


Small - 1,251 transcripts Medium - 18,253 transcripts Large - 33,461 transcriptsModel
Any speech #Tokens � 512 Any speech #Tokens � 512 All speeches

Majority class 0:53 � 1e � 3 0:53 � 3e � 3 0:50 � 2e � 3 0:52 � 5e � 3 0:50 � 4e � 3
SVM 0:51 � 4e � 3 0:57 � 6e � 4 0:68 � 1e � 3 0:63 � 3e � 3 0:66 � 2e � 3
MLP 0:50 � 2e � 3 0:56 � 1e � 3 0:63 � 4e � 3 0:63 � 8e � 4 0:65 � 3e � 3
BERT + MLP 0:64 � 1e � 3 0:53 � 2e � 3 0:61 � 9e � 4 0:61 � 4e � 3 0:67 � 7e � 3
Deepwalk 0:73 � 4e � 3 0:73 � 3e � 3 0:72 � 9e � 4 0:72 � 1e � 3 0:72 � 8e � 4
GPolS 0:80 � 5e � 4 0:80 � 4e � 4 0:77 � 6e � 4 0:77 � 5e � 4 0:76 � 3e � 4

Table 2: Classification accuracy averaged over 10 different runs. Bold denotes the best results.

Figure 4: Attention coefficients amongst MPs of Con-
servative Party (left) and Liberal Democrats (right)

Model Speaker-self
context

Intra-party
context

Motion
context Acc

BERT 7 7 7 0:67
GPolS 3 7 3 0:73
GPolS 3 3 7 0:75
GPolS 3 3 3 0:76

Table 3: Ablation study: We investigate the ef-
fect of different contexts by removing contexts.

icon (Roberts, 1997). Deepwalk (Perozzi et al., 2014) was used to obtain speaker embeddings from a
speaker graph based on party affiliation and concatenated with the text features from transcripts.8

5 Results and Analysis

5.1 Performance Comparison with Baselines

We compare the performance of GPolS with baseline methods in terms of classification accuracy over 10
different runs in Table 2. We note that BERT+MLP significantly (p < 0.05) outperforms Majority class
and BoW (TF-IDF) based approaches: SVM and MLP. We postulate this to fine-tuning BERT to obtain
rich embeddings that better capture the context within each debate transcript. We observe that graph-
based models (Deepwalk, GPolS) outperform text-only models (SVM, MLP, BERT-MLP), reiterating
the presence of similarity between related transcripts. GPolS outperforms all baselines significantly
(p < 0.05) under the Wilcoxon signed-rank test, by a large margin greater than 6.5%. We attribute
this improvement to two aspects: 1) Fine-tuning BERT for domain-specific embeddings, and 2) Graph
attention mechanism in GPolS. First, BERT is able to better model political jargon in debate transcripts
post fine-tuning. Second, GPolS enhances text features through a context propagation mechanism via
graph attention by modeling speaker-self, intra-party, and motion level context. The additional context
that GPolS adds by learning the latent patterns between related transcripts, sets GPolS apart from all the
baselines. We further analyze these in the following subsections, first through an ablation study, and then
by analyzing BERT’s token-level attention on debates, and GPolS’s graph attention mechanism.

5.2 Ablation Study: Quantifying the Impact of Context

We perform an ablation study over the different kinds of context that GPolS models, in Table 3. All
performance differences are statistically significant (p < 0.05) under Wilcoxon’s signed rank test. We
remove the contexts one by one and find that the speaker-self context leads to an improvement owing to
the similarity in transcripts by the same speaker. We also note that the accuracy drop on removing motion
context is small but statistically significant (p < 0.05). The small performance change also shows that
while there is a content-based similarity between transcripts of the same motion, such context may not be
as relevant from the perspective of stance analysis. We also note that speaker-self and intra-party context

8We also experiment with node2vec from (Bhavan et al., 2019), however, as reported in their following work (Bhavan et al.,
2020), there is no significant difference between both, so we only report results based on the more recent method for brevity.
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Figure 5: Attention visualisation using BERT. Intense red denotes higher attention. Arrows represent
similar terms across transcripts. Heatmaps represent BERT heads that encode semantic links in speech.

are slightly more important as compared to motion-context. This is potentially due to existence of larger
political cohesion and partisan mentality in political parties. We analyze this next.

