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• Are your labels any good??
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• Define a classification task that you'd like a 
model to do 

• Then you need text and labels 
• 1. Natural annotations — information you can 

automatically retrieve about a text 
• 2. New human annotations — get people to 

manually create labels for a sample of texts! 
• (3. Repurposed old human annotations - e.g. 

educational texts/exams... if it's what you want 
to do...)
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• Human behavioral data was a key factor for today's 3rd wave 
of neural network modeling, initially in computational vision

1957 
Perceptron 
(~log. reg.)

1989 
Backprop & 

convolutional NN

2012 
ImageNet 

data for CNN 
training

Millions of labeled objects in 
images, collected via 

crowdsourcing (MTurk) 
Revolutionized CV by using 

nearly the same model from 1989!

2019 
(Counterpoint: LM 

pretraining)
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https://www.mturk.com/mturk/welcome


• Crowdsourcing approach to annotation  
• Many different people do many different chunks 
• Typically don't know much about the workers (unless you add extra 

surveys / pre-test qualifications, etc.) 
• Quality control is key 

• Check agreement with hidden gold standard items 
• Check agreement against other workers' judgments 

• Useful resources: https://jkk.name/reading-notes/crowdsourcing/ 

• Alternative: higher skilled online providers (e.g. Upwork) 
• More like directly hiring a small number of freelancers; higher cost, 

better motivation, expertise 
• Large companies/organizations typically have annotation 

contractors or employ some in-house
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Exercise
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• How “real” is a task?  Replicable?  Reliability of 
annotations?


• How much do two humans agree on labels?

• Question: can an NLP system's accuracy be higher 

than the human agreement rate?


• The conventional view: IAA is the upper bound for 
machine performance

• What affects IAA?  Difficulty of task, human training, 

human motivation/effort....

• IAA between 2 humans, or between 1 human vs. 

consensus


Interannotator agreement 
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Cohen's Kappa for IAA
• If some classes predominate, raw agreement rate may 

be misleading  
• Idea: normalize accuracy (agreement) rate such that 

answering randomly = 0. 
• From psychology / psychometrics / content analysis 

• Chance-adjusted agreement from:

po:  observed agreement rate


pe:  expected (by chance) rate

Other chanced-adjusted metrics: Fleiss, Krippendorff... see 
reading



• (added after lecture -- supplement to explanation on 
chalkboard) 

• p_pool(y): the marginal probability of the label, among all 
annotators. for your exercise, literally the its count divided by 20 

• chance agreement rate: assume two annotators are labeling at 
random, by the p_pool distribution (sum of squares). 

• intuition for the adjustment formula:  answering at chance rate 
should get 0.  within the space between chance agreement 
and full agreement, how far up is your observed agreement 
rate? 

• See Eisenstein reading for more details 
• note there are different kappa variants that may use pooled vs. 

unpooled probabilities
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• Iterative cycle for annotation and guidelines/
codebook development 

1. Develop guidelines for the task 
2. Give guidelines to annotators 
3. Annotate a little 
4. Discuss/analyze disagreements; revise guidelines
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Annotation example: framing/persuasion 
methods

[Piskorski et al. 2023]

• Annotating multilingual news articles from 2020-2022

3 Multifacet Annotation Scheme

This section offers an overview of the three differ-
ent facets considered in our annotation scheme.

3.1 Genre
Given a news article, we want to characterize the
intended nature of the reporting: whether it is an
opinion piece, it aims at objective news reporting,
or it is satirical. This is a multiclass annotation
scheme at the article level.

A satirical piece is a factually incorrect article,
with the intent not to deceive, but rather to call out,
ridicule, or expose behaviours considered ‘bad’. It
deliberately exposes real-world individuals, organi-
sations and events to ridicule.

Given that the borders between opinion and ob-
jective news reporting might sometimes not be
fully clear, we provide in Appendix A.1 an excerpt
from the annotation guidelines with some rules that
were used to resolve opinion vs. reporting cases.

3.2 Framing
Given a news article, we are interested in iden-
tifying the frames used in the article. For this
purpose, we adopted the concept of framing in-
troduced in (Card et al., 2015) and the taxonomy
of 14 generic framing dimensions, their acronym is
specified in parenthesis: Economic (E), Capacity
and resources (CR), Morality (M), Fairness and
equality (FE), Legality, constitutionality and ju-
risprudence (LCJ), Policy prescription and evalua-
tion (PPE), Crime and punishment (CP), Security
and defense (SD), Health and safety (HS), Quality
of life (QOL), Cultural identity (CI), Public opin-
ion (PO), Political (P), and External regulation and
reputation (EER).

This is a multiclass multilabel annotation at the
article level.

3.3 Persuasion Techniques
Given a news article, we identify the uses of per-
suasion techniques in it. These techniques are char-
acterized by a specific use of language in order to
influence the readers. We use a 2-level persuasion
techniques taxonomy, which is an extended version
of the flat taxonomy introduced in Da San Martino
et al. (2019). At the top level, there are 6 coarse-
grained types of persuasion techniques: Attack on
Reputation, Justification, Simplification, Distrac-
tion, Call, and Manipulative Wording. We describe
them in more detail below.

Attack on reputation: The argument does not
address the topic, but rather targets the participant
(personality, experience, deeds) in order to question
and/or to undermine their credibility. The object of
the argumentation can also refer to a group of indi-
viduals, an organization, an object, or an activity.
Justification: The argument is made of two parts,
a statement and an explanation or an appeal, where
the latter is used to justify and/or to support the
statement.
Simplification: The argument excessively simpli-
fies a problem, usually regarding the cause, the
consequence, or the existence of choices.
Distraction: The argument takes focus away from
the main topic or argument to distract the reader.
Call: The text is not an argument, but an encour-
agement to act or to think in a particular way.
Manipulative wording: the text is not an argument
per se, but uses specific language, which contains
words or phrases that are either non-neutral, confus-
ing, exaggerating, loaded, etc., in order to impact
the reader emotionally.

