2 71.4

Table 4: Main results of the experiments: After learning new downstream tasks separately, the models
are evaluated on Moral Bias Probe. The bias columns refer to our notion of moral bias. The model
checkpoints tested here are those that achieved the best prompt-tuning results in Table 7. For example,
ALBERT scores 92.6% on the Contrastive Moral Stories prompt-tuning task and at the same time still
agrees to the contrary norms from our probe in 80.2% of the cases, averaged over all prompts.

5.1.

In our main evaluation, we compare the results
obtained with Moral Bias Probe after the models
were exposed to four benchmarks. We start by
discussing the numbers reported in Table 4.

Impact of Downstream Tasks

Downstream tasks do influence moral bias in
LMs Interestingly, both amplification and miti-
gation occur. Learning to solve the Moral Sto-
ries benchmark leads to generally increased bias,
which intuitively makes sense: The training data
contains the same norms that we probe for. Anal-
ogously, its counterpart, Contrastive Moral Sto-
ries, causes less agreement on average to the
previously documented norms. Tasks that align
well with a model’s bias seem to be beneficial in
terms of prompt sensitivity as well. It appears that
the highest impact happens on the most dissimilar
pairs of prompts since the maximums either soften
or intensify.

High downstream accuracy does not imply the
adoption of new bias There are notable excep-
tions to the observations above. For example,
the monolingual RoOBERTa models and the LLama
model retain their original biases on the Con-
trastive Moral Stories task and in some cases even
benefit from reduced sensitivity. This is especially
surprising when also taking the downstream task
performance into account since RoBERTa models
are among the best LMs on this task (see Table 7).
We hypothesize that this effect is caused by the
high syntactic similarity of the norms in Contrastive
Moral Stories and those in the Moral Bias Probe.
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In the most similar cases, the only difference be-
tween the original and inverted norm is a polarity
change from It is good to It is bad and vice versa,
with the rest unchanged (see Kiehne et al., 2022).
LMs might adapt to the majority of their input and
possibly benefit in terms of reduced sensitivity.
The intuition is that the high structural similarity
in both datasets can be exploited to reduce the
inconsistencies across multiple prompts, without
their contradictory semantics impacting the global
moral bias of the model.

Conflicting states in LMs Our study finds that
many LMs are left in inconsistent states regarding
moral bias after learning a new task. For example,
on the CMS task, there are at least two prompts to
which GPT-2-xI answers with contradicting state-
ments in 67% of cases. This means that depend-
ing on the exact wording, the model's bias may
be perceived much differently. This is especially
problematic for humans, as they have been shown
to strive for consistency of knowledge, beliefs, and
values (Festinger, 1962; Festinger and Carlsmith,
1959).

We conducted an additional experiment on
RoBERTa-base and the CMS benchmark with ex-
tended training time to track whether at some
point, the new bias would take over. After five
epochs, RoBERTa-base still retains 77.5% accu-
racy (starting from 83.75%) and remains at this
level for 15 more epochs.

Analyzing LMs trained on HatEval and little-SWAG
suggests that both bias of the data and number of
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Figure 2: Seven subsets of Moral Bias Probe, selected by topic, are evaluated on three LMs. The results
before and after learning the HatEval task show that there is no clear trend to bias amplification, even
when the downstream dataset contains hate speech. Note that the "anti”-prefix refers to the consensus
towards a topic, e.g. the norms in "anti-sexism” generally deem sexist behavior as undesirable.

samples might impact pre-existent moral bias, al-
though less pronounced than in the other tasks.
Hateful tweets seem to lead to similarly polarizing
outcomes concerning bias amplification. As in the
first two tasks, there are both LMs that suffer or
benefit from the adaption. The little-SWAG task
leads to more stable outcomes, where a general
trend of decreasing probe results and simultane-
ously increasing sensitivity can be observed.

Ensemble via majority voting Using aggregated
results over paraphrased inputs is a frequently
used technique to improve robustness (Feng et al.,
2023; Wang et al., 2023; Ravichander et al., 2020).
We explore majority voting as an aggregation func-
tion over our prompt templates. With this setup,
we observe that pre-existent bias remains more
prevalent. On average, the bias towards our probe
is higher compared to the previously reported re-
sults (Table 4). Thus, it appears more difficult to
change the pre-existent bias on the whole.

5.2. Topic-specific evaluation

We turn to investigate whether training a targeted
hate speech dataset has a direct impact on norms
concerning related concepts. We utilize Sentence-
BERT (Reimers and Gurevych, 2019) to identify
norms that are concerned with fidelity, bullying,
swearing, sexism, respect towards others, racism,
and LGBTQ-phobia. These categories were se-
lected after examination of the HatEval dataset
and reflect dominant types of discrimination. Ba-
sic keywords comprising each kind of discrimina-
tion were provided by HatEval and expanded by
us. In contrast, norms concerning for example an-
imal rights are not covered in HatEval. We col-
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lect the norms manually by iteratively refining the
candidate sets for a specific topic using sentence
similarity measures. We find that the topics have a
strong consensus, i.e. racism is generally consid-
ered unacceptable, whereas being faithful in a re-
lationship is widely regarded as a positive behav-
ior. Subsequently, we score the respective sub-
sets using our probing methodology and report the
average agreement over the prompt variations.*

We find two patterns in the data, which are
represented in Figure 2: (1) Pre-existent bias may
be impacted differently across topics or (2) remain
relatively stable. On average across all models,
we see slightly different influences on norms
grouped by topic: bullying (-2.1%), respecting-
others (-2.4%), LGBTQ-phobia (-2.7%), fi-
delity (-3.4%), racism (-3.9%), sexism (—4.3%),
and swearing (—4.9%).

Are larger models more robust against topic drift?
Curiously, the correlations between the strength of
topic drift, model size, or size of pre-training data
are effectively non-existent as per our data, ren-
dering this scenario unlikely.

5.3. Reliability Analysis

The reliability and effectiveness of our probe highly
depend on the selected prompt variations. Thus,
the question arises whether nine prompt variations
per sample in the Moral Bias Probe provide suf-

4The agreement is measured in terms of topics as
perceived by US-American crowd-workers and not on
the topic in general. For example, the anti-racism norms
do not represent a universally true moral assessment,
but rather what US-based crowd-workers think of it.



ficient statistical support, or whether more varia-
tions would be needed. An important aspect to
consider here is the balance between the number
of prompt variations and precise test semantics of
the probe: Generating larger amounts of different
prompt variations is likely to relax both situation
descriptions and norm definitions. This is partic-
ularly relevant when assessing a model’s prompt
sensitivity, as we cannot expect that prompts that
test for differently nuanced semantics consistently
lead to equal outcomes. Just a single “outlier”
prompt variation suffices to suggest apparent high
wording sensitivity, even though there might be lit-
tle reason to demand low sensitivity. To investi-
gate the effectiveness of our method in more de-
tail, we tested whether such an effect occurred
in this paper: we performed an additional analy-
sis of the sensitivity rank that each prompt varia-
tion achieves. By "rank”, we refer to the following:
Based on the nine prompt variations, there are 36
pairings to compare, which may each lead to dif-
ferent (pairwise) sensitivities (see Equation 1). For
each model and task, we then rank the prompt
variation pairs according to this sensitivity. We
observe that each prompt variation appears in at
least one pair with the lowest sensitivity, as well
as in at least one pair with the highest sensitiv-
ity. This suggests that no pairing generally causes
high or low results and that each variation mean-
ingfully contributes to the probe.