5.3 Analyzing Political Cohesion and Partisan Identities: Visualizing GPolS’s Graph Attention

Multiple studies have highlighted the presence of political cohesion, and a partisan-like herd mentality
in UK-based political parties (Huddy, 2003; Bowler et al., 1999). To analyze this political cohesion, and
GPolS’s intra-party context, we first calculate the attention scores amongst each member in two well-
known UK political parties, as shown in Figure. 4. A higher attention score between a speaker and their
neighbors indicates a higher degree of peer influence on the speaker and a similarity in their political
stances. We first analyze the Conservative party, one of the oldest and largest parties in the UK. We
observe in Figure 4 (left) that high attention scores exist between speakers and their peers, indicating
a high degree of political cohesion between MPs. High political cohesion in the conservative party is
further consolidated by the age and large size of the party, as goals and decisions are much more common
between members of such large and old parties (Hayton, 2012). On the other end of the spectrum, we
analyze the Liberal Democrats, a relatively newer and smaller party as compared to the Conservative
party, in Figure 4 (right). We note high attention scores along the diagonal, indicating a large self-
dependency of speakers or a lower degree of political cohesion. Through these examples, we show that
GPolS effectively learns and weights such latent patterns through context propagation over the speaker-
speaker and speaker-transcript relations. The attention mechanism also provides insights into political
cohesion across large volumes of transcripts to aid interpretability in fields such as Digital Humanities.

5.4 Token-level Attention Visualisation using BERT

As a concluding use-case, we analyze token-level attention over political debate transcripts. Our goal
with this attention analysis is not to study causation or an explanation of GPolS’s predictions, but rather
analyzing the impacvt of fine-tuning BERT on ParlVote. In Figure 5, we present two snippets of real-
world debates over the motion: ’Post Office Reinvention Program’. In T1, BERT allots higher attention
to terms relevant to motion, such as post office account, cash, liquidity, etc. Similarly in T2, BERT allots
more attention to the context of senior citizens being very anxious about the new arrangements. BERT
also allots high attention to words indicative of stance adoption over motions, such as the arrangement
being very disappointing in T1. We present two such heads and analyse their corresponding self-attention
heat-maps over an input speech snippet from T1. Higher attention scores link the ’arrangement’ as being
’very disappointing’. Notably, the term surgeries in T1 and T2, get assigned a high attention weight. In
the political domain, surgeries are held by MPs where they meet people and discuss matters of concern.
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6 Conclusion

We propose GPolS, that enhances linguistic analysis of debates with context for political stance detec-
tion. Fine-tuning BERT, we encode debates and motions from the UK Parliament’s House of Commons
to capture semantics in political jargon. We show GPolS practical applicability and interpretability in
parliamentary debate settings. Through this work, we hope to complement digital humanities, media,
social scientists, political linguistics and any members of the public who wish to scrutinize the activi-
ties of their elected representatives. GPolS makes a step towards facilitating the understanding of MP’s
opinions through for analyzing latent correlations and sentiments in voluminous parliamentary debates.
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2018. More than bags of words: Sentiment analysis with word embeddings. Communication Methods and
Measures, 12(2-3):140–157.

Yanchuan Sim, Brice DL Acree, Justin H Gross, and Noah A Smith. 2013. Measuring ideological proportions
in political speeches. In Proceedings of the 2013 Conference on Empirical Methods in Natural Language
Processing, pages 91–101.

Stef Slembrouck. 1992. The parliamentary hansard ‘verbatim’report: the written construction of spoken discourse.
Language and literature, 1(2):101–119.

Nitish Srivastava, Geoffrey Hinton, Alex Krizhevsky, Ilya Sutskever, and Ruslan Salakhutdinov. 2014. Dropout:
A simple way to prevent neural networks from overfitting. J. Mach. Learn. Res., 15(1):1929–1958, January.

Chi Sun, Xipeng Qiu, Yige Xu, and Xuanjing Huang. 2019. How to fine-tune bert for text classification? China
National Conference on Chinese Computational Linguistics, pages 194–206.

Damian Trilling. 2014. Two different debates? investigating the relationship between a political debate on TV and
simultaneous comments on twitter. Social Science Computer Review, 33(3):259–276, July.

Stephen M. Utych. 2019. Speaking style and candidate evaluations. Politics, Groups, and Identities, 0(0):1–19.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez, Ł ukasz Kaiser,
and Illia Polosukhin. 2017. Attention is all you need. In I. Guyon, U. V. Luxburg, S. Bengio, H. Wallach,
R. Fergus, S. Vishwanathan, and R. Garnett, editors, Advances in Neural Information Processing Systems 30,
pages 5998–6008. Curran Associates, Inc.
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Graph attention networks.

David Vilares and Yulan He. 2017. Detecting perspectives in political debates. In Proceedings of the 2017
conference on empirical methods in natural language processing, pages 1573–1582.

Janyce M. Wiebe. 1994a. Tracking point of view in narrative. Comput. Linguist., 20(2):233–287, June.

JM WIEBE. 1994b. Tracking point of view in narrative. Computational linguistics-Association for Computational
Linguistics (Print), 20(2):233–287.

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien Chaumond, Clement Delangue, Anthony Moi, Pierric Cistac,
Tim Rault, R’emi Louf, Morgan Funtowicz, and Jamie Brew. 2019. Huggingface’s transformers: State-of-the-
art natural language processing. ArXiv, abs/1910.03771.

RF Woolson. 2007. Wilcoxon signed-rank test. Wiley encyclopedia of clinical trials, pages 1–3.