These six types are further subdivided into 23
fine-grained techniques, i.e., five more than in
(Da San Martino et al., 2019). Figure 1 gives
an overview of our 2-tier persuasion techniques
taxonomy. A more comprehensive definitions of
these techniques, accompanied with some exam-
ples, is given in Appendix B and in (Piskorski et al.,
2023a). Note that our list of 23 techniques differs
from (Da San Martino et al., 2019) not only be-
cause new techniques were added. For example,
their Whataboutism included two separate aspects:
accusing of hypocrisy the opponent and distracting
from the current topic. Here, we refer to the for-
mer aspect as the technique Appeal to Hypocrisy,
i.e., in our work Whataboutism covers only the
distracting-from-the-current topic aspect.

The persuasion technique annotation is a multi-
class multilabel annotation at the span level.

4 Dataset Description

We feature six languages: English, French, Ger-
man, Italian, Polish, and Russian. The English
articles are the ones from (Da San Martino et al.,
2019), but we slightly modified their annotations
for persuasion techniques to match the guidelines
of this work (see Section 3.3). As genre and fram-
ing annotations for English were not present in
(Da San Martino et al., 2019), we added them fol-
lowing the guidelines for the other languages.
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ATTACK ON REPUTATION

Name Calling or Labelling [AR:NCL]: a form of argument in which
loaded labels are directed at an individual, group, object or activity,
typically in an insulting or demeaning way, but also using labels the target
audience finds desirable.
Guilt by Association [AR:GA]: attacking the opponent or an activity by
associating it with a another group, activity or concept that has sharp
negative connotations for the target audience.
Casting Doubt [AR:D]: questioning the character or personal attributes of
someone or something in order to question their general credibility or
quality.
Appeal to Hypocrisy [AR:AH]: the target of the technique is attacked on
its reputation by charging them with hypocrisy/inconsistency.
Questioning the Reputation [AR:QR]: the target is attacked by making
strong negative claims about it, focusing specially on undermining its
character and moral stature rather than relying on an argument about the
topic.

JUSTIFICATION

Flag Waving [J:FW]: justifying an idea by exhaling the pride of a group or
highlighting the benefits for that specific group.
Appeal to Authority [J:AA]: a weight is given to an argument, an idea or
information by simply stating that a particular entity considered as an
authority is the source of the information.
Appeal to Popularity [J:AP]: a weight is given to an argument or idea by
justifying it on the basis that allegedly "everybody" (or the large majority)
agrees with it or "nobody" disagrees with it.
Appeal to Values [J:AV]: a weight is given to an idea by linking it to values
seen by the target audience as positive.
Appeal to Fear, Prejudice [J:AF]: promotes or rejects an idea through the
repulsion or fear of the audience towards this idea.

DISTRACTION

Strawman [D:SM]: consists in making an impression of refuting an
argument of the opponent’s proposition, whereas the real subject of the
argument was not addressed or refuted, but instead replaced with a false one.
Red Herring [D:RH]: consists in diverting the attention of the audience
from the main topic being discussed, by introducing another topic, which is
irrelevant.
Whataboutism [D:W]: a technique that attempts to discredit an opponent’s
position by charging them with hypocrisy without directly disproving their
argument.

SIMPLIFICATION

Causal Oversimplification [S:CaO]: assuming a single cause or reason
when there are actually multiple causes for an issue.
False Dilemma or No Choice [S:FDNC]: a logical fallacy that presents
only two options or sides when there are many options or sides. In extreme,
the author tells the audience exactly what actions to take, eliminating any
other possible choices.
Consequential Oversimplification [S:CoO]: is an assertion one is making
of some "first" event/action leading to a domino-like chain of events that
have some significant negative (positive) effects and consequences that
appear to be ludicrous or unwarranted or with each step in the chain more
and more improbable.

CALL

Slogans [C:S]: a brief and striking phrase, often acting like emotional
appeals, that may include labeling and stereotyping.
Conversation Killer [A:CK]: words or phrases that discourage critical
thought and meaningful discussion about a given topic.
Appeal to Time [C:AT]: the argument is centred around the idea that time
has come for a particular action.

MANIPULATIVE WORDING

Loaded Language [MW:LL]: use of specific words and phrases with
strong emotional implications (either positive or negative) to influence and
convince the audience that an argument is valid.
Obfuscation, Intentional Vagueness, Confusion [MW:OVC]: use of
words that are deliberately not clear, vague or ambiguous so that the
audience may have its own interpretations.
Exaggeration or Minimisation [MW:EM]: consists of either representing
something in an excessive manner or making something seem less
important or smaller than it really is.
Repetition [MW:R]: the speaker uses the same phrase repeatedly with the
hopes that the repetition will lead to persuade the audience.

Figure 1: Persuasion techniques in our 2-tier taxon-
omy. The six coarse-grained techniques are subdivided
into 23 fine-grained ones. An acronym for each tech-
nique is given in squared brackets.

