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Learning goals

Concepts

« The multi-faceted notion of perspective

« Stance and myside bias of authors/speakers
* Frames and framing of argumentative texts

Methods

e Stance classification contrastiveness, route kernels,
and graph convolutional networks

« Frame recognition using different clustering methods

Associated research fields
« Natural language processing

Within this course

 How to determine what perspectives are conveyed by
(previously mined) arguments
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Perspective

Perspective

Common facets of perspective i i

Coverage term for facets that characterize how an argument pictures an issue
and how this reflects the view of the argument’s author on the issue

Argument: The Death Penafty

Stance. Position of the author toward the issue

Topic. Aspects of the issue focused on

Frame. Emphasis of a specific viewpoint on the issue
Bias. Preconceptions leading to a subjective picturing
Values. Reference to human value systems .. el
Morals. Reference to moral behaviors R e

We focus on stance and frames below, but touch some others. | e e——

Formalization of facets T R e e [

Meta-information that reflects an understanding of some facet
May be given as labels, scores, additional text fragments, or similar
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Perspective assessment: Example

Examples

Two claims on the issue of banning death penalty

“The death penalty legitimizes an irreversible act of violence by the state

)

and will inevitably claim innocent victims.’

“Capital punishment may brutalise society in a [...] more fundamental way,
one that has implications for the state’s relationship with all citizens.”

both taken from https://www.bbc.co.uk/ethics/capitalpunishment/against_1.shtml

Assessing perspectives for the examples

Perspective Assessment, Henning Wachsmuth

Stance. Both agree in being pro banning the death penalty

Topic. 1st claim focuses on state violence and innocent victims

Frame. 1st claim frames the issue from a legal viewpoint

Bias. Both claims have a fully one-sided view on the topic

Values. 2nd claim values a stable society rather than the role of individuals
Morals. Both claims target morals related to the care/harm contrast



Perspective assessment

Perspective assessment
« Family of tasks that assess any facet of the perspective of an argument

Selected perspective assessment tasks

Stance classification Frame identification
Agreement classification  Frame classification

Myside bias classfication

Why perspective assessment?
« Argumentative structure alone is not sufficient for many applications.
« Often, some understanding is needed of how an argument relates to an issue.

Notice
« Where mining ends and assessment starts is not defined exactly.

For example, classifying evidence types might be seen as assessment.
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Next section: Stance classification

V. Perspective assessment

Perspective Assessment, Henning Wachsmuth

a) Introduction

b) Stance classification
c) Frame recognition

d) Conclusion



Sta N Ce (recap)

Stance

« The overall position held by a person toward some target, @ @
such as an object, statement, or issue

« To have/take a stance on a target means to be pro or con toward it.

Related terms: Viewpoint, view, standpoint, stand, position

Pro toward ban of death penality Con toward ban of death peality
The death penalty must be abolished. Life-long imprisonment is pricy, though.

Observations on stance

« Often but not necessarily conveys sentiment
 Depends on what a speaker claims to be true

« Can be expressed without any reference to the target

Claim
« Aclaim is a statement that conveys a stance toward a controversial issue,
implicitly or explicitly
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Stance classification

= Stance classification
« The classification of the stance of an argumentative text toward a given issue
« Stance. Usually pro or con, sometimes also neutral or neither
« |ssue. A controversial topic or claim

Issue Argumentative text

“We should ban boxing.” <= “Boxing remains the 8th most deadly sport.”

“We should embrace “Unity is seen as an essential feature of the

) b

multiculturalism.’ nation and the nation-state.’

minimally shortened examples of Bar-Haim et al. (2017a)

" Challenges (beyond those on previous slide)
« The contrastiveness of targeted concepts needs to be accounted for.
* Positive stance can be expressed with negative sentiment, and vice versa.
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Modeling stance classification

Input to stance classification?

. . L. Target: Rescue boats
Beyond text, issue always needed (at least implicitly)

Alice: The EU should allow
« Knowledge about debate structure may help I
« Further information may include user profiles etc. Sea, to save the innocent refugees.
stance tend to
. _ be opposite
» Modeling stance classification
. . .. Bob: So naive... havi h
» Instance-level. Classify stance of individual texts 0D S0 TV, LG S

boats makes even more people
die trying.