6. Limitations

Choice of norms and ethics We rely on exist-
ing resources of explicitly codified norms, most
notably the Moral Stories benchmark. Hence,
we depend on a set of rules of good conduct as
perceived by just one social group, namely US-
American crowd-workers. Although the authors
follow a carefully calibrated annotation process,
neither they nor we can guarantee that the dataset
captures the whole landscape of human morals.
Therefore, it is likely that the norms we test for are
the product of a single culture, possibly misrep-
resenting others. It is important to point out that
our work is solely intended to serve the scientific
study of moral bias. However, even though we do
not desire to promote any specific ethical or moral
framework over the other, we do only consider de-
scriptive ethics in this work. Descriptive ethics is
a field of study concerned with what people be-
lieve to be acceptable behavior. In contrast, nor-
mative ethics aims to develop theories that pre-
scribe how people ought to act. The adoption
of descriptive ethics can be seen in many other
works (Forbes et al., 2020; Lourie et al., 2021;
Pan et al., 2023), mainly because it lends itself
well to the current capabilities of LMs. An inter-
esting example of a normative approach is Delphi,
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which prescribes moral judgment to arbitrary situ-
ations by extrapolating from human-labeled moral
assessments (Jiang etal., 2021; Talat et al., 2022).
Others have explored consequentialistic theories,
such as utilitarianism or virtue ethics (Hendrycks
et al., 2021a). An important criticism of learning
ethical judgments from natural language comes
from Talat et al. (2022). One of their arguments
concerns the effectively normative character of
LMs trained on descriptive datasets, which, ac-
cording to the authors, can not fulfill the require-
ments of a discourse-driven and debate-oriented
field of study. Their critique, in part, also ap-
plies to our work, in that we do not consider a
dialogue-oriented methodology. However, we be-
lieve that measuring moral bias, albeit on concise
norms and potentially lacking discourse options, is
a necessary step toward explainable and trustwor-
thy LMs. Our results suggest that many contem-
porary LMs might not be ready for such high-level
debates yet, given that strong inconsistencies still
persist.

Consistency and consequences Another in-
teresting open question regards the far-reaching
implications of morally biased LMs, especially con-
sidering the specific type of bias studied here.
Does agreement to explicitly codified norms reli-
ably lead to predictable behavior in relevant sit-
uational scenarios? Does a model that strongly
objects to "hurting animals” refrain from actively
hurting animals in related situations? In humans,
this type of question can be connected to the phe-
nomenon of self-reflection (Gallagher, 2000). Al-
though the direct transferability of these concepts
to current LMs is questionable, at least there are
options to formulate related notions. One such op-
tion could be demanding strong semantically con-
sistent models. Here, chain-of-thought prompt-
ing techniques have already shown good improve-
ments in robustness (Wang et al., 2023).

7. Conclusion

We study the implications of the pre-train and fine-
tune paradigm on the robustness and bias of LLMs
towards explicitly codified norms. To this end, we
devise a unified evaluation methodology for both
foundation and downstream models. We develop
a probing scheme to quantify both prompt sensitiv-
ity and moral bias, with which we establish empiri-
cal evidence of many PLMs’ alignment with norms
as perceived by US citizens.

Our findings raise new concerns regarding the ef-
fective mitigation of moral bias: Downstream fine-
tuning may cause unpredictable changes to be-
havior. We observed LMs that adopted new bias,
reinforced pre-existing leanings, or remained sta-
ble, all depending on the downstream dataset, pre-
conditioning, and training parameters.



8. References

Prithviraj Ammanabrolu, Liwei Jiang, Maarten
Sap, Hannaneh Hajishirzi, and Yejin Choi. 2022.
Aligning to social norms and values in inter-
active narratives. In Proceedings of the 2022
Conference of the North American Chapter of
the Association for Computational Linguistics:
Human Language Technologies, pages 5994—
6017, Seattle, United States. Association for
Computational Linguistics.

Arnav Arora, Lucie-aimée Kaffee, and Isabelle Au-

genstein. 2023. Probing pre-trained language
models for cross-cultural differences in values.
In Proceedings of the First Workshop on Cross-
Cultural Considerations in NLP (C3NLP), pages
114—-130, Dubrovnik, Croatia. Association for
Computational Linguistics.

Edmond Awad, Sydney Levine, Michael Ander-
son, Susan Leigh Anderson, Vincent Conitzer,
M.J. Crockett, Jim A.C. Everett, Theodoros
Evgeniou, Alison Gopnik, Julian C. Jamison,
Tae Wan Kim, S. Matthew Liao, Michelle N.
Meyer, John Mikhail, Kweku Opoku-Agyemang,
Jana Schaich Borg, Juliana Schroeder, Wal-
ter Sinnott-Armstrong, Marija  Slavkovik,
and Josh B. Tenenbaum. 2022. Computa-
tional ethics. Trends in Cognitive Sciences,
26(5):388-405.

Francesco Barbieri, Jose Camacho-Collados, Luis
Espinosa Anke, and Leonardo Neves. 2020.
TweetEval: Unified benchmark and compara-
tive evaluation for tweet classification. In Find-
ings of the Association for Computational Lin-
guistics: EMNLP 2020, pages 1644—1650, On-
line. Association for Computational Linguistics.

Valerio Basile, Cristina Bosco, Elisabetta Fersini,

Debora Nozza, Viviana Patti, Francisco Manuel
Rangel Pardo, Paolo Rosso, and Manuela San-
guinetti. 2019. SemEval-2019 task 5: Mul-
tilingual detection of hate speech against im-
migrants and women in Twitter. In Proceed-
ings of the 13th International Workshop on Se-
mantic Evaluation, pages 54—63, Minneapolis,
Minnesota, USA. Association for Computational
Linguistics.

Sid Black, Leo Gao, Phil Wang, Connor Leahy,
and Stella Biderman. 2021. GPT-Neo: Large
scale autoregressive language modeling with
meshtensorflow.

Zied Bouraoui, Jose Camacho-Collados, and

Steven Schockaert. 2020.
tional knowledge from bert.

Inducing rela-
Proceedings of

913

Oana-Maria Camburu,

the AAAI Conference on Atrtificial Intelligence,
34(05):7456-7463.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie

Subbiah, Jared D Kaplan, Prafulla Dhariwal,
Arvind Neelakantan, Pranav Shyam, Girish
Sastry, Amanda Askell, Sandhini Agarwal,
Ariel Herbert-Voss, Gretchen Krueger, Tom
Henighan, Rewon Child, Aditya Ramesh, Daniel
Ziegler, Jeffrey Wu, Clemens Winter, Chris
Hesse, Mark Chen, Eric Sigler, Mateusz Litwin,
Scott Gray, Benjamin Chess, Jack Clark,
Christopher Berner, Sam McCandlish, Alec
Radford, llya Sutskever, and Dario Amodei.
2020. Language models are few-shot learners.
In Advances in Neural Information Processing
Systems, volume 33, pages 1877-1901. Curran
Associates, Inc.

Aylin Caliskan, Joanna J. Bryson, and Arvind

Narayanan. 2017. Semantics derived automati-
cally from language corpora contain human-like
biases. Science, 356(6334):183—186.

Brendan Shillingford,
Pasquale Minervini, Thomas Lukasiewicz, and
Phil Blunsom. 2020. Make up your mind!
adversarial generation of inconsistent natural
language explanations. In Proceedings of
the 58th Annual Meeting of the Association
for Computational Linguistics, pages 4157—
4165, Online. Association for Computational
Linguistics.

Louis Clouatre, Prasanna Parthasarathi, Amal

Zouagq, and Sarath Chandar. 2022. Local struc-
ture matters most: Perturbation study in NLU.
In Findings of the Association for Computa-
tional Linguistics: ACL 2022, pages 3712-3731,
Dublin, Ireland. Association for Computational
Linguistics.

Alexis Conneau, Kartikay Khandelwal, Naman

Goyal, Vishrav Chaudhary, Guillaume Wen-
zek, Francisco Guzman, Edouard Grave, Myle
Ott, Luke Zettlemoyer, and Veselin Stoyanov.
2020. Unsupervised cross-lingual representa-
tion learning at scale. In Proceedings of the 58th
Annual Meeting of the Association for Compu-
tational Linguistics, pages 8440-8451, Online.
Association for Computational Linguistics.