4.1 Article Selection

We collected articles in French, German, Italian,
Polish, and Russian, published in the period be-
tween 2020 and mid-2022, and revolving around
various globally discussed topics, including the
COVID-19 pandemic, abortion-related legislation,
migration, Russo-Ukrainian war, some local events
such as parliamentary elections, etc. We con-
sidered both mainstream media and “alternative”
media sources that could potentially spread mis-
/disinformation. For the former, we used various
news aggregation engines, e.g., Google News1, Eu-
rope Media Monitor2, etc., which cover sources
with different political orientation, whereas for the
latter, we used online services such as MediaBi-
asFactCheck3 and NewsGuard.4 We extracted the
content of the articles either with Trafilatura (Bar-
baresi, 2021) or, in few cases, manually.

4.2 Annotation Process

We annotated each text for genre, framing, and per-
suasion techniques using the taxonomy described
in Section 3. The main drive behind these multi-
layer annotation is to cover various complemen-
tary aspects of what makes a text persuasive, i.e.,
the genre, the framing (what key aspects are high-
lighted), and the rhetoric (which persuasion tech-
niques are used). While genre and framing were
annotated at the document level, we annotated the
persuasion techniques at the span level.

The pool of annotators consisted of circa 40 per-
sons, all native or near-native speakers of the lan-
guage they annotated for. The majority of the anno-
tators could be divided into two main groups with
respect to their background: (a) media analysts,
fact-checkers, and disinformation experts, and (b)
researchers and experts in linguistics and computa-
tional linguistics. Note that 80% of our annotators
had prior experience in performing linguistic anno-
tations of news-like texts.

We divided the annotation process into three
phases: (i) training phase, during which single an-
notators were tasked to read the annotation guide-
lines (Piskorski et al., 2023a), participate in on-
line multichoice question-like training, and carry
out pilot annotations; (ii) text annotation phase, in
which each document was annotated by at least

1https://news.google.com
2https://emm.newsbrief.eu
3https://mediabiasfactcheck.com
4https://www.newsguardtech.com
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has come for a particular action.

MANIPULATIVE WORDING

Loaded Language [MW:LL]: use of specific words and phrases with
strong emotional implications (either positive or negative) to influence and
convince the audience that an argument is valid.
Obfuscation, Intentional Vagueness, Confusion [MW:OVC]: use of
words that are deliberately not clear, vague or ambiguous so that the
audience may have its own interpretations.
Exaggeration or Minimisation [MW:EM]: consists of either representing
something in an excessive manner or making something seem less
important or smaller than it really is.
Repetition [MW:R]: the speaker uses the same phrase repeatedly with the
hopes that the repetition will lead to persuade the audience.

Figure 1: Persuasion techniques in our 2-tier taxon-
omy. The six coarse-grained techniques are subdivided
into 23 fine-grained ones. An acronym for each tech-
nique is given in squared brackets.

4.1 Article Selection

We collected articles in French, German, Italian,
Polish, and Russian, published in the period be-
tween 2020 and mid-2022, and revolving around
various globally discussed topics, including the
COVID-19 pandemic, abortion-related legislation,
migration, Russo-Ukrainian war, some local events
such as parliamentary elections, etc. We con-
sidered both mainstream media and “alternative”
media sources that could potentially spread mis-
/disinformation. For the former, we used various
news aggregation engines, e.g., Google News1, Eu-
rope Media Monitor2, etc., which cover sources
with different political orientation, whereas for the
latter, we used online services such as MediaBi-
asFactCheck3 and NewsGuard.4 We extracted the
content of the articles either with Trafilatura (Bar-
baresi, 2021) or, in few cases, manually.

4.2 Annotation Process

We annotated each text for genre, framing, and per-
suasion techniques using the taxonomy described
in Section 3. The main drive behind these multi-
layer annotation is to cover various complemen-
tary aspects of what makes a text persuasive, i.e.,
the genre, the framing (what key aspects are high-
lighted), and the rhetoric (which persuasion tech-
niques are used). While genre and framing were
annotated at the document level, we annotated the
persuasion techniques at the span level.

The pool of annotators consisted of circa 40 per-
sons, all native or near-native speakers of the lan-
guage they annotated for. The majority of the anno-
tators could be divided into two main groups with
respect to their background: (a) media analysts,
fact-checkers, and disinformation experts, and (b)
researchers and experts in linguistics and computa-
tional linguistics. Note that 80% of our annotators
had prior experience in performing linguistic anno-
tations of news-like texts.

We divided the annotation process into three
phases: (i) training phase, during which single an-
notators were tasked to read the annotation guide-
lines (Piskorski et al., 2023a), participate in on-
line multichoice question-like training, and carry
out pilot annotations; (ii) text annotation phase, in
which each document was annotated by at least

1https://news.google.com
2https://emm.newsbrief.eu
3https://mediabiasfactcheck.com
4https://www.newsguardtech.com
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ATTACK ON REPUTATION

Name Calling or Labelling [AR:NCL]: a form of argument in which
loaded labels are directed at an individual, group, object or activity,
typically in an insulting or demeaning way, but also using labels the target
audience finds desirable.
Guilt by Association [AR:GA]: attacking the opponent or an activity by
associating it with a another group, activity or concept that has sharp
negative connotations for the target audience.
Casting Doubt [AR:D]: questioning the character or personal attributes of
someone or something in order to question their general credibility or
quality.
Appeal to Hypocrisy [AR:AH]: the target of the technique is attacked on
its reputation by charging them with hypocrisy/inconsistency.
Questioning the Reputation [AR:QR]: the target is attacked by making
strong negative claims about it, focusing specially on undermining its
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topic.

JUSTIFICATION
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highlighting the benefits for that specific group.
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information by simply stating that a particular entity considered as an
authority is the source of the information.
Appeal to Popularity [J:AP]: a weight is given to an argument or idea by
justifying it on the basis that allegedly "everybody" (or the large majority)
agrees with it or "nobody" disagrees with it.
Appeal to Values [J:AV]: a weight is given to an idea by linking it to values
seen by the target audience as positive.
Appeal to Fear, Prejudice [J:AF]: promotes or rejects an idea through the
repulsion or fear of the audience towards this idea.