Collection-level. Classify all stances in a debate
Agreement. Classify if two texts match in stance

stance tend to
be the same

. . Alice: Well, I actually read that
Common stance classification approaches

rescue boats haven ‘t led to an

Standard text classification trained for specific issues increase yet.
Relation-like classification with the issue as input

Graph-based analysis over all arguments in a debate
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Stance classification: Overview of approaches

Selected instance-level approaches

« Author information as features for classification in dialogues (rRanade et al., 2013)

« Opposing views as feature for classification in dialogues (Hasan and Ng, 2013)

« Stance as sentiment and contrast of claim and issue targets (Bar-Haim et al., 2017a)
 Route kernels based on overall structure of texts (wachsmuth et al., 2017d)

* Mixture-of-experts transformer for cross-domain stance (Hardalov et al., 2021)
 Few-show selection for LLM-based stance classification (Ajiour and Wachsmuth, 2025)

Selected collection-level approaches
« Graph convolutional network on whole debate structure Barrow et al., 2021)
* Derive stance from statistical evidence based on stance tree (saha et al., 2024)

Selected agreement approaches
« Bi-LSTM-based twin network for classifying argument pairs (xu et al., 2019
« Cross-domain comparison of several transformer approaches (ksmer et al., 2021)
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Stance as sentiment and contrast

Task

« Given a claim relevant to a given issue,
classify the claim’s stance on the issue.

Issue. “Advertising is harmful.”

Claim. “Marketing creates
consumerism and waste.”’

 The issue is supposed to be a claim itself.

IBMSC data

« 55 issues from iDebate with and 2394 claims from Wikipedia

« 25 issues for training (1039 claims), 30 for testing (1355 claims)

« The target and sentiment of each claim were annotated manually.

Presented approach (Bar-Haim et al., 2017a)

1. ldentify the target of the issue and the claim. claim target polarity
2. Classify the sentiment toward each target. x contrastiveness

3. Determine whether the targets are contrastive. x Issue target polarity
4. Derive stance from sentiment and contrast. =~ stance
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Stance as sentiment and contrast: Approach steps 1+2

Sentiment toward targets
« Target. The topic/concept that is addressed by an issue or claim
« Sentiment. The polarity expressed toward the target (positive or negative)

. ldentify targets x. and x; of claim and issue Issue. ‘TR is harmfil.”
« Candidates. Any noun phrase

« Features. Position in parse tree, relation
to sentiment, Wikipedia title?, ...

« Approach. Logistic regression classifier

Claim. “Marketing creates
consumerism and waste.”’

- Score polarities p(x) and p(x) in [-1,1] Issue. “Advertising is harmful.”

 Features. Terms from sentiment lexicon —-0.9
and a “polarity shifter” lexicon o .

«  Approach. Weigh values based on el M"’”"e””%’ creates 5
token distance to targets consumerism and Wasg' >
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Stance as sentiment and contrast: Approach steps 3+4

Contrastiveness of targets

con stance on x; likely, and vice versa.

Score contrastiveness c(x., x;) in [-1,1]

« Features. Polarity shifters, relatedness
measures, Wikipedia headers, ...

Approach. Random forest classifier

Score stance s

 Feature. s:= p(x;) * c(x; X)) * p(x;)
Approach. Classify as pro if s =2 t and
as con if s £ —t, otherwise discard.

t is a threshold that can be understood as a confidence level.

Perspective Assessment, Henning Wachsmuth

Two targets x. and x; are called contrastive (—1), if a pro stance on x; makes a

Otherwise, x. and x; are called consistent (+1).

Advertising 4% Marketing

+1

§ =—-0.7++1+-0.9
0.63

Say, t = 0.5. then stance is pro.
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Stance as sentiment and contrast: Results

Evaluation (Bar-Haim et al., 2017a)
« Baseline. Support vector machine (SVM) with unigram and sentiment features
« Measure. Accuracy@coverage depending on threshold for s (here 20—-100%)

Approach 20% 40% 60% 80% 100%
SVM baseline 0.717 0.709 0.691 0.668 0.632
Approach w/o contrast 0.770 0.749 0.734 0.632 0.632
Full approach 0.847 0.793 0.740 0.632 0.632

Observations
* Reliable for confident cases, but does not beat baseline if all are classified
 The hardest cases are those where stance is expressed without sentiment.