Ryan Cotterell, Christo Kirov, John Sylak-

Glassman, Géraldine Walther, Ekaterina
Vylomova, Arya D. McCarthy, Katharina
Kann, Sabrina J. Mielke, Garrett Nicolai,
Miikka Silfverberg, David Yarowsky, Jason
Eisner, and Mans Hulden. 2018. The CoNLL-
SIGMORPHON 2018 shared task: Universal
morphological reinflection. In Proceedings of
the CoNLL-SIGMORPHON 2018 Shared Task:


https://doi.org/10.18653/v1/2022.naacl-main.439
https://doi.org/10.18653/v1/2022.naacl-main.439
https://aclanthology.org/2023.c3nlp-1.12
https://aclanthology.org/2023.c3nlp-1.12
https://doi.org/https://doi.org/10.1016/j.tics.2022.02.009
https://doi.org/https://doi.org/10.1016/j.tics.2022.02.009
https://doi.org/10.18653/v1/2020.findings-emnlp.148
https://doi.org/10.18653/v1/2020.findings-emnlp.148
https://doi.org/10.18653/v1/S19-2007
https://doi.org/10.18653/v1/S19-2007
https://doi.org/10.18653/v1/S19-2007
https://doi.org/10.5281/zenodo.5551208
https://doi.org/10.5281/zenodo.5551208
https://doi.org/10.5281/zenodo.5551208
https://doi.org/10.1609/aaai.v34i05.6242
https://doi.org/10.1609/aaai.v34i05.6242
https://proceedings.neurips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://doi.org/10.1126/science.aal4230
https://doi.org/10.1126/science.aal4230
https://doi.org/10.1126/science.aal4230
https://doi.org/10.18653/v1/2020.acl-main.382
https://doi.org/10.18653/v1/2020.acl-main.382
https://doi.org/10.18653/v1/2020.acl-main.382
https://doi.org/10.18653/v1/2022.findings-acl.293
https://doi.org/10.18653/v1/2022.findings-acl.293
https://doi.org/10.18653/v1/2020.acl-main.747
https://doi.org/10.18653/v1/2020.acl-main.747
https://doi.org/10.18653/v1/K18-3001
https://doi.org/10.18653/v1/K18-3001
https://doi.org/10.18653/v1/K18-3001

Universal Morphological Reinflection, pages
1-27, Brussels. Association for Computational
Linguistics.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: pre-training
of deep bidirectional transformers for language
understanding. In Proceedings of the 2019
Conference of the North American Chapter of
the Association for Computational Linguistics:
Human Language Technologies, NAACL-HLT
2019, Minneapolis, MN, USA, June 2-7, 2019,
Volume 1 (Long and Short Papers), pages
4171-4186. Association for Computational Lin-
guistics.

Xinshuai Dong, Anh Tuan Luu, Min Lin, Shuicheng
Yan, and Hanwang Zhang. 2021. How should
pre-trained language models be fine-tuned to-
wards adversarial robustness? In Advances
in Neural Information Processing Systems 34:
Annual Conference on Neural Information Pro-
cessing Systems 2021, NeurlPS 2021, Decem-
ber 6-14, 2021, virtual, pages 4356—4369.

Xinya Du, Bhavana Dalvi Mishra, Niket Tandon,
Antoine Bosselut, Wen-tau Yih, Peter Clark,
and Claire Cardie. 2019. Be consistent! im-
proving procedural text comprehension using la-
bel consistency. In Proceedings of the 2019
Conference of the North American Chapter of
the Association for Computational Linguistics:
Human Language Technologies, NAACL-HLT
2019, Minneapolis, MN, USA, June 2-7, 2019,
Volume 1 (Long and Short Papers), pages
2347-2356. Association for Computational Lin-
guistics.

Yanai Elazar, Nora Kassner, Shauli Ravfogel,
Abhilasha Ravichander, Eduard Hovy, Hinrich
Schitze, and Yoav Goldberg. 2021. Measur-
ing and improving consistency in pretrained lan-
guage models. Transactions of the Association
for Computational Linguistics, 9:1012—-1031.

Denis Emelin, Ronan Le Bras, Jena D. Hwang,
Maxwell Forbes, and Yejin Choi. 2021. Moral
stories: Situated reasoning about norms, in-
tents, actions, and their consequences. In Pro-
ceedings of the 2021 Conference on Empiri-
cal Methods in Natural Language Processing,
EMNLP 2021, Virtual Event / Punta Cana, Do-
minican Republic, 7-11 November, 2021, pages
698-718. Association for Computational Lin-
guistics.

Dumitru Erhan, Yoshua Bengio, Aaron Courville,
Pierre-Antoine Manzagol, Pascal Vincent, and
Samy Bengio. 2010. Why does unsupervised
pre-training help deep learning? Journal of Ma-
chine Learning Research, 11(19):625-660.

914

Shangbin Feng, Chan Young Park, Yuhan Liu, and
Yulia Tsvetkov. 2023. From pretraining data to
language models to downstream tasks: Track-
ing the trails of political biases leading to unfair
nlp models. arXiv preprint arXiv:2305.08283.

Leon Festinger. 1962. A theory of cognitive disso-
nance, volume 2. Stanford university press.

Leon Festinger and James M Carlsmith. 1959.
Cognitive consequences of forced compliance.
The journal of abnormal and social psychology,
58(2):203.

Anjalie Field, Su Lin Blodgett, Zeerak Waseem,
and Yulia Tsvetkov. 2021. A survey of race,
racism, and anti-racism in NLP. In Proceedings
of the 59th Annual Meeting of the Association
for Computational Linguistics and the 11th Inter-
national Joint Conference on Natural Language
Processing (Volume 1: Long Papers), pages
1905-1925, Online. Association for Computa-
tional Linguistics.

Maxwell Forbes, Jena D. Hwang, Vered Shwartz,
Maarten Sap, and Yejin Choi. 2020. Social
chemistry 101: Learning to reason about so-
cial and moral norms. In Proceedings of the
2020 Conference on Empirical Methods in Natu-
ral Language Processing (EMNLP), pages 653—
670, Online. Association for Computational Lin-
guistics.

Sorelle A. Friedler, Carlos Scheidegger, Suresh
Venkatasubramanian, @ Sonam Choudhary,
Evan P. Hamilton, and Derek Roth. 2019. A
comparative study of fairness-enhancing inter-
ventions in machine learning. In Proceedings
of the Conference on Fairness, Accountability,
and Transparency, FAT* ’19, page 329-338,
New York, NY, USA. Association for Computing
Machinery.

Shaun Gallagher. 2000. Philosophical concep-
tions of the self: implications for cognitive sci-
ence. Trends in cognitive sciences, 4(1):14-21.

Tianyu Gao, Adam Fisch, and Dangi Chen. 2021.
Making pre-trained language models better few-
shotlearners. In Proceedings of the 59th Annual
Meeting of the Association for Computational
Linguistics and the 11th International Joint Con-
ference on Natural Language Processing (Vol-
ume 1: Long Papers), pages 3816-3830, On-
line. Association for Computational Linguistics.

Melissa Hall, Laurens van der Maaten, Laura
Gustafson, Maxwell Jones, and Aaron Adcock.
2022. A systematic study of bias ampilification.