DISTRACTION

Strawman [D:SM]: consists in making an impression of refuting an
argument of the opponent’s proposition, whereas the real subject of the
argument was not addressed or refuted, but instead replaced with a false one.
Red Herring [D:RH]: consists in diverting the attention of the audience
from the main topic being discussed, by introducing another topic, which is
irrelevant.
Whataboutism [D:W]: a technique that attempts to discredit an opponent’s
position by charging them with hypocrisy without directly disproving their
argument.

SIMPLIFICATION

Causal Oversimplification [S:CaO]: assuming a single cause or reason
when there are actually multiple causes for an issue.
False Dilemma or No Choice [S:FDNC]: a logical fallacy that presents
only two options or sides when there are many options or sides. In extreme,
the author tells the audience exactly what actions to take, eliminating any
other possible choices.
Consequential Oversimplification [S:CoO]: is an assertion one is making
of some "first" event/action leading to a domino-like chain of events that
have some significant negative (positive) effects and consequences that
appear to be ludicrous or unwarranted or with each step in the chain more
and more improbable.

CALL

Slogans [C:S]: a brief and striking phrase, often acting like emotional
appeals, that may include labeling and stereotyping.
Conversation Killer [A:CK]: words or phrases that discourage critical
thought and meaningful discussion about a given topic.
Appeal to Time [C:AT]: the argument is centred around the idea that time
has come for a particular action.

MANIPULATIVE WORDING

Loaded Language [MW:LL]: use of specific words and phrases with
strong emotional implications (either positive or negative) to influence and
convince the audience that an argument is valid.
Obfuscation, Intentional Vagueness, Confusion [MW:OVC]: use of
words that are deliberately not clear, vague or ambiguous so that the
audience may have its own interpretations.
Exaggeration or Minimisation [MW:EM]: consists of either representing
something in an excessive manner or making something seem less
important or smaller than it really is.
Repetition [MW:R]: the speaker uses the same phrase repeatedly with the
hopes that the repetition will lead to persuade the audience.

Figure 1: Persuasion techniques in our 2-tier taxon-
omy. The six coarse-grained techniques are subdivided
into 23 fine-grained ones. An acronym for each tech-
nique is given in squared brackets.

4.1 Article Selection

We collected articles in French, German, Italian,
Polish, and Russian, published in the period be-
tween 2020 and mid-2022, and revolving around
various globally discussed topics, including the
COVID-19 pandemic, abortion-related legislation,
migration, Russo-Ukrainian war, some local events
such as parliamentary elections, etc. We con-
sidered both mainstream media and “alternative”
media sources that could potentially spread mis-
/disinformation. For the former, we used various
news aggregation engines, e.g., Google News1, Eu-
rope Media Monitor2, etc., which cover sources
with different political orientation, whereas for the
latter, we used online services such as MediaBi-
asFactCheck3 and NewsGuard.4 We extracted the
content of the articles either with Trafilatura (Bar-
baresi, 2021) or, in few cases, manually.

4.2 Annotation Process

We annotated each text for genre, framing, and per-
suasion techniques using the taxonomy described
in Section 3. The main drive behind these multi-
layer annotation is to cover various complemen-
tary aspects of what makes a text persuasive, i.e.,
the genre, the framing (what key aspects are high-
lighted), and the rhetoric (which persuasion tech-
niques are used). While genre and framing were
annotated at the document level, we annotated the
persuasion techniques at the span level.

The pool of annotators consisted of circa 40 per-
sons, all native or near-native speakers of the lan-
guage they annotated for. The majority of the anno-
tators could be divided into two main groups with
respect to their background: (a) media analysts,
fact-checkers, and disinformation experts, and (b)
researchers and experts in linguistics and computa-
tional linguistics. Note that 80% of our annotators
had prior experience in performing linguistic anno-
tations of news-like texts.

We divided the annotation process into three
phases: (i) training phase, during which single an-
notators were tasked to read the annotation guide-
lines (Piskorski et al., 2023a), participate in on-
line multichoice question-like training, and carry
out pilot annotations; (ii) text annotation phase, in
which each document was annotated by at least

1https://news.google.com
2https://emm.newsbrief.eu
3https://mediabiasfactcheck.com
4https://www.newsguardtech.com
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A Annotation Guidelines

This appendix provides an excerpt of the annotation
guidelines (Piskorski et al., 2023a) related to news
genre and persuasion techniques.

A.1 News Genre

• opinion versus reporting: in the case of news
articles that contain citations and opinions of
others (i.e., not of the author), the decision
whether to label such article as opinion or
reporting should in principle depend on what
the reader thinks the intent of the author of
the article was. In order to make this decision
simpler, the following rules were applied:

– articles that contain even a single sen-
tence (could be even the title) that is an
opinion of the author or suggests that the
author has some opinion on the specific
matter should be labelled as opinion,

– articles containing a speech or an inter-
view with a single politician or expert,
who provides her/his opinions should be
labelled as opinion,

– articles that “report” what a single politi-
cian or expert said in an interview, con-
ference, debate, etc. should be labelled
as opinion as well,

– articles that provide a comprehensive
overview (spectrum) of what many dif-
ferent politicians and experts said on a
specific matter (e.g., in a debate), includ-
ing their opinions, and without any opin-
ion of the author, should be labelled as
reporting,

– articles that provide a comprehensive
overview (spectrum) of what many differ-
ent politicians and experts said on a spe-
cific matter (e.g., in a debate), including
their opinions, and with some opinion or
analysis of the author (the author might
try to tell a story), should be labelled as
opinion ,

– commentaries and analysis articles
should be labelled as opinion.