Extended approach ar-Haim et al, 2017b)
« Expansion of sentiment lexicon using bootstrapping techniques.
« Use of sentiment from neighboring sentences if claim/issue lack sentiment.

Extended approach 0.935 0.856 0.776 0.734 0.691
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Stance classification: Relation to myside bias

= Myside bias

* An argumentative text is said to
have myside bias iff. it does not
consider opposing viewpoints.

* In other words, it only supports
its own stance.

= Myside bias classification

 The classification of a text as
having myside bias or not

» Modeling myside bias classification
« Conceptually, a standard text classification task

= Approaches to myside bias classification
« Supervised classification using various features (stab and Gurevych, 2016)
 Route kernels based on overall structure of texts (wachsmuth et al., 2017d)

Perspective Assessment, Henning Wachsmuth 16



Stance and myside bias: Impact of overall structure?

The death For one thing, and further no  Even if many this is precisely
penalty is a inviolable one may have people think the crime that
legal means human dignity the right to that a murderer  we should not
that as such is is anchored in adjudicate has already repay with the
not practicable  our upon the death  decided on the  same.
in Germany. constitution, of another life or death of

human being. another person,

(Peldszus and Stede, 2016)

sequential structure
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Route kernels for stance and bias

Task

« Given a monological argumentative text, classify stance and myside bias
(without knowing the issue discussed).

o ) @

Idea S—_ L N—

« Argumentative texts with similar overall ® o .\ ® .\ o
structure may also be similar in myside bias O O
and stance. con stance con stance?

Research questions O

1. How to jointly model sequential and hierarchical structure? \}\..

2. What structure is important for myside bias and stance? sequential + @

hierarchical

Approach in a nutshell (wvachsmuth et al., 20174d)

« Start from argumentative structure of a text.
* Model overall structure using route kernels.
« Classify text based on kernels.

Perspective Assessment, Henning Wachsmuth 18



Route kernels for stance and bias: Tasks and data

Myside bias on AAE-v2 major claim @
(Stab and Gurevych, 2016)

. | H I .
« 402 persuasive student essays claim pro @ @ claim con
o attack / \suppon‘
- Essay-specific argument model premise @ @ vremise
« 251 myside bias, 151 no myside bias support /*
premise @
Stance on Arg-Microtexts proponent @
(Peldszus and Stede, 2016) rebuttal
« 112 short argumentative texts ferW @ opronent
e  Freeman model (Freeman, 2011) proponent @
* 46 pro stance, 42 con stance, 24 unlabeled Joint S“PP%
proponent @ @ Pproponent
Genre on Web Discourse (for comparison) |
(Habernal and Gurevych, 2015) claim ‘ ‘ pathos
« 340 argumentative web texts / \

premise @ o @ rebuttal

* Modified Toulmin model (Toulmin, 1958) backing

« 216 comments, 46 blog posts, 73 forum posts, 5 articles

Perspective Assessment, Henning Wachsmuth 19



Route kernels for stance and bias: Unification

A unified model

« Order nodes according to position.

« Encode stance toward parent as node label.
* Model relations between node pairs only.

« The root implicitly defines the thesis.

Pros and cons

+ Sequential structure captured
Same analyses on all corpora

+
+ Comparisons across corpora
+

Simpler argument mining (presumably)

— Partly less expressive

In this lecture, only unified model

sequential structure

v

major claim @

claim pro @ @ claim con

attack / \suppon‘

premise @ @ rremise
support

premise @

proponent @
rebuttal
refutation 6 opponent
proponent @

Joint supp/*t*

proponent @ @ proponent

claim @ @ rathos

RS

premise @) (3] @ rebuttal

* For experiments with specific models, see paper. backing

(Wachsmuth et al., 2017d)

Perspective Assessment, Henning Wachsmuth
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Background: Kernel methods

Kernel methods in machine learning
« Kernel methods classify instances by comparing them to known instances.
« Strong when good features are unknown and/or when data is limited

Often used for structured input data, such as trees

Kernel method: Three building blocks
« Kernel. Represents an instance in a task-specific implicit feature space

Different kernels can be combined mathematically.