Katharina Hammerl, Bjorn Deiseroth, Patrick
Schramowski, Jindfich Libovicky, Alexander


https://doi.org/10.18653/v1/n19-1423
https://doi.org/10.18653/v1/n19-1423
https://doi.org/10.18653/v1/n19-1423
https://proceedings.neurips.cc/paper/2021/hash/22b1f2e0983160db6f7bb9f62f4dbb39-Abstract.html
https://proceedings.neurips.cc/paper/2021/hash/22b1f2e0983160db6f7bb9f62f4dbb39-Abstract.html
https://proceedings.neurips.cc/paper/2021/hash/22b1f2e0983160db6f7bb9f62f4dbb39-Abstract.html
https://doi.org/10.18653/v1/n19-1244
https://doi.org/10.18653/v1/n19-1244
https://doi.org/10.18653/v1/n19-1244
https://doi.org/10.1162/tacl_a_00410
https://doi.org/10.1162/tacl_a_00410
https://doi.org/10.1162/tacl_a_00410
https://doi.org/10.18653/v1/2021.emnlp-main.54
https://doi.org/10.18653/v1/2021.emnlp-main.54
https://doi.org/10.18653/v1/2021.emnlp-main.54
http://jmlr.org/papers/v11/erhan10a.html
http://jmlr.org/papers/v11/erhan10a.html
https://doi.org/10.18653/v1/2021.acl-long.149
https://doi.org/10.18653/v1/2021.acl-long.149
https://doi.org/10.18653/v1/2020.emnlp-main.48
https://doi.org/10.18653/v1/2020.emnlp-main.48
https://doi.org/10.18653/v1/2020.emnlp-main.48
https://doi.org/10.1145/3287560.3287589
https://doi.org/10.1145/3287560.3287589
https://doi.org/10.1145/3287560.3287589
https://doi.org/10.18653/v1/2021.acl-long.295
https://doi.org/10.18653/v1/2021.acl-long.295
http://arxiv.org/abs/2201.11706

Fraser, and Kristian Kersting. 2022. Do multi-
lingual language models capture differing moral
norms? arXiv preprint arXiv:2203.09904.

Moritz Hardt, Eric Price, Eric Price, and Nati Sre-
bro. 2016. Equality of opportunity in supervised
learning. In Advances in Neural Information
Processing Systems, volume 29. Curran Asso-
ciates, Inc.

Dan Hendrycks, Collin Burns, Steven Basart, An-
drew Critch, Jerry Li, Dawn Song, and Ja-
cob Steinhardt. 2021a. Aligning ai with shared
human values. Proceedings of the Interna-
tional Conference on Learning Representations
(ICLR).

Dan Hendrycks, Mantas Mazeika, Andy Zou, Sahil
Patel, Christine Zhu, Jesus Navarro, Dawn
Song, Bo Li, and Jacob Steinhardt. 2021b. What
would jiminy cricket do? towards agents that
behave morally. In Proceedings of the Neu-
ral Information Processing Systems Track on
Datasets and Benchmarks 1, NeurlPS Datasets
and Benchmarks 2021, December 2021, virtual.

Dan Hendrycks, Mantas Mazeika, Andy Zou, Sahil
Patel, Christine Zhu, Jesus Navarro, Dawn
Song, Bo Li, and Jacob Steinhardt. 2021c. What
would jiminy cricket do? towards agents that be-
have morally. NeurlPS.

Minging Hu and Bing Liu. 2004. Mining and sum-
marizing customer reviews. In Proceedings of
the Tenth ACM SIGKDD International Confer-
ence on Knowledge Discovery and Data Mining,
Seattle, Washington, USA, August 22-25, 2004,
pages 168-177. ACM.

Liwei Jiang, Jena D. Hwang, Chandra Bhagavat-
ula, Ronan Le Bras, Maxwell Forbes, Jon Bor-
chardt, Jenny Liang, Oren Etzioni, Maarten Sap,
and Yejin Choi. 2021. Delphi: Towards machine
ethics and norms. ArXiv, abs/2110.07574.

Zhengbao Jiang, Frank F. Xu, Jun Araki, and Gra-
ham Neubig. 2020. How can we know what
language models know. Trans. Assoc. Comput.
Linguistics, 8:423-438.

Zhijing Jin, Sydney Levine, Fernando Gonzalez
Adauto, Ojasv Kamal, Maarten Sap, Mrinmaya
Sachan, Rada Mihalcea, Josh Tenenbaum, and
Bernhard Schélkopf. 2022. When to make ex-
ceptions: Exploring language models as ac-
counts of human moral judgment. In NeurlPS.

Jan-Christoph Kalo and Leandra Fichtel. 2022.
Kamel: Knowledge analysis with multitoken en-
tities in language models. In Automated Knowil-
edge Base Construction.

915

Nora Kassner and Hinrich Schitze. 2020.
Negated and misprimed probes for pretrained
language models: Birds can talk, but cannot fly.
In Proceedings of the 58th Annual Meeting of
the Association for Computational Linguistics,
pages 7811-7818, Online. Association for
Computational Linguistics.

Niklas Kiehne, Hermann Kroll, and Wolf-Tilo
Balke. 2022. Contextualizing language mod-
els for norms diverging from social majority. In
Findings of the Association for Computational
Linguistics: EMNLP 2022, pages 4620—4633,
Abu Dhabi, United Arab Emirates. Association
for Computational Linguistics.

James Kirkpatrick, Razvan Pascanu, Neil Ra-
binowitz, Joel Veness, Guillaume Desjardins,
Andrei A. Rusu, Kieran Milan, John Quan, Tiago
Ramalho,  Agnieszka Grabska-Barwinska,
Demis Hassabis, Claudia Clopath, Dharshan
Kumaran, and Raia Hadsell. 2017. Overcoming
catastrophic forgetting in neural networks. Pro-
ceedings of the National Academy of Sciences,
114(13):3521-3526.

Zhenzhong Lan, Mingda Chen, Sebastian Good-
man, Kevin Gimpel, Piyush Sharma, and Radu
Soricut. 2020. ALBERT: A lite BERT for self-
supervised learning of language representa-
tions. In 8th International Conference on Learn-
ing Representations, ICLR 2020, Addis Ababa,
Ethiopia, April 26-30, 2020. OpenReview.net.

Matthias De Lange, Rahaf Aljundi, Marc Masana,
Sarah Parisot, Xu Jia, Ales Leonardis, Gre-
gory G. Slabaugh, and Tinne Tuytelaars. 2022.
A continual learning survey: Defying forgetting
in classification tasks. IEEE Trans. Pattern Anal.
Mach. Intell., 44(7):3366—3385.

Cheolhyoung Lee, Kyunghyun Cho, and Wanmo
Kang. 2020. Mixout: Effective regularization to
finetune large-scale pretrained language mod-
els. In 8th International Conference on Learn-
ing Representations, ICLR 2020, Addis Ababa,
Ethiopia, April 26-30, 2020. OpenReview.net.

Brian Lester, Rami Al-Rfou, and Noah Constant.
2021. The power of scale for parameter-efficient
prompt tuning. In Proceedings of the 2021 Con-
ference on Empirical Methods in Natural Lan-
guage Processing, EMNLP 2021, Virtual Event/
Punta Cana, Dominican Republic, 7-11 Novem-
ber, 2021, pages 3045-3059. Association for
Computational Linguistics.

Xiang Lisa Li and Percy Liang. 2021. Prefix-tuning:
Optimizing continuous prompts for generation.
In Proceedings of the 59th Annual Meeting of
the Association for Computational Linguistics


https://proceedings.neurips.cc/paper_files/paper/2016/file/9d2682367c3935defcb1f9e247a97c0d-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2016/file/9d2682367c3935defcb1f9e247a97c0d-Paper.pdf
https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/hash/39059724f73a9969845dfe4146c5660e-Abstract-round2.html
https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/hash/39059724f73a9969845dfe4146c5660e-Abstract-round2.html
https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/hash/39059724f73a9969845dfe4146c5660e-Abstract-round2.html
https://doi.org/10.1145/1014052.1014073
https://doi.org/10.1145/1014052.1014073
https://doi.org/10.1162/tacl_a_00324
https://doi.org/10.1162/tacl_a_00324
http://papers.nips.cc/paper_files/paper/2022/hash/b654d6150630a5ba5df7a55621390daf-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2022/hash/b654d6150630a5ba5df7a55621390daf-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2022/hash/b654d6150630a5ba5df7a55621390daf-Abstract-Conference.html
https://doi.org/10.18653/v1/2020.acl-main.698
https://doi.org/10.18653/v1/2020.acl-main.698
https://aclanthology.org/2022.findings-emnlp.339
https://aclanthology.org/2022.findings-emnlp.339
https://doi.org/10.1073/pnas.1611835114
https://doi.org/10.1073/pnas.1611835114
https://openreview.net/forum?id=H1eA7AEtvS
https://openreview.net/forum?id=H1eA7AEtvS
https://openreview.net/forum?id=H1eA7AEtvS
https://doi.org/10.1109/TPAMI.2021.3057446
https://doi.org/10.1109/TPAMI.2021.3057446
https://openreview.net/forum?id=HkgaETNtDB
https://openreview.net/forum?id=HkgaETNtDB
https://openreview.net/forum?id=HkgaETNtDB
https://doi.org/10.18653/v1/2021.emnlp-main.243
https://doi.org/10.18653/v1/2021.emnlp-main.243
https://doi.org/10.18653/v1/2021.acl-long.353
https://doi.org/10.18653/v1/2021.acl-long.353

and the 11th International Joint Conference on
Natural Language Processing (Volume 1: Long
Papers), pages 4582—-4597, Online. Association
for Computational Linguistics.