• satire: A news article that contains some small
text fragment, e.g., a sentence, which appears
satirical is not supposed to be annotated as
satire.

A.2 Persuasion Techniques
The following general rules are applied when anno-
tating persuasion techniques:

• if one has doubts whether a given text frag-
ment contains a persuasion technique, then
they do not annotate it, (conservative ap-
proach)

• select the minimal amount of text6 to annotate
in case of doubts whether to include a longer
text fragment or not,

• avoid personal bias (i.e., opinion and emo-
tions) on the topic being discussed as this has
nothing to do with the annotation of persua-
sion techniques,

• do not exploit external knowledge to decide
whether given text fragment should be tagged
as a persuasion technique,

• do not confuse persuasion technique detection
with fact-checking. A given text fragment
might contain a claim that is known to be
true, but that does not imply that there are
no persuasion techniques to annotate in this
particular text fragment,

• often, authors use irony (not being explicitly
part of the taxonomy), which in most cases
serves the purpose to persuade the reader,
most frequently to attack the reputation of
someone or something. In such cases, the re-
spective persuasion technique type should be
used, or other if the use of irony does not fall
under any persuasion technique type in the
taxonomy,

• in case of quotations or reporting of what a
given person has said, the annotation of the
persuasion techniques within the boundaries
of that quotation should be done from the per-
spective of that person who is making some
statement or claim (point of reference) and not
from the author perspective.

6In our guidelines, we do have specific rules for each of the
persuasion techniques of what the annotation should include,
e.g., for the Justificaton technique, the annotation should in-
clude certain appeal and the claim or idea it supports, if ex-
plicitly expressed in the immediate context, or, in the case of
Loaded Language, only the emotionally-loaded word/phrase
should be annotated, disregarding the context it appears in.
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High-quality annotation guidelines for complex tasks... can get 
complicated!

Figure 4: Decision diagram to determine which high-level approach is used in a text. The fine-grained techniques
are marked in color, in an attempt to reflect the rhetorical dimension: (a) ethos, i.e., appeal to authority (green), (b)
logos, i.e., appeal to logic (blue), and (c) pathos, e.e., appeal to emotions (yellow).

B Definitions of the Persuasion
Techniques

B.1 Attack on Reputation
Name Calling or Labelling: a form of argument
in which loaded labels are directed at an individual
or a group, typically in an insulting or demean-
ing way. Labelling an object as either something
the target audience fears, hates, or on the contrary
finds desirable or loves. This technique calls for
a qualitative judgement that disregards facts and
focuses solely on the essence of the subject being
characterized. This technique is in a way also a
manipulative wording, as it is used at the level of
the nominal group rather than being a full-fledged
argument with a premise and a conclusion. For
example, in the political discourse, typically one
is using adjectives and nouns as labels that refer to
political orientation, opinions, personal characteris-
tics, and association to some organisations, as well
as insults. What distinguishes it from the Loaded
Language technique (see B.6), is that it is only
concerned with the characterization of the subject.
Example: ’Fascist’ Anti-Vax Riot Sparks COVID
Outbreak in Australia.
Guilt by Association: Attacking the opponent or
an activity by associating it with another group,
activity, or concept that has sharp negative conno-

tations for the target audience. The most common
example, which has given its name in the literature
(i.e. Reduction ad Hitlerum) to that technique is
making comparisons to Hitler and the Nazi regime.
However, it is important to emphasize, that this
technique is not restricted to comparisons to that
group only. More precisely, this can be done by
claiming a link or an equivalence between the tar-
get of the technique to any individual, group, or
event in the presence or in the past, which has or
had an unquestionable negative perception (e.g.,
was considered a failure), or is depicted in such
way.
Example: Manohar is a big supporter for equal
pay for equal work. This is the same policy that all
those extreme feminist groups support. Extremists
like Manohar should not be taken seriously.

Casting Doubt: Casting doubt on the character or
the personal attributes of someone or something in
order to question their general credibility or quality,
instead of using a proper argument related to the
topic. This can be done for instance, by speaking
about the target’s professional background, as a
way to discredit their argument. Casting doubt can
also be done by referring to some actions or events
carried out or planned by some entity that are/were
not successful or appear as (probably) resulting in
not achieving the planned goals.
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How many labels is enough?
• For training, typically thousands of annotations 

are necessary for reasonable performance 
• In-context learning can work with <10 examples 

("few-shot") 
• ~dozens seems minimum for fine-tuning (?) 

• For evaluation, small #s is ok (but watch 
statistical significance!) 

• Exact amounts are difficult to know in advance. 
Can do a learning curve to estimate if more 
annotations will be useful.
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NLU classif. tasks
• Natural language understanding: broad semantic 

tasks, performed as (bi)text classification/regression 
• GLUE benchmark collection (Wang et al., 2018, 2019)
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Corpus |Train| |Test| Task Metrics Domain
Single-Sentence Tasks

CoLA 8.5k 1k acceptability Matthews corr. misc.
SST-2 67k 1.8k sentiment acc. movie reviews

Similarity and Paraphrase Tasks

MRPC 3.7k 1.7k paraphrase acc./F1 news
STS-B 7k 1.4k sentence similarity Pearson/Spearman corr. misc.
QQP 364k 391k paraphrase acc./F1 social QA questions

Inference Tasks

MNLI 393k 20k NLI matched acc./mismatched acc. misc.
QNLI 105k 5.4k QA/NLI acc. Wikipedia
RTE 2.5k 3k NLI acc. news, Wikipedia
WNLI 634 146 coreference/NLI acc. fiction books

Table 1: Task descriptions and statistics. All tasks are single sentence or sentence pair classification,
except STS-B, which is a regression task. MNLI has three classes; all other classification tasks have
two. Test sets shown in bold use labels that have never been made public in any form.

