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Abstract

In this work, we take a first step towards design-

ing summarization systems that are faithful to

the author’s intent, not only the semantic con-

tent of the article. Focusing on a case study of

preserving political perspectives in news sum-

marization, we find that existing approaches

alter the political opinions and stances of news

articles in more than 50% of summaries, mis-

representing the intent and perspectives of the

news authors. We thus propose P3SUM, a dif-

fusion model-based summarization approach

controlled by political perspective classifiers.

In P3SUM, the political leaning of a generated

summary is iteratively evaluated at each de-

coding step, and any drift from the article’s

original stance incurs a loss back-propagated

to the embedding layers, steering the political

stance of the summary at inference time. Ex-

tensive experiments on three news summariza-

tion datasets demonstrate that P3SUM outper-

forms state-of-the-art summarization systems

and large language models by up to 13.7% in

terms of the success rate of stance preserva-

tion, with competitive performance on standard

metrics of summarization quality. Our find-

ings present a first analysis of preservation of

pragmatic features in summarization, highlight

the lacunae in existing summarization models—

that even state-of-the-art models often struggle

to preserve author’s intents—and develop new

summarization systems that are more faithful

to author’s perspectives.1

1 Introduction

What constitutes a faithful summary? In addition to

preserving factual consistency—the focus of much

prior work (Kryscinski et al., 2020; Goyal and

Durrett, 2020; Wang et al., 2020a; Pagnoni et al.,

2021; Feng et al., 2023a; Tam et al., 2023)—a good

summarization system should preserve the writer’s

*These authors contributed equally to this work.
1Code and data are publicly available at

https://github.com/lyh6560new/P3Sum.

voice—the style, intent, and points of view con-

veyed by the authors. However, such subtle prag-

matic cues are harder to extract and control for by

existing models (Borji, 2023), and it remains under-

explored whether existing summarization systems

generate summaries that are faithful to the opinions

and perspectives of the authors. Moreover, though

language models (LMs) have been widely applied

to many summarization tasks, they inevitably con-

tain political biases and such biases could further

impact downstream tasks (Feng et al., 2023b). So

we hypothesize that summarization systems built

on top of LLMs would propagate biases further,

but not necessarily align them with stances in the

source text. Specifically in the task of summariza-

tion, instead of “de-biasing” and generating only

neutral summaries, we argue that a good summa-

rization system should preserve the perspectives of

the authors in generated news summaries.

To this end, we first evaluate to what extent sum-

marization systems and LLMs preserve political

stances in generated summaries, by employing a

state-of-the-art political perspective evaluator (Liu

et al., 2022d) to quantify the gap between stances

in news articles and summaries. (§2) We identify

that existing summarization systems and LLMs do

alter opinions and perspectives in the original doc-

ument, resulting in shifting stances in more than

50% of summaries, with around 25% drifting to the

partisan extremes (Figure 1). This highlights a new,

underexplored concern with current LLMs as they

fail to preserve the intents and perspectives of the

authors of news documents during summarization,

potentially misinforming the readers.

To address this issue, we propose P3SUM, a sum-

marization model aiming to Preserve the Political

Perspectives of news articles. (§3) P3SUM em-

ploys a non-autoregressive diffusion language

model with modular control capabilities to steer the

generated summary towards the same perspective

of the news article. Specifically, we first fine-tune
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sion derives St by: St =
√
ᾱtS0 +

√
1− ᾱtϵt

where t ∈ (1, T ), ϵt ∼ N (0,K2
I), and ᾱt → 0 as

t → T following a predefined schedule. At step T ,

sm(ST ) are fully noisy simplexes over V (we use

sm as a shorthand for softmax).

Reverse Process Based on the noisy representa-

tion St (or noisy simplex sm(St)) and a current

timestep t, we learn to reverse the forward process

by predicting the original representation S0 with

our model Transformerθ. The predicted outputs

are the output logits from the Transformer model

θ, denoted as Ŝθ(St, t).