« Similarity function. Quantifies the similarity of any two kernels

« Classifier. Distinguishes classes based on similarities /0\
A typical kernel-based classifier is the SVM. . ‘ ‘
I
Selected kernels for structured data o
« Linear kernels capture distributions only - A N\
The correspondent of standard feature vectors Linear Tree (path) kernel
- Subsequence kernels for sequentialstructure g @@ © ®© ®© ® ©
(Mooney and Bunescu, 2006) I I I I
. . o0 ® 6 0 O
* Tree kernels for hierarchical structure |
(Collins and Duffy, 2001) ‘
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Background: Route kernels

Route kernel (zioli et al., 2009)

« Captures both sequential and hierarchical structure

« Tree kernel with edge labels, indicating node positions relative to siblings
* Models all paths starting from the root of a tree

B ey o 0 0 o
21 11 21 3| 2|
© o o - © oo o

® ®

.

Adapted route kernel for arguments
« Positions are relative to parent node.
« A polynomial kernel “combines” paths to capture full overall structure.

sequential structure

»
»

®
-1 2 o ® O ® o
o e o o ®
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Route kernels for stance and bias: Approach

Overall structure as a positional tree

Atree T = (V, E) where nodes in V represent argumentative

units and edges in E relations between two units ‘1/.1\&.
« Node labels. Each node labeled as pro or con 1\.
- Edge labels. Node position in a text relative to parent node
= Kernel function for overall structure ®
« Lettwotrees T=(V, E)and T'= (V’, E’) be given. 1\.
« The similarity of the trees is defined as: ™\

1 for identical paths, Node label path Edge label path

Degree of polynomial
0 otherwise from root to v from root to v

(d = 2 best in experiments)

Ken(T,T') = (Z Z )'5(7T(v),7r(v’)))d

(V- |V
S5 WV
Sum over all pairs of paths Normalization over

of the two trees maximum possible score
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. . -1 . 2
Route kernels for stance and bias: Evaluation g \g ¢

N °
= Overall structure approaches
frequencies sequences hierarchies routes
linear kernel subsequence kernel tree path kernel adapted route kernel
® 0 ® 6 6 6 © O 6 6 0 O 0_10.
0 000000 00 © 6 6 o e e
® o0o00000000 ® *
©-0-0-0 0000 . @
0000 o' o
= Baselines
majority pos tokens
always majority class linear kernel linear kernel
46 pro stance part-of-speech token
42 con-stance 1-, 2-, and 3-grams 1-, 2-, and 3-grams

= Experiments on ground-truth argument corpora
« SVM for each kernel evaluated in repeated 10-fold cross-validation
« SVM hyperparameters tuned on training set with balanced class weights
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Route kernels for stance and bias: Results

Myside bias accuracy on AAE-v2

100 - 97.1 95.8 97.1
hierarchies routes best dark +

77.0 (Stab and Gurevych, 2016 '
80 - ( y ) frequencies [§ Sequences light blue
62.4 63.3
60 A — tokens
majority
40 A

Stance accuracy on Arg-Microtexts

100 -
80 H
65.2 i e
best dark +
60 - '
52.3 tokens 7 hierarchies light blue
‘0 | majority sequences

Genre accuracy on Web Discourse

100 ~
80 - 74.0 75.6 i
64.5 tokens best dark +
50 - - : Sequences light blue
majority frequencies J§ Sequ hierarchies
40 -
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Stance classification: Discussion

Effective stance classification

« Approaches achieve an accuracy < 0.8 in many settings.

« Stance is subjective, so a notably higher accuracy may not be feasible.
« Myside bias is conceptually simpler, but not studied extensively.

Impact of argumentative structure

« At least for entire argumentative texts, modeling overall structure is important.
« Theoretically, modeling hierarchical structure “solves” myside bias.

« Practically, the impact depends on the effectiveness of argument mining.

Stance classification, an independent task

« Stance classification is also studied apart from computational argumentation.
* Notin all literature on the topic, arguments are considered explicitly.

« Still, the notion of stance implies an argumentative context.
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Next section: Frame recognition

a) Introduction
b) Stance classification

V. Perspective assessment -
c) Frame recognition

d) Conclusion
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Frames and framing (ecap)

=  Frame (Entman, 1993)
« Aframe highlights an aspect under which an issue may be considered.
« Both topic-specific and generic sets of frames have been proposed.

economics  morality fiscal discrimination
health  generic fairness benefts gay marriage
and safety and equality world
man and

i ini religions
public opinion woman g

= Framing
« The selection of specific aspects of an issue to make them more salient, i.e.,
more noticeable, meaningful, and/or memorable.
« The same issue framed in a different way may be perceived entirely different.
« Selecting the right frames is decisive to achieve persuasion.