To better understand the challenged posed by GLUE, we conduct experiments with simple baselines
and state-of-the-art sentence representation models. We find that unified multi-task trained models
slightly outperform comparable models trained on each task separately. Our best multi-task model
makes use of ELMo (Peters et al., 2018), a recently proposed pre-training technique. However, this
model still achieves a fairly low absolute score. Analysis with our diagnostic dataset reveals that our
baseline models deal well with strong lexical signals but struggle with deeper logical structure.

In summary, we offer: (i) A suite of nine sentence or sentence-pair NLU tasks, built on established
annotated datasets and selected to cover a diverse range of text genres, dataset sizes, and degrees
of difficulty. (ii) An online evaluation platform and leaderboard, based primarily on privately-held
test data. The platform is model-agnostic, and can evaluate any method capable of producing results
on all nine tasks. (iii) An expert-constructed diagnostic evaluation dataset. (iv) Baseline results for
several major existing approaches to sentence representation learning.

2 RELATED WORK

Collobert et al. (2011) used a multi-task model with a shared sentence understanding component to
jointly learn POS tagging, chunking, named entity recognition, and semantic role labeling. More
recent work has explored using labels from core NLP tasks to supervise training of lower levels
of deep neural networks (Søgaard & Goldberg, 2016; Hashimoto et al., 2017) and automatically
learning cross-task sharing mechanisms for multi-task learning (Ruder et al., 2017).

Beyond multi-task learning, much work in developing general NLU systems has focused on
sentence-to-vector encoders (Le & Mikolov, 2014; Kiros et al., 2015, i.a.), leveraging unlabeled
data (Hill et al., 2016; Peters et al., 2018), labeled data (Conneau & Kiela, 2018; McCann et al.,
2017), and combinations of these (Collobert et al., 2011; Subramanian et al., 2018). In this line
of work, a standard evaluation practice has emerged, recently codified as SentEval (Conneau et al.,
2017; Conneau & Kiela, 2018). Like GLUE, SentEval relies on a set of existing classification tasks
involving either one or two sentences as inputs. Unlike GLUE, SentEval only evaluates sentence-
to-vector encoders, making it well-suited for evaluating models on tasks involving sentences in

isolation. However, cross-sentence contextualization and alignment are instrumental in achieving
state-of-the-art performance on tasks such as machine translation (Bahdanau et al., 2015; Vaswani
et al., 2017), question answering (Seo et al., 2017), and natural language inference (Rocktäschel
et al., 2016). GLUE is designed to facilitate the development of these methods: It is model-agnostic,
allowing for any kind of representation or contextualization, including models that use no explicit
vector or symbolic representations for sentences whatsoever.

GLUE also diverges from SentEval in the selection of evaluation tasks that are included in the suite.
Many of the SentEval tasks are closely related to sentiment analysis, such as MR (Pang & Lee,
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• Natural Language Inference (NLI) 
• Does the evidence sentence entail, or contradict, the hypothesis?
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Met my first girlfriend that way. FACE-TO-FACE
contradiction
C C N C

I didn’t meet my first girlfriend until later.

8 million in relief in the form of emergency housing. GOVERNMENT
neutral
N N N N

The 8 million dollars for emergency hous-
ing was still not enough to solve the prob-
lem.

Now, as children tend their gardens, they have a new ap-
preciation of their relationship to the land, their cultural
heritage, and their community.

LETTERS
neutral
N N N N

All of the children love working in their
gardens.

At 8:34, the Boston Center controller received a third
transmission from American 11

9/11
entailment
E E E E

The Boston Center controller got a third
transmission from American 11.

I am a lacto-vegetarian. SLATE
neutral
N N E N

I enjoy eating cheese too much to abstain
from dairy.

someone else noticed it and i said well i guess that’s true
and it was somewhat melodious in other words it wasn’t
just you know it was really funny

TELEPHONE
contradiction
C C C C

No one noticed and it wasn’t funny at all.

Table 1: Randomly chosen examples from the development set of our new corpus, shown with their genre labels,
their selected gold labels, and the validation labels (abbreviated E, N, C) assigned by individual annotators.

First, the sentences in SNLI are derived from only
a single text genre—image captions—and are thus
limited to descriptions of concrete visual scenes,
rendering the hypothesis sentences used to de-
scribe these scenes short and simple, and ren-
dering many important phenomena—like tempo-
ral reasoning (e.g., yesterday), belief (e.g., know),
and modality (e.g., should)—rare enough to be ir-
relevant to task performance. Second, because of
these issues, SNLI is not sufficiently demanding
to serve as an effective benchmark for NLU, with
the best current model performance falling within
a few percentage points of human accuracy and
limited room left for fine-grained comparisons be-
tween strong models.

This paper introduces a new challenge dataset,
the Multi-Genre NLI Corpus (MultiNLI), whose
chief purpose is to remedy these limitations by
making it possible to run large-scale NLI evalua-
tions that capture more of the complexity of mod-
ern English. While its size (433k pairs) and mode
of collection are modeled closely on SNLI, unlike
that corpus, MultiNLI represents both written and
spoken speech in a wide range of styles, degrees
of formality, and topics.