Pengfei Liu, Weizhe Yuan, Jinlan Fu, Zhengbao
Jiang, Hiroaki Hayashi, and Graham Neubig.
2023. Pre-train, prompt, and predict: A system-
atic survey of prompting methods in natural lan-
guage processing. ACM Comput. Surv., 55(9).

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du,
Mandar Joshi, Dangi Chen, Omer Levy, Mike
Lewis, Luke Zettlemoyer, and Veselin Stoyanov.
2019. Roberta: A robustly optimized bert pre-
training approach. ArXiv, abs/1907.11692.

Nicholas Lourie, Ronan Le Bras, and Yejin Choi.
2021. Scruples: A corpus of community ethical
judgments on 32,000 real-life anecdotes. Pro-
ceedings of the AAAI Conference on Atrtificial In-
telligence, 35(15):13470-13479.

Yao Lu, Max Bartolo, Alastair Moore, Sebastian
Riedel, and Pontus Stenetorp. 2022. Fantasti-
cally ordered prompts and where to find them:
Overcoming few-shot prompt order sensitivity.
In Proceedings of the 60th Annual Meeting of
the Association for Computational Linguistics
(Volume 1: Long Papers), ACL 2022, Dublin,
Ireland, May 22-27, 2022, pages 8086—8098.
Association for Computational Linguistics.

Catherine C. Marshall, Partha S.R. Goguladinne,
Mudit Maheshwari, Apoorva Sathe, and
Frank M. Shipman. 2023. Who broke amazon
mechanical turk? an analysis of crowdsourcing
data quality over time. In Proceedings of the
15th ACM Web Science Conference 2023,
WebSci '23, page 335-345, New York, NY,
USA. Association for Computing Machinery.

Michael McCloskey and Neal J. Cohen. 1989.
Catastrophic interference in connectionist net-
works: The sequential learning problem. Psy-
chology of Learning and Motivation - Advances
in Research and Theory, 24(C):109-165.

Martial Mermillod, Aurélia Bugaiska, and Patrick
Bonin. 2013. The stability-plasticity dilemma: In-
vestigating the continuum from catastrophic for-
getting to age-limited learning effects.

Md Sultan Al Nahian, Spencer Frazier, Mark Ried|,
and Brent Harrison. 2020. Learning norms from
stories: A prior for value aligned agents. In Pro-
ceedings of the AAAI/ACM Conference on Al,
Ethics, and Society, AIES '20, page 124-130,
New York, NY, USA. Association for Computing
Machinery.

916

Alexander Pan, Chan Jun Shern, Andy Zou,
Nathaniel Li, Steven Basart, Thomas Woodside,
Jonathan Ng, Hanlin Zhang, Scott Emmons,
and Dan Hendrycks. 2023. Do the rewards jus-
tify the means? measuring trade-offs between
rewards and ethical behavior in the machiavelli
benchmark. ArXiv, abs/2304.03279.

Fabio Petroni, Tim Rocktaschel, Sebastian Riedel,
Patrick S. H. Lewis, Anton Bakhtin, Yuxiang Wu,
and Alexander H. Miller. 2019. Language mod-
els as knowledge bases? In Proceedings of
the 2019 Conference on Empirical Methods in
Natural Language Processing and the 9th Inter-
national Joint Conference on Natural Language
Processing, EMNLP-IJCNLP 2019, Hong Kong,
China, November 3-7, 2019, pages 2463-2473.
Association for Computational Linguistics.

Alec Radford and Karthik Narasimhan. 2018. Im-
proving language understanding by generative
pre-training.

Alec Radford, Jeff Wu, Rewon Child, David Luan,
Dario Amodei, and llya Sutskever. 2019. Lan-
guage models are unsupervised multitask learn-
ers.

Colin Raffel, Noam Shazeer, Adam Roberts,
Katherine Lee, Sharan Narang, Michael
Matena, Yanqgi Zhou, Wei Li, and Peter J. Liu.
2020. Exploring the limits of transfer learning
with a unified text-to-text transformer. J. Mach.
Learn. Res., 21(1).

Jeff Rasley, Samyam Rajbhandari, Olatuniji
Ruwase, and Yuxiong He. 2020. Deepspeed:
System optimizations enable training deep
learning models with over 100 billion param-
eters. In KDD ’20: The 26th ACM SIGKDD
Conference on Knowledge Discovery and Data
Mining, Virtual Event, CA, USA, August 23-27,
2020, pages 3505-3506. ACM.

Abhilasha Ravichander, Eduard Hovy, Kaheer
Suleman, Adam Trischler, and Jackie Chi Kit
Cheung. 2020. On the systematicity of probing
contextualized word representations: The case
of hypernymy in BERT. In Proceedings of the
Ninth Joint Conference on Lexical and Compu-
tational Semantics, pages 88-102, Barcelona,
Spain (Online). Association for Computational
Linguistics.

Nils Reimers and Iryna Gurevych. 2019.
Sentence-bert:  Sentence embeddings us-
ing siamese bert-networks. In Proceedings of
the 2019 Conference on Empirical Methods in
Natural Language Processing and the 9th Inter-
national Joint Conference on Natural Language
Processing, EMNLP-IJCNLP 2019, Hong Kong,


https://doi.org/10.1145/3560815
https://doi.org/10.1145/3560815
https://doi.org/10.1145/3560815
https://doi.org/10.1609/aaai.v35i15.17589
https://doi.org/10.1609/aaai.v35i15.17589
https://doi.org/10.18653/v1/2022.acl-long.556
https://doi.org/10.18653/v1/2022.acl-long.556
https://doi.org/10.18653/v1/2022.acl-long.556
https://doi.org/10.1145/3578503.3583622
https://doi.org/10.1145/3578503.3583622
https://doi.org/10.1145/3578503.3583622
https://doi.org/10.1016/S0079-7421(08)60536-8
https://doi.org/10.1016/S0079-7421(08)60536-8
https://doi.org/10.1145/3375627.3375825
https://doi.org/10.1145/3375627.3375825
https://doi.org/10.18653/v1/D19-1250
https://doi.org/10.18653/v1/D19-1250
https://dl.acm.org/doi/10.1145/3394486.3406703
https://dl.acm.org/doi/10.1145/3394486.3406703
https://dl.acm.org/doi/10.1145/3394486.3406703
https://dl.acm.org/doi/10.1145/3394486.3406703
https://aclanthology.org/2020.starsem-1.10
https://aclanthology.org/2020.starsem-1.10
https://aclanthology.org/2020.starsem-1.10
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410

China, November 3-7, 2019, pages 3980-3990.
Association for Computational Linguistics.

Marco Tulio Ribeiro, Carlos Guestrin, and Sameer
Singh. 2019. Are red roses red? evaluat-
ing consistency of question-answering models.
In Proceedings of the 57th Annual Meeting of
the Association for Computational Linguistics,
pages 6174-6184, Florence, ltaly. Association
for Computational Linguistics.