Ŝθ(St, t) = Transformerθ(sm(St), t) (1)

We also apply self-conditioning (Chen et al., 2022)

with a 50% probability during prediction, re-

computing St in Eq. 1 by:4

St =
1

2
(St + Ŝθ(St, t))

Loss Function After obtaining the model pre-

diction Ŝθ(St, t), we employ a cross-entropy loss

between this predicted representation of S0 and the

target summary tokens w:

L(θ) = Et,S0

[

−
∑

i∈s

log pθ(wi|St, t)

]

= Et,S0

[

−
∑

i∈s

log sm[Ŝθ(St, t)]wi

]

where log pθ(·|·) denotes the cross-entropy loss

over the output logits of the transformer model θ

that we are learning,5 and i ∈ s denotes whether

this token belongs to summary s.

3.2 Perspective-Guided Decoding

A diffusion language model generates the output se-

quence non-autoregressively by initializing a noise

sequence ST and iteratively refining it through

St+1,St, . . . ,S0.

Given an article as input, we initialize the sum-

mary as a noisy sequence ST where each token is

represented as a logit sampled from the normal dis-

tribution N (0,K2
I). Using our learned model θ,

we first obtain an estimated output reconstructing

from ST :

Ŝsc,T = Ŝθ(ST , T ), (2)

4See Mahabadi et al. (2023) for more details.
5For more details, see Han et al. (2023a,b).

Self-Conditioning Mahabadi et al. (2023) ob-

serve that self-conditioning (Chen et al., 2022) can

improve the consistency between the model pre-

dictions and given context. Following their setting,

for all steps t < T , we perform self-conditioning

by mixing and leveraging the predictions from the

previous time step in the current step. Let St+1

denotes the incoming logits at t from the previous

time step t + 1, and Ŝsc,t+1 denotes the original

estimation of the logits at time step t+ 1. We per-

form self-conditioning by computing the average

of these representations and then pass to the model

θ for a prediction:

Ŝsc,t = Ŝθ(
St+1 + Ŝsc,t+1

2
, t+ 1)

Modular Control We employ political bias clas-

sifiers to steer the generated summary toward the

stances of the news article. To guide P3SUM to

generate summaries with a target political leaning

y ∈ {left, center, right}, we use an external stance

classifier fφ(·) that maps texts to the three stance

labels and update our previous prediction Ŝsc,t at

each timestep t guided by the gradients from the

political stance classifier.

Ŝctr,t = Ŝsc,t + λ∇
Ŝsc,t

fφ(y | sm(Ŝsc,t)) (3)

where λ is controlling learning rate, a hyperpa-

rameter governing the intensity of stance steering

and the parameters of φ are frozen. This enables

P3SUM to iteratively steer the political stances

of the generated summary toward the news arti-

cle. P3SUM employs a modular plug and control

paradigm so that any off-the-shelf political bias

classifier6 could be seamlessly integrated.

Logits Projection To obtain the almost one-hot

logits similar to the initial data distribution, we fur-

ther project logits Ŝctr,t at the end of every iteration

following (Han et al., 2023b):

Ŝ
(j)
proj,t=

{

+K if j=top-p-sampling(Ŝctr,t)

−K otherwise

where top-p is the hyperparameter for nucleus sam-

pling (Holtzman et al., 2019). After projecting

Ŝctr,t to Ŝproj,t , we add a noise according to the

forward diffusion schedule and pass the representa-

tion St as the incoming logits for the next iteration

t− 1:

St =
√
ᾱtŜproj,t +

√
1− ᾱtϵt

6We assume the classifier employs a common tokenizer.
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Method Pres. Model Size