Our chief motivation in creating this corpus is
to provide a benchmark for ambitious machine
learning research on the core problems of NLU,
but we are additionally interested in constructing
a corpus that facilitates work on domain adapta-
tion and cross-domain transfer learning. These
techniques—which use labeled training data for a

source domain, and aim to train a model that per-
forms well on test data from a target domain with
a different distribution—have resulted in gains
across many tasks (Daume III and Marcu, 2006;
Ben-David et al., 2007), including sequence and
part-of-speech tagging (Blitzer et al., 2006; Peng
and Dredze, 2017). Moreover, in application areas
outside NLU, artificial neural network techniques
have made it possible to train general-purpose fea-
ture extractors that, with no or minimal retraining,
can extract useful features for a variety of styles of
data (Krizhevsky et al., 2012; Zeiler and Fergus,
2014; Donahue et al., 2014). However, attempts to
bring this kind of general purpose representation
learning to NLU have seen only very limited suc-
cess (see, for example, Mou et al., 2016a). Nearly
all successful applications of representation learn-
ing to NLU have involved models that are trained
on data closely resembling the target evaluation
data in both task and style. This fact limits the
usefulness of these tools for problems involving
styles of language not represented in large anno-
tated training sets.

With this in mind, we construct MultiNLI so as
to make it possible to explicitly evaluate models
both on the quality of their sentence representa-
tions within the training domain and on their abil-
ity to derive reasonable representations in unfa-
miliar domains. The corpus is derived from ten
different genres of written and spoken English,
which are collectively meant to approximate the
full diversity of ways in which modern standard
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• Question-answering format are the predominant 
tasks for LLM evaluation 
• Multiple choice or short answer generated responses
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Category Task BPE SuperBPE D

Knowledge ARC-Easy (MC) 46.6 67.1 +20.5⇤⇤

ARC-Challenge (MC) 35.1 50.6 +15.5⇤⇤

Jeopardy (EM) 42.1 41.8 �0.3
MMLU (MC) 36.5 44.7 +8.2⇤⇤

OpenbookQA (MC) 33.2 54.4 +21.2⇤⇤

TriviaQA (EM) 60.6 61.3 +0.7
WikidataQA (EM) 69.7 70.9 +1.2⇤

Math Arithmetic (EM) 54.8 59.3 +4.5⇤⇤

& Reasoning GSM8K (EM) 6.4 6.7 +0.3
LSAT-AR (MC) 21.3 23.0 +1.7
Operators (EM) 35.5 33.6 �1.9
Repeat-Copy-Logic (EM) 3.1 6.2 +3.1

Coding HumanEval (pass@10) 15.9 13.4 �2.5
MBPP (pass@10) 27.5 28.3 +0.8

Reading BoolQ (MC) 59.7 64.6 +4.9⇤⇤

Comprehension CoQA (EM) 12.6 13.2 +0.6
DROP (EM) 31.3 31.4 +0.1
HotpotQA (EM) 53.5 55.2 +1.7⇤

SQuAD (EM) 75.1 75.8 +0.7

Commonsense CommonsenseQA (MC) 33.5 53.8 +20.3⇤⇤

COPA (MC) 77.0 85.8 +8.8⇤⇤

PIQA (MC) 55.2 59.8 +4.6⇤

Winograd (MC) 50.4 53.1 +2.7
Winogrande (MC) 47.3 52.6 +5.3⇤

Language HellaSwag (MC) 29.7 33.7 +4.0⇤⇤

Understanding LAMBADA (EM) 77.0 70.6 �6.4⇤⇤

Language Identification (EM) 8.8 9.0 +0.2

String CS Algorithms (EM) 46.1 48.6 +2.5
Manipulation CUTE (EM) 31.3 32.6 +1.3

Dyck-Languages (EM) 15.9 14.2 �1.7

Average 39.8 43.8 +4.0

Table 1: Performance of BPE and SuperBPE models (with transition point t = 180k) on
30 downstream tasks. The two models are fixed in model parameters (8B), vocabulary
size (200k), and training FLOPs (corresponding to ⇠330B tokens), differing only in their
algorithm for learning the vocabulary. The SuperBPE model outperforms the baseline on 25
of 30 tasks and requires 27% less compute at inference time. See Figure 3 for the moving task
average during pretraining and §A.4 for further evaluation details. ⇤p < 0.05, ⇤⇤p < 0.005
under a McNemar test.

data is typically represented by a dictionary of “words” along with their counts. With
whitespace pretokenization, the “words” are whitespace-separated chunks (e.g., common
words) stored once along with a large count, conferring substantial savings in memory.
Without whitespace pretokenization, the “words” are extremely long (e.g., entire training
documents), leading to minimal deduplication of the text and excessively large dictionaries.
Fortunately, tokenizer training must be done only once; in our experiments, SuperBPE
tokenizers train in a few hours on 100 CPUs, a negligible cost compared to LLM pretraining.

2.3 Encoding efficiency

A tokenizer’s encoding efficiency can be measured in bytes-per-token, i.e., how many UTF-8
bytes are encoded, on average, in each token over a large corpus of text (see calculation
in Figure 1). We train a series of tokenizers on a 10 GB subset of data from OLMO 2’s
pretraining corpus and evaluate encoding efficiency on a held-out subset.
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MBPP (pass@10) 27.5 28.3 +0.8

Reading BoolQ (MC) 59.7 64.6 +4.9⇤⇤

Comprehension CoQA (EM) 12.6 13.2 +0.6
DROP (EM) 31.3 31.4 +0.1
HotpotQA (EM) 53.5 55.2 +1.7⇤