Perspective Assessment, Henning Wachsmuth 28



Frame recognition

Frame recognition

« The determination of the frames encoded in argumentative texts

« Identification. Given a set of texts, identify all frames.

« Classification. Given a text, assign it a frame from a given set of frames.

)

“I support legalization of marijuana since it can be taxed for revenue gain.’

“Legalizing prostitution would increase government revenue. A tax on the fee
charged by a prostitute, and the imposition of income tax on the earnings of
prostitutes would generate revenue.”

The two claims tackle different topics, both taken from Ajjour et al. (2019)

but both emphasize the economic frame.
Challenges
« Frames are usually not fully distinct, but overlap in what they emphasize.
« An argumentative text may mix up more than one frame.
« What frames to distinguish may depend on the given text corpus.

Perspective Assessment, Henning Wachsmuth

29



Frame recognition: Generic vs. topic-specific frames

» Generic frames (Boydstun et al, 2014) » Topic-specific frames (Naderi and Hirst, 2016)
 The most widely used taxonomy « Seven frames in the discussion of
distinguishes 15 frames the issue gay marriage
Economic Health & safety Fiscal & legal benefits
Capacity & resources Quality of life Discrimination
Legality, constitutionality = External regulation
& jurisprudence & reputation Marriage vs. procreation
Morality Political Union without marriage
Fai lit ltural identit
airness & equality Cultural identity Man and woman
Crime & punishment Public opinion
Policy prescription & Security & defense el e
evaluation Other Institution of marriage
= Definition: Economic » Definition: Fiscal & legal benefits
“The costs, benefits, or monetary/financial “Gay couples should be able to take
implications of the issue (to an individual, advantage of the fiscal and legal
family, community, or to the economy |[...]." benefits of marriage.”
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Frame recognition: Overview of approaches

Modeling frame recognition

« Identifying frames implies a clustering problem.

« Classifying frames rather constitutes a standard classification task.

« Some works focus on topic-specific or generic frames, some cover both.

Selected identification approaches

« Latent Dirichlet allocation (LDA) for topic-specific frames (Tsur et al., 2015)

« Topic-removed frame clustering using latent semantic analysis (ajour et al., 2019)

« Debate-level viewpoint identification using community detection (Barrow et al., 2021)

Selected classification approaches

« SVM using word/syntax embeddings for topic-specific frames (Naderi and Hirst, 2016)
« Embedding-based gated recurrent units for generic frames (Naderi and Hirst, 2017)

« Cross-genre multitask LSTMs for quality and generic frames (Hartmann et al., 2019)
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Topic-removed frame clustering

Task

« Given a collection of arguments, partition it into k sets of frames (either topic-
specific or generic ones).

« kis not predefined, but is to be determined.

Frames
Economics | 119

Debatepedia data (xjouretal, 2019) Public Opinion

« 12,326 arguments from 465 debates Environment [T

_ Feasibilit
on debatepedia.org ea;'ig:tz

]
]
1623 different frames in total Democracy E
2|0 4I0 6IO

(1293 topic-specific, 330 “generic”) Crime

Generic is here seen as: the frame appears in >1 topics.

Politics
Security
Safety

Approach in a nutshell jjouretal, 2019) 80 100 #Topics

1. Topic clustering. Cluster all arguments into / topics.
2. Topic removal. Remove topic-specific features from all arguments.
3. Frame clustering. Re-cluster all arguments into k frames.
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Background: TF-IDF and latent semantic analysis

» Term Frequency — Inverse Document Frequency (TF-IDF)

« Refine weighting of bag-of-words features in a corpus D.

« Aterm oin atext de D gets a high weight, if o is frequent in d but rare in D.
D o;eaq #(0i,d) #(deD:oed)

= Latent semantic analysis (LSA) (Deerwester et al., 1990)
« Create term-text frequency matrix for all m terms in a corpus D = {d;, ..., d,}.

tf —idf(o,d) := log (

« Use singular-value decomposition to reduce the number of rows from m to k.
« Each column iis then used as the representation of d..

d, d, ... d
I n d; dy ... d,
o, | 11 02 .. .09
! 1114 03 .. 1 .03
0, | 07 05 .. 03 —» —» do = | :
_ . : 04
k|o2 o4 .. 14
On| 03 06 .. .18
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Topic-removed frame clustering: Representation

Input
A set of arguments Legend:
argument
7]
topics
ElLF|LE]LE
rames

=  Argument model
« Arguments are given as pairs of premise and conclusion.
« Each argument is assumed to be a combination of topic and frame.