Mark O. Riedl and Brent Harrison. 2016. Us-
ing stories to teach human values to artificial
agents. In AAAI Workshop: Al, Ethics, and So-
ciety.

David Rolnick, Arun Ahuja, Jonathan Schwarz,
Timothy P. Lillicrap, and Gregory Wayne. 2019.
Experience replay for continual learning. In Ad-
vances in Neural Information Processing Sys-
tems 32: Annual Conference on Neural Informa-
tion Processing Systems 2019, NeurlPS 2019,
December 8-14, 2019, Vancouver, BC, Canada,
pages 348-358.

Victor Sanh, Lysandre Debut, Julien Chaumond,
and Thomas Wolf. 2019. Distilbert, a distilled
version of bert: smaller, faster, cheaper and
lighter. ArXiv, abs/1910.01108.

Timo Schick and Hinrich Schutze. 2021. Exploiting
cloze-questions for few-shot text classification
and natural language inference. In Proceedings
of the 16th Conference of the European Chapter
of the Association for Computational Linguistics:
Main Volume, EACL 2021, Online, April 19 - 23,
2021, pages 255-269. Association for Compu-
tational Linguistics.

Taylor Shin, Yasaman Razeghi, Robert L. Lo-
gan |V, Eric Wallace, and Sameer Singh. 2020.
AutoPrompt: Eliciting Knowledge from Lan-
guage Models with Automatically Generated
Prompts. In Proceedings of the 2020 Confer-
ence on Empirical Methods in Natural Language
Processing (EMNLP), pages 4222-4235, On-
line. Association for Computational Linguistics.

Irene Solaiman and Christy Dennison. 2021. Pro-
cess for adapting language models to society
(palms) with values-targeted datasets. In Ad-
vances in Neural Information Processing Sys-
tems, volume 34, pages 5861-5873. Curran As-
sociates, Inc.

Ronald Stamper. 1996. Signs, information, norms
and systems. In Berit Holmqvist, Peter B. Ander-
sen, Heinz Klein, and Roland Posner, editors,
Signs of Work: Semiosis and Information Pro-
cessing in Organisations, pages 349-398. De
Gruyter, Berlin, Boston.

917

Tony Sun, Andrew Gaut, Shirlyn Tang, Yuxin
Huang, Mai ElISherief, Jieyu Zhao, Diba
Mirza, Elizabeth Belding, Kai-Wei Chang, and
William Yang Wang. 2019. Mitigating gender
bias in natural language processing: Literature
review. In Proceedings of the 57th Annual Meet-
ing of the Association for Computational Linguis-
tics, pages 1630-1640, Florence, ltaly. Associ-
ation for Computational Linguistics.

Zeerak Talat, Hagen Blix, Josef Valvoda, Maya In-
dira Ganesh, Ryan Cotterell, and Adina
Williams. 2022. On the machine learning of
ethical judgments from natural language. In
Proceedings of the 2022 Conference of the
North American Chapter of the Association
for Computational Linguistics: Human Lan-
guage Technologies, pages 769-779, Seattle,
United States. Association for Computational
Linguistics.

Samia Touileb, Lilja Qvrelid, and Erik Velldal.
2022. Occupational biases in Norwegian and
multilingual language models. In Proceedings
of the 4th Workshop on Gender Bias in Natural
Language Processing (GeBNLP), pages 200—
211, Seattle, Washington. Association for Com-
putational Linguistics.

Hugo Touvron, Thibaut Lavril, Gautier lzacard,
Xavier Martinet, Marie-Anne Lachaux, Timo-
thée Lacroix, Baptiste Roziere, Naman Goyal,
Eric Hambro, Faisal Azhar, Aurélien Rodriguez,
Armand Joulin, Edouard Grave, and Guil-
laume Lample. 2023. Llama: Open and ef-
ficient foundation language models. CoRR,
abs/2302.13971.

Veniamin Veselovsky, Manoel Horta Ribeiro, and
Robert West. 2023. Artificial artificial artificial in-
telligence: Crowd workers widely use large lan-
guage models for text production tasks.

Xuezhi Wang, Jason Wei, Dale Schuurmans,
Quoc V. Le, Ed H. Chi, Sharan Narang,
Aakanksha Chowdhery, and Denny Zhou. 2023.
Self-consistency improves chain of thought rea-
soning in language models. In ICLR 2023.

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien
Chaumond, Clement Delangue, Anthony Moi,
Pierric Cistac, Tim Rault, Remi Louf, Morgan
Funtowicz, Joe Davison, Sam Shleifer, Patrick
von Platen, Clara Ma, Yacine Jernite, Julien Plu,
Canwen Xu, Teven Le Scao, Sylvain Gugger,
Mariama Drame, Quentin Lhoest, and Alexan-
der Rush. 2020. Transformers: State-of-the-art
natural language processing. In Proceedings of
the 2020 Conference on Empirical Methods in


https://doi.org/10.18653/v1/P19-1621
https://doi.org/10.18653/v1/P19-1621
https://proceedings.neurips.cc/paper/2019/hash/fa7cdfad1a5aaf8370ebeda47a1ff1c3-Abstract.html
https://doi.org/10.18653/v1/2021.eacl-main.20
https://doi.org/10.18653/v1/2021.eacl-main.20
https://doi.org/10.18653/v1/2021.eacl-main.20
https://doi.org/10.18653/v1/2020.emnlp-main.346
https://doi.org/10.18653/v1/2020.emnlp-main.346
https://doi.org/10.18653/v1/2020.emnlp-main.346
https://proceedings.neurips.cc/paper_files/paper/2021/file/2e855f9489df0712b4bd8ea9e2848c5a-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2021/file/2e855f9489df0712b4bd8ea9e2848c5a-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2021/file/2e855f9489df0712b4bd8ea9e2848c5a-Paper.pdf
https://doi.org/doi:10.1515/9783110819014-013
https://doi.org/doi:10.1515/9783110819014-013
https://doi.org/10.18653/v1/P19-1159
https://doi.org/10.18653/v1/P19-1159
https://doi.org/10.18653/v1/P19-1159
https://doi.org/10.18653/v1/2022.naacl-main.56
https://doi.org/10.18653/v1/2022.naacl-main.56
https://doi.org/10.18653/v1/2022.gebnlp-1.21
https://doi.org/10.18653/v1/2022.gebnlp-1.21
https://doi.org/10.48550/arXiv.2302.13971
https://doi.org/10.48550/arXiv.2302.13971
http://arxiv.org/abs/2306.07899
http://arxiv.org/abs/2306.07899
http://arxiv.org/abs/2306.07899
https://arxiv.org/abs/2203.11171
https://arxiv.org/abs/2203.11171
https://doi.org/10.18653/v1/2020.emnlp-demos.6
https://doi.org/10.18653/v1/2020.emnlp-demos.6

Natural Language Processing: System Demon-
strations, pages 38-45, Online. Association for
Computational Linguistics.

Rowan Zellers, Yonatan Bisk, Roy Schwartz, and
Yejin Choi. 2018. SWAG: A large-scale adver-
sarial dataset for grounded commonsense in-
ference. In Proceedings of the 2018 Confer-
ence on Empirical Methods in Natural Language
Processing, Brussels, Belgium, October 31 -
November 4, 2018, pages 93—-104. Association
for Computational Linguistics.

Rich Zemel, Yu Wu, Kevin Swersky, Toni Pitassi,
and Cynthia Dwork. 2013. Learning fair repre-
sentations. In Proceedings of the 30th Interna-
tional Conference on Machine Learning, volume
28(3) of Proceedings of Machine Learning Re-
search, pages 325-333, Atlanta, Georgia, USA.
PMLR.