SQuAD (EM) 75.1 75.8 +0.7

Commonsense CommonsenseQA (MC) 33.5 53.8 +20.3⇤⇤

COPA (MC) 77.0 85.8 +8.8⇤⇤

PIQA (MC) 55.2 59.8 +4.6⇤

Winograd (MC) 50.4 53.1 +2.7
Winogrande (MC) 47.3 52.6 +5.3⇤

Language HellaSwag (MC) 29.7 33.7 +4.0⇤⇤

Understanding LAMBADA (EM) 77.0 70.6 �6.4⇤⇤

Language Identification (EM) 8.8 9.0 +0.2

String CS Algorithms (EM) 46.1 48.6 +2.5
Manipulation CUTE (EM) 31.3 32.6 +1.3

Dyck-Languages (EM) 15.9 14.2 �1.7

Average 39.8 43.8 +4.0

Table 1: Performance of BPE and SuperBPE models (with transition point t = 180k) on
30 downstream tasks. The two models are fixed in model parameters (8B), vocabulary
size (200k), and training FLOPs (corresponding to ⇠330B tokens), differing only in their
algorithm for learning the vocabulary. The SuperBPE model outperforms the baseline on 25
of 30 tasks and requires 27% less compute at inference time. See Figure 3 for the moving task
average during pretraining and §A.4 for further evaluation details. ⇤p < 0.05, ⇤⇤p < 0.005
under a McNemar test.

data is typically represented by a dictionary of “words” along with their counts. With
whitespace pretokenization, the “words” are whitespace-separated chunks (e.g., common
words) stored once along with a large count, conferring substantial savings in memory.
Without whitespace pretokenization, the “words” are extremely long (e.g., entire training
documents), leading to minimal deduplication of the text and excessively large dictionaries.
Fortunately, tokenizer training must be done only once; in our experiments, SuperBPE
tokenizers train in a few hours on 100 CPUs, a negligible cost compared to LLM pretraining.

2.3 Encoding efficiency

A tokenizer’s encoding efficiency can be measured in bytes-per-token, i.e., how many UTF-8
bytes are encoded, on average, in each token over a large corpus of text (see calculation
in Figure 1). We train a series of tokenizers on a 10 GB subset of data from OLMO 2’s
pretraining corpus and evaluate encoding efficiency on a held-out subset.

4

QA tasks

[list from Liu et al., COLM 2025]

https://arxiv.org/abs/2503.13423
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Abstract

Maybe not. We identify and analyse errors
in the popular Massive Multitask Language
Understanding (MMLU) benchmark. Even
though MMLU is widely adopted, our anal-
ysis demonstrates numerous ground truth er-
rors that obscure the true capabilities of LLMs.
For example, we find that 57% of the analysed
questions in the Virology subset contain errors.
To address this issue, we introduce a compre-
hensive framework for identifying dataset er-
rors using a novel error annotation protocol.
Then, we create MMLU-Redux, which is a
subset of 5,700 manually re-annotated ques-
tions across all 57 MMLU subjects. We es-
timate that 6.49% of MMLU questions con-
tain errors. Using MMLU-Redux, we demon-
strate significant discrepancies with the model
performance metrics that were originally re-
ported. Our results strongly advocate for re-
vising MMLU’s error-ridden questions to en-
hance its future utility and reliability as a bench-
mark. https://huggingface.co/datasets/
edinburgh-dawg/mmlu-redux-2.0.

1 Introduction

The advent of transformer-based Large Language
Models (LLMs) (OpenAI, 2023; Anil et al., 2023a;
Anthropic, 2023; Anil et al., 2023b; Touvron et al.,
2023; Anthropic, 2024; Kaddour et al., 2023;
Dubey et al., 2024) marked a significant advance-
ment in generative models, enabling interaction
with computing devices through natural language.
This advancement rendered many earlier bench-
marks and leaderboards obsolete (Laskar et al.,
2023; Shen et al., 2023), leading to the compila-
tion of more challenging and comprehensive tests.
Among these benchmarks, Massive Multitask Lan-
guage Understanding (MMLU) (Hendrycks et al.,

Erroneous Instances in MMLU

Correct 
answer, from a 
Human Virology 

5e quiz

Incorrect 
answer, from 

MMLU Virology

Incorrect 
answer, from 

MMLU College 
Chemistry

The number of energy levels for the 55Mn nuclide 
are:

A. 3                B. 5                C. 8                D. 4

What is the current best option for preventing 
future outbreaks of Ebola?

A. Rebuild scientific, medical and nursing 

infrastructure and train staff

B. Early and accurate diagnosis with molecular 

kits

C. Develop effective vaccines

D. Arrange rapid intervention into West Africa with 

EU and USA army teams

Ambiguous 
question, from 
MMLU Human 

Aging

The woman who conducted a longitudinal study 
on herself and found increased retrieval difficulty 
as she got older was named

A. Clark   B. Smith   C. Whitebear   D. Ebbinghaus

Figure 1: Examples of erroneous instances from MMLU
Virology, College Chemistry, and Human Aging.

2021) has gained significant popularity: It assesses
both the breadth and depth of language understand-
ing capabilities of current LLMs across a diverse
range of subjects, including mathematics, history,
computer science, logic, law, etc.

However, the reliability of benchmarking results
is only as robust as the quality of the dataset used.
We find that, despite its popularity, MMLU suf-
fers from numerous errors that can mislead eval-
uation and model comparison (L and Stapleton,
2023; Erenrich, 2023). These errors, which range
from simple parsing and scraping mistakes to more
complex issues related to context, interpretation,
and dataset quality, compromise the reliability of
MMLU as a benchmark. For example, we find
that 57% of the analysed instances in the Virology

subset contain errors, including the suggestion to
send the American army to West Africa to prevent
outbreaks of Ebola (see Fig. 1).
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