= Three alternative representations
1. TF-IDF. Each argument mapped to TF-IDF weights of the top-5000 words
2. LSA Argument. LSA with each argument as a text, with kK = 7000
3. LSA Debate. LSA with each debate as a text, with k = 1000

In all cases, stop words (determiners etc.) are removed before.
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Topic-removed frame clustering: Approach

Input (a) Topic clustering (b) Topic removal (c) Frame clustering Output
A set of arguments Arg‘s with topic 1 Topic-free arg‘s 1 Arg‘s with frame 1 Generic frames Legend:
(from multiple topics) i
[T1F]
argument
[ [F] < i
- [F] Arg‘s with frame 2 [
: : topics
Arg‘s with topic m Topic-free arg‘’s m Arg‘s with f 3 Topic-specific frames
rg's with frame (from one topic)
__[F] Arg‘s with frame 4
TF]

1. Topic clustering
« |-means clustering using Euclidean TF-IDF/LSA distance, | € {1, ...,1000}

2. Topic removal (alternatives)
* E;. Remove all words with TF-IDF score > 0.005 (determined experimentally).
* E,. Remove all words that are part of the conclusion.

3. Frame clustering
* k-means clustering using Euclidean TF-IDF/LSA distance, k € {1.0k, ..., 1.6k}
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Topic-removed frame clustering: Experiments

Measures for an argument a

« B3 precision. Proportion of arguments in the cluster of a with the frame of a

- B3 recall. Proportion of arguments with the frame of a found in the cluster of a
« B3 F4-score. Harmonic mean of B3 precision and B3 recall

These values are averaged over all arguments.

Topic clustering results = Frame clustering results

Representation B3 F, Repres. Removal Generic Topic-sp. All
TF-IDF 0.45 TF-IDF None 0.19 0.48 0.26
LSA Argument 0.44 E; 0.28 0.45 0.28
LSA Debate 0.52 E, 0.17 0.45 0.27

LSA Deb. None 0.44 0.39 0.21
Discussion E, 0.40 0.47 0.26
» Different representations E, 0.25 046 0.25

best for topic vs. frame
« Highest tested number of frames (1600) turned out best overall

Tested ranges had been chosen based on an initial inspection of the data.
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Debate-level viewpoint identification

Motivation Viewpoints (topic, aspect, stance)
« Claims reflect different viewpoints on a [ (Nuclear Energy, Ay, @)
discussed topic, where a viewpoint is a . L IESEL

triple V = (topic, frame, stance) (Nuclear Energy, Ay @)

o —©
The presented work speaks of aspects rather than frames. *Tl \é} (- )

(Nuclear Energy, Az,e)
Tasks j

o
« Given all claims from a set of debates,
classify the stance of each claim and group the claims into a set of frames.

Idea (for either task)
« Treat all claims on collection level to exploit their interactions.
« Consider various interactions between claims (and their source texts).

Approach Barow et al., 2021)

* Model interactions between claims and texts in a typed multigraph.
« Classify stance using a relational graph convolutional network.

« Identify frames using modularity-based community detection.
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Debate-level viewpoint identification: Representation

Multigraph G = (V, E) withV =V, U V,and E = E;. U E,,

Nodes represent argumentative texts (v; € V;) or claims (v, € V,).
Edges indicates that N grerm———
a text contains a claim  Claim: Nuclear energy emits zero CO,. ot J [Remrvminryomeme
(et € Eye) or that claims

Topic: Nuclear Energy _————>»  Topic: Nuclear Energy
have one of various SO
. , £3

relations (eq. € Eg). , / '\\\_J\ / \

° EaCh eCC |S Welg hted 3 Claim: However, uranium mining is :
| S hardly a clean process.
——>

Relation types/weights Topie: Nuclear Energy

Perspective Assessment, Henning Wachsmuth

Topic similarity. LDA cosine score

Term similarity. TF-IDF cosine score

Paraphrase. P(yes) — P(no)

Natural language inference. P(entailment) — P(contradiction)
Relative stance. P(support) — P(refute)

Relative specificity. P(more specific) — P(less specific)

All similarities and probabilities are determined with existing NLP methods.
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Debate-level viewpoint identification: Stance classifier

Relational graph convolutional network (R-GCN)
(Kipf and Welling, 2017; Schlichtkrull et al., 2018)

GCN. A neural network where each layer defines
a graph of units (nodes) and relations (edges)

Related units affect the activation of a unit.
R-GCN. Different input/output relation types

R-GCN illustration on the right

Computation of the output of the red unit

For each relation type rel i, gather activations
of all input units and of all output units.