POLITICS CNN/DM XSUM

SUC↑ DIST↓ SUC↑ DIST↓ SUC↑ DIST↓
T5 ✗ 200M 44.10 0.35 47.13 0.38 50.53 0.35

BRIO ✗ 400M 44.95 0.35 48.65 0.37 29.19 0.49

PEGASUS ✗ 568M 44.19 0.36 44.03 0.37 25.40 0.51

VICUNA ✗ 7B 52.01 0.30 42.71 0.38 53.19 0.31

FALCON ✗ 40B 41.51 0.41 40.78 0.39 31.58 0.45

LLAMA2 ✗ 70B 41.97 0.42 43.40 0.39 43.03 0.35

T5 ✓ 200M 47.29 0.34 41.83 0.40 47.97 0.38

BRIO ✓ 400M 42.15 0.38 46.98 0.38 30.96 0.48

PEGASUS ✓ 568M 42.38 0.36 43.78 0.38 31.28 0.48

VICUNA ✓ 7B 53.52 0.29 48.07 0.36 46.02 0.34

FALCON ✓ 40B 39.64 0.42 46.64 0.36 37.63 0.41

LLAMA2 ✓ 70B 40.15 0.45 43.38 0.44 51.54 0.30

P3SUM (ours) ✓ 125M 54.36 0.28 55.32 0.31 54.75 0.33

Table 2: Performance of political perspective preservation on the three datasets. “Pres.” indicates whether the

model is instructed to preserve stances or not. ↑ and ↓ indicate whether the metric should be high or low. P3SUM

outperforms all baseline models that are 1.6x to 560x larger on five of the six settings across the three datasets.

So the decoding process can be summarized

as iteratively denoising logits ST to obtain

St+1,St, . . . ,S0, and S0 is the final summary. At

time step t, we first mix the noisy logits St+1 and

the model estimation Ŝsc,t+1 from time step t+ 1
(self-conditioning) and obtain a model estimation

for step t: Ŝsc,t. Then, we apply the classifier to

predict the perspective for the current estimation

Ŝsc,t and compare it with a target stance y. The

difference between the prediction and the target

stance is backpropagated to steer the logits Ŝctr,t.

After that, we project the logits Ŝctr,t to Ŝproj,t and

add Gaussian noise to derive St. Such process is

repeated T times with S0 as the final representa-

tion. The final summary is obtained by converting

argmaxS0 to natural language tokens.

Ŝsc,t = Ŝθ(
St+1 + Ŝsc,t+1

2
, t+ 1)

Ŝctr,t = Ŝsc,t + λ∇
Ŝsc,t

fφ(y | sm(Ŝsc,t))

Ŝproj,t = logits-projection(Ŝctr,t)

St =
√
ᾱtŜproj,t +

√
1− ᾱtϵt

4 Experiments

4.1 Experimental Settings

Datasets We adopt three news datasets: CNN/DM

(Nallapati et al., 2016), XSUM (Narayan et al.,

2018), and POLITICS (Liu et al., 2022d). Since

there are ground truth labels provided in the POLI-

TICS dataset, we directly employ them to measure

the performance of preserving perspectives.

Method
POLITICS CNN/DM

R1 R2 R-L R-avg R1 R2 R-L R-avg

T5 38.31 18.04 27.82 33.07 40.82 18.30 28.64 29.25

BRIO 47.91 24.24 33.12 35.09 46.21 22.04 31.36 33.20

PEGASUS 40.62 19.36 29.64 29.87 42.70 19.69 29.76 30.72

VICUNA 21.33 8.84 14.78 14.98 13.20 3.48 8.51 8.40

FALCON 18.77 4.32 11.28 11.46 15.59 3.17 9.43 9.40

LLAMA2 30.93 12.98 20.72 21.54 22.21 6.75 13.89 14.28

P3SUM (ours) 37.48 16.50 26.01 26.66 41.12 18.20 27.73 29.02

Table 3: Rouge scores on POLITICS and CNN/DM.

Though the decoding process is steered by classifier

gradients to preserve political stances, P3SUM’s sum-

marization utility is still competitive among baselines.