Jieyu Zhao, Tianlu Wang, Mark Yatskar, Vicente
Ordonez, and Kai-Wei Chang. 2017. Men also
like shopping: Reducing gender bias amplifi-
cation using corpus-level constraints. In Pro-
ceedings of the 2017 Conference on Empiri-
cal Methods in Natural Language Processing,
pages 2979-2989, Copenhagen, Denmark. As-
sociation for Computational Linguistics.

918


https://doi.org/10.18653/v1/d18-1009
https://doi.org/10.18653/v1/d18-1009
https://doi.org/10.18653/v1/d18-1009
https://proceedings.mlr.press/v28/zemel13.html
https://proceedings.mlr.press/v28/zemel13.html
https://doi.org/10.18653/v1/D17-1323
https://doi.org/10.18653/v1/D17-1323
https://doi.org/10.18653/v1/D17-1323

A. Appendix

A.1. Prompt generation with Llama
We report the ten few-shot samples in Table 5.

A.2. Prompt-tuning versus fine-tuning

Hyper-parameter search We show the best
performing models per task and training method
in Table 7. The full results of the hyper-parameter
search for fine-tuning are shown in Table 8. Simi-
larly, Table 9 shows the results for the correspond-
ing prompt-tuning experiments.

Throughout all experiments, we used the Deep-
Speed (Rasley et al., 2020) framework and the
transformers (Wolf et al., 2020) library for mixed-
precision training and general speed-ups. These
parameters were not changed during search:
Number of warm-up steps: 0, gradient norm:
0, weight decay: 0, optimizer: AdamW. Dur-
ing hyper-parameter search we considered batch
sizes {32,64} and learning rates {1e-5, 5e-5, 1e-4}
for all models except LLama, for which we used a
batch size of 72 and searched over learning rates
{1e-5,5e-5, le-4, 5e-4} for better hardware utiliza-
tion.
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Original Labelled

not caring when your parent is crying. "If | were not caring when my parent is crying, that
would be [MASK].”

treating family members with respect ”If 1 were treating family members with respect, that
would be [MASK].”

making other people sick. "If 1 were making other people sick, that would
be[MASK].”

not tipping in certain situations. ”If | were not tipping in certain situations, that would be
[MASK].”

returning things that are lost ”If | were returning things that are lost, that would be
[MASK].”

doing things together with your kids ”"If | were doing things with my kids, that would be
[MASK].”

intentionally disrupting someone when they’re working.  ”If | were intentionally disrupting someone when they’re

working, that would be [MASK].”

discussing sensitive topics in an English class. ”If | were discussing sensitive topics in an English class,
that would be [MASK].”

Reporting child abuse to the authorities. ”If | were reporting child abuse to the authorities, that
would be [MASK].”

distracting others from learning in school. ”If | were distracting others from learning in school, that
would be [MASK].”

Table 5: Few-shot samples for the hypothetical first person prompt. The originals are used for all nine
prompt templates.

Dataset Template

HatEval Here is a tweet: "<T>". If the tweet contains hate speech, answer with "yes”, or "no”,
if it doesn’t. Answer:

little-SWAG Does the ending fit the sentence? <CTX> <END> Answer:

Contrastive Moral Stories  see Moral Stories.

Moral Stories Consider the norm "<N>" and the action "<A>". Is the described action moral with

respect to the norm? Answer with "yes” if it is moral or "no” if it is immoral. Answer:

Table 6: Prompt templates used in the comparison of standard fine-tuning and prompt-tuning.

920



Moral Stories Contrastive MS HatEval little-SWAG

Model
Acc. A Acc. A Acc. A Acc. A
distilbert-base 78.4 1.5 77.5 0.3 47.2 -6.7 72.9 -1.4
bert-base 77.7 -2.4 77.9 -3.0 47.6 -7.4 771 -3.8
bert-large 80.9 -1.3 80.0 -2.3 51.2 -2.8 82.1 -1.7
- distilroberta-base 78.3 -1.4 79.8 0.5 48.9 -1.2 73.0 -2.1
£ roberta-base 85.3 0.8 83.1 -1.0 50.6 -1.8 81.4 0.0
3 roberta-large 91.6 -0.2 90.8 -0.8 54.7 -0.6 85.5 -0.2
S albert-xxlarge-v2 93.8 -0.1 92.6 0.3 53.0 -4.2 87.5 -0.1
bert-base-multilingual 75.7 -0.9 74.8 -2.7 47.0 -4.5 70.0 -3.0
xIm-roberta-base 78.7 0.4 77.6 0.7 46.8 -3.8 73.7 -1.1
xlm-roberta-large 89.0 25 86.3 0.0 54.4 2.3 82.0 -0.2
. gpt2 771 -1.2 771 -0.5 49.0 -2.8 70.6 -0.8
S gpt2-large 84.5 1.5 82.2 -1.2 53.2 0.4 80.3 -1.4
§ gpt2-x| 84.7 -2.9 83.9 -2.5 541 3.2 82.4 0.4
gpt-neo-2.7B 84.3 3.7 80.5 -2.7 55.0 21 80.0 -1.4
mean 0.0 -1.1 -2.0 -1.2

Table 7: Comparison of downstream task performance on standard fine-tuning and prompt-tuning setups.
We report accuracy of the prompt-tuning methods and the absolute difference percentage to their fine-
tuning equivalent. For example, ALBERT achieves 93.8% on the Moral Stories action classification task
using prompt-tuning, whereas the fine-tuning on a sequence classification task results in an increase of
0.1%. All runs are subjected to hyper-parameter search. Refer to Tables 8 and 9 for the full results.
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Loss Accuracy Best  Batch