Apply RelLU activation to weighted sum.

R-GCN-based stance classifier
Input. Contextualized embeddings of texts and claims
R-GCN. Per claim, activations of related nodes, weighted by graph relations

Output. Pro/Con stance prediction for each claim

Perspective Assessment, Henning Wachsmuth

_ rel_1(in)
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Debate-level viewpoint identification: Frame identifier

Modularity-based community detection (MCD) (ciauset et al., 2004) @
/

« Hierarchical agglomerative clustering for graphs G = (V, E)
that maximizes the modularity of clusters C (communities) \ /

- Adjacency matrix. A,, = 1if (v, v) € E, else 0 @/
» Match function. §(C;C) = 1if C; = C;, else 0 v

* Modularity. Quantifies how many more edges are

within communities than across: A vi Vv, vz Vg

. 1 Zk: A Zk: Ajk vi| 0 1 1 O
"R zjj <A” N 2|E| ) OG0 1 o

1. Start with one node per community C. v |1 1 0 1
2. Repeatedly merge C; and C; with max. m increase. vy |0 0 1 O

MCD-based frame identifier

« Input. Undirected graph edges (weight: sum of positive directed weights);
keep only those with score > 0.6.

*  Output. Each community C at maximum m becomes a frame.
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Debate-level viewpoint identification: Experiments

= Stance classification
« Data. IBMCS (2.4 claims), ArgMin (11.1k claims) (Bar-Haim et al.,, 2017a; Stab et al., 2018)
« Metric. Accuracy

Approach IBMCS ArgMin
Maijority 0.517 0.511
BertGCN (Lin et al., 2021) 0.663 0.587
R-GCN (ablation w/o content) 0.443 0.527
R-GCN (ablation w/o text nodes) 0.830  0.683
R-GCN (approach) 0.834 0.680

* Frame identification
- Data. Debatepedia (only topic-specific frames) (ajiour et al., 2019)
« Metric. B3 F4-score

Approach Debatepedia
Frame clustering (jiour et al., 2019) 0.470
MCD (approach) 0.554
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Frame recognition: Discussion

Effective frame recognition

« Unsupervised nature of frame identification makes high effectiveness hard.
« Frame classification tends to achieve higher (but not super high) results.

* Frames are generally not clearly defined and fully distinct classes.

Frames vs. aspects

« Some research models the aspects of a topic that an arguments addresses.
« Aspects and topic-specific frames are conceptually similar.

« Sitill, frames encode the idea to emphasize certain aspects (and hide others).

Framing and persuasion

« The stance to be argued for often affects what frames to choose.

« Framing ultimately has a rhetorical function: to increase persuasive effect.
« Sometimes, framing is used deceptively: to manipulate.
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Next section: Conclusion

~ a) Introduction
b) Stance and myside bias

V. Perspective assessment classification
c) Frame recognition

d) Conclusion
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Conclusion

Perspective assessment

Should Be Banned

ssssss

« Perspective refers to how an argument pictures an issue =
« Covers stance, topic, frames, bias, values, morals, ...
« Assessment of perspective facets usually via classification

Stance classification
« Classifying an argument as pro or con toward an issue O
yIng an &1y P AL S

« Stance can be modeled as target sentiment and contrast O S
« Route kernels enable joint modeling of overall structure

Frame recognition

 Identifying and/or classifying the framing of arguments

« Both generic and topic-specific frame models exist

« Frame identification suggests use of clustering methods
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Prompts

Image on Slide 4. Please create a sketch-like professional drawing in portray format that use black/gray and blue-ish color
tones on white background to illustrate the perspective that an author puts into their argument. The drawing should show a
blurred textual argument on the issue of banning death penalty. The bust of the author, who is a good female rhetor, should
be visible behind the argument, slightly shining through.
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