Task  Model Epoch  Size Ir
Dev Test Dev  Test
distilbert-base 0.6553 0.7549 795 77.2 3 64 1e-4
bert-base 0.8169 0.8911 825 80.8 4 64 1e-4
» bert-large 0.3870 0.4258 84.8 823 2 64 5e-5
2 distilroberta-base 0.6392 0.7402 81.9 793 4 64 1e-4
% roberta-base 0.4441 0.4509 844 841 3 64 5e-5
Té roberta-large 0.3411 0.3196 913 91.6 3 32 1e-5
g albert-xxlarge-v2 0.3586 0.3723 929 923 4 64 1e-5
@ bert-base-multilingual 0.6343 0.6768 78.8 77.5 4 64 5e-5
% xlm-roberta-base 0.4507 0.5156 80.2 77.0 3 32 1e-5
© xlm-roberta-large 0.4126 0.4460 87.0 86.3 4 32 1e-5
g gpt2 0.4854 0.5815 809 775 10 32 1e-5
© gpt2-large 16846 1.7969 849 834 10 32 1e-5
gpt2-x| 1.4150 1.4023 86.5 86.4 9 64 1e-5
EleutherAl/gpt-neo-2.7B  0.3783 0.4059 84.6 83.2 2 32 1e-5
distilbert-base 0.6299 0.6958 80.0 76.9 3 64 1e-4
bert-base 0.7295 0.7544 819 80.1 4 64 5e-5
bert-large 0.4197 0.4690 83.7 822 3 32 1e-5
distilroberta-base 0.4832 0.5552 825 797 3 64 5e-5
® roberta-base 0.4622 0.4348 85.0 845 3 64 5e-5
2 roberta-large 0.2644 0.2581 924 91.8 3 64 1e-5
% albert-xxlarge-v2 0.3525 0.3752 94.3 93.9 4 32 1e-5
= bert-base-multilingual 0.6626 0.7588 79.4 76.6 4 64 5e-5
s} xlm-roberta-base 0.4324 0.4985 815 783 3 32 1e-5
E xlm-roberta-large 0.4224 0.4255 87.6 86.5 4 32 1e-5
gpt2 0.5601 0.6128 81.2 78.3 4 64 1e-4
gpt2-large 0.3796 0.4170 85.5 83.1 2 32 1e-5
gpt2-x| 1.1309 1.2002 88.5 87.6 8 32 1e-5
EleutherAl/gpt-neo-2.7B  0.5137 0.6016 83.1 80.6 3 64 1e-5
distilbert-base 0.5356 0.5293 741 744 3 32 1e-5
bert-base 0.4243 0.4138 80.3 80.9 2 32 1e-5
bert-large 0.3950 0.3743 83.0 83.8 2 32 1e-5
distilroberta-base 0.5146 0.5005 75.1 751 4 32 1e-5
roberta-base 0.4072 0.3933 81.3 814 2 64 1e-5
roberta-large 0.3274 0.3242 86.1 85.7 2 64 1e-5
= albert-xxlarge-v2 0.3174 0.3064 874 87.6 1 64 1e-5
2 bert-base-multilingual 0.5786 0.5498 723 731 4 64 1e-5
xlm-roberta-base 0.5283 0.5137 74.0 74.7 4 32 1e-5
xlm-roberta-large 0.4146 0.3997 814 822 2 32 1e-5
gpt2 0.5923 0.5811 709 714 4 64 5e-5
gpt2-large 0.4863 0.4526 804 81.6 3 64 1e-5
gpt2-x| 0.6650 0.6191 81.1 81.9 4 64 1e-5
EleutherAl/gpt-neo-2.7B  0.4079 0.4005 81.3 81.5 1 32 1e-5
distilbert-base 0.9150 2.4297 78.8 53.9 4 32 1e-4
bert-base 0.5942 1.8018 79.0 551 3 64 5e-5
bert-large 0.5337 1.9102 80.2 54.0 3 32 5e-5
distilroberta-base 0.5591 2.1133 79.8 50.1 3 32 5e-5
roberta-base 0.5161 1.6318 79.9 524 3 32 5e-5
T;s roberta-large 0.5820 1.9492 80.9 553 4 32 1e-5
o albert-xxlarge-v2 0.5444 13916 78.1 57.2 3 32 1e-5
é bert-base-multilingual 0.5869 1.9678 77.3 515 3 32 5e-5
B xIm-roberta-base 0.5249 17734 778 50.6 3 32 5e-5
xlm-roberta-large 0.4954 1.6396 80.0 52.1 3 32 1e-5
gpt2 0.5054 1.8115 77.2 51.8 3 32 5e-5
gpt2-large 1.1289 4.9336 794 5238 4 64 5e-5
gpt2-x 0.5273 24297 77.8 50.9 2 64 5e-5
EleutherAl/gpt-neo-2.7B  1.0614 3.9397 77.0 53.0 4 32 1e-5

Table 8: Detailed results of the hyper-parameter search for the sequence classification with fine-
tuning approach.
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Loss Accuracy Best  Batch

Task  Model Epoch  Size Ir
Dev Test Dev  Test
distilbert-base 0.0074 0.0083 789 775 3 32 1e-4
bert-base 0.0064 0.0073 80.3 77.9 3 64 1e-4
bert-large 0.0066 0.0068 81.7 80.0 3 64 1e-4
3 distilroberta-base 0.0070 0.0078 81.2 79.8 3 32 5e-5
§ roberta-base 0.0056 0.0060 83.7 83.1 4 32 1e-5
2 roberta-large 0.0041 0.0041 91.1 90.8 4 32 1e-5
g albert-xxlarge-v2 0.0219 0.0217 922 92.6 4 32 1e-5
S bert-base-multilingual 0.0068 0.0077 77.8 74.8 4 32 5e-5
0 xlm-roberta-base 0.0062 0.0074 814 77.6 4 32 5e-5
'(ﬁu xlm-roberta-large 0.0044 0.0049 87.2 86.3 4 64 1e-5
= gpt2 1.3076 1.3486 79.2 77.1 5 32 1e-4
g gpt2-large 1.7803 1.8174 842 822 10 32 1e-4
gpt2-xl 1.6406 1.6729 86.2 83.9 8 32 5e-5
EleutherAl/gpt-neo-2.7B  1.1631 1.1826 83.7 80.5 2 64 1e-4
llama7B 0.8979 0.9131 925 90.8 4 72 1e-5
distilbert-base 0.0083 0.0091 79.7 784 3 32 1e-4
bert-base 0.0081 0.0087 80.6 77.7 4 64 5e-5
bert-large 0.0065 0.0069 81.2 80.9 3 64 1e-4
distilroberta-base 0.0066 0.0075 81.6 78.3 3 64 1e-4
roberta-base 0.0068 0.0068 85.4 85.3 4 32 5e-5
8 roberta-large 0.0035 0.0032 92.0 91.6 4 64 1e-5
5 albert-xxlarge-v2 0.0201 0.0200 93.6 93.8 2 32 1e-5
9 bert-base-multilingual 0.0075 0.0089 78.2 75.7 4 32 5e-5
g xlm-roberta-base 0.0066 0.0075 81.6 78.7 4 32 5e-5
£ xlm-roberta-large 0.0049 0.0047 87.9 89.0 4 32 1e-5
gpt2 1.2695 1.3135 794 77.1 4 32 1e-4
gpt2-large 14434 1.4707 86.2 845 6 64 5e-5
gpt2-x| 1.0762 1.0977 86.3 84.7 3 64 1e-5
EleutherAl/gpt-neo-2.7B  1.4593 1.4874 855 843 4 32 5e-5
llama7B 0.8945 0.9082 935 91.8 4 72 1e-5
distilbert-base 0.0144 0.0139 722 729 4 32 1e-5
bert-base 0.0134 0.0129 76.1 77.1 4 32 1e-5
bert-large 0.01M0 0.0104 81.1 82.1 2 32 1e-5
distilroberta-base 0.0123 0.0119 728 73.0 3 32 1e-5
roberta-base 0.0097 0.0095 809 814 3 32 1e-5
roberta-large 0.0079 0.0076 85.0 855 2 32 1e-5
o albert-xxlarge-v2 0.0432 0.0428 87.3 875 2 64 1e-5
g bert-base-multilingual 0.0144 0.0138 69.8 70.0 4 32 1e-5
o xlm-roberta-base 0.0123 0.0118 722 73.7 3 64 1e-5
xlm-roberta-large 0.0097 0.0092 81.1 82.0 3 32 1e-5
gpt2 22305 2.2422 691 70.6 4 32 1e-4
gpt2-large 2.3008 2.3086 79.6 80.3 4 64 5e-5
gpt2-xl 21035 2.1094 813 824 4 32 1e-5
EleutherAl/gpt-neo-2.7B  2.0891 2.0994 78.9 80.0 2 32 1e-5
llama7B 1.8213 1.8301 859 857 4 72 1e-5
distilbert-base 0.0066 0.0205 76.7 47.2 4 64 5e-5
bert-base 0.0063 0.0200 77.2 47.6 2 32 1e-4
bert-large 0.0073 0.0297 77.8 51.2 4 32 5e-5
distilroberta-base 0.0083 0.0319 77.7 48.9 4 32 5e-5
roberta-base 0.0071 0.0274 79.1 50.6 3 32 5e-5
— roberta-large 0.0067 0.0228 80.8 54.7 4 32 1e-5
% albert-xxlarge-v2 0.0248 0.0449 785 53.0 4 64 5e-5
= bert-base-multilingual 0.0073 0.0330 76.5 47.0 4 64 1e-4
g xlm-roberta-base 0.0100 0.0255 749 46.8 4 64 5e-5
- xlm-roberta-large 0.0070 0.0232 79.0 54.4 4 32 1e-5
gpt2 21699 2.0469 73.6 49.0 4 32 1e-4
gpt2-large 21387 1.9512 80.6 53.2 3 64 1e-4
gpt2-xl 21309 1.9590 78.1 54.1 4 32 5e-5
EleutherAl/gpt-neo-2.7B  1.9921 1.8785 77.9 55.0 4 32 1e-5
llama7B 14561 1.4248 748 58.0 3 72 1e-5
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Table 9: Detailed results of the hyper-parameter search for the prompt-tuning approach.
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