Baselines We compare P3SUM with two types of

baselines: 1) summarization systems, specifically

BRIO (Liu et al., 2022b), PEGASUS (Zhang et al.,

2020), and T5 (Raffel et al., 2020). 2) large lan-

guage models, specifically Vicuna (Chiang et al.,

2023), Falcon (Penedo et al., 2023), and Llama-

2 (Touvron et al., 2023).7 For each baseline, we

employ two modes: without preservation, where

the baseline is directly used for summarization;

with preservation, where we prepend instructions

to encourage stance preservation.8

Implementation We employ the encoder-only

ROBERTA-BASE (Liu et al., 2019) as the backbone

of P3SUM’s diffusion component. To preserve per-

spectives at inference time, we leverage the po-

litical bias classifier from POLITICS (Liu et al.,

2022d), which measures the political stance of the

7We test them in the zero-shot setting.
8For similar baselines of controllable text generation such

as Liu et al. (2021a), we do not compare them with our method
since the classifier we use is a discriminator, not a generator
as required by the paper.
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Context Model Summary Stance

Biden . . . will confront a divided country beset

by an unprecedented and complex set of
difficulties . . . Election returns and exit polls
revealed sharp differences between men and
women and white and minority
Americans.. . . His response to these challenges
will be limited by a Republican Senate, a solidly
conservative Supreme Court majority, hostility
from Trump supporters . . . Biden enjoyed a big
edge with non-white Americans while white
voters stuck with the incumbent. . . (center)

Ours
Election returns and exit polls
reveal sharp differences between
men and women and white.. . .

center

✓

T5

Biden . . . will be limited by a Re-
publican Senate, a solidly con-
servative Supreme Court major-
ity, hostility from Trump sup-
porters. . . .

left

✗

BRIO
. . . Biden must confront the pan-
demic, rebuild the economy and
address climate change . . .

right

✗

Table 4: A qualitative example of generated summaries from different approaches. Existing summarization systems

often alter the political perspective by presenting partial facts or making up non-existing statements. Our method

successfully preserves the original perspective by presenting only the main idea and facts in the original article.

generation and compares it with the original stance

at each decoding step. This allows a loss term

measuring the political stance difference to back-

propagate to the embedding layers, penalizing per-

spective inconsistencies. We provide full details of

P3SUM training and inference in Appendix B.

Evaluation We define two metrics to evalu-

ate the success of preserving political stances

in the summary using the political stance clas-

sifier that maps text sequences to a bias la-

bel fbias(·) : str → {−1, 0, 1} representing

left, center, and right-leaning. 1) Success Rate

(Suc): 1
|D|

∑

d∈D 1(fbias(d) = fbias(s)), where

1(·) denotes the indicator function and D de-

notes the full dataset. 2) Stance Distance (Dist):
1
|D|

∑

d∈D |fbias(d) − fbias(s)|. While Suc exam-

ines whether the stance of the summary is consis-

tent with the article, Dist further evaluates how far

the perspective of summaries drifts from the news

documents. For summarization utility evaluation,

we employ Rouge-1/2/L scores (Lin, 2004) and

abstractiveness scores (Chan et al., 2021).

4.2 Results

Preserving Author Perspectives Table 2 demon-

strates that P3SUM achieves the highest average

success rate as well as the lowest stance dis-

tance across five of the six settings, outperforming

baselines that are 1.6x to 560x larger. For suc-

cess rate, we surpass the second-best method by

1.6%, 13.7%, and 2.9% respectively on the POLI-

TICS,CNN/DM, and XSUM datasets. This suggests

that the combination of diffusion language models

and plug-in political bias classifiers offers a promis-

ing approach to preserving political perspectives in

news summarization.

For large language model baselines that perform

Method POLITICS CNN/DM XSUM

T5 9.02 8.61 7.15

BRIO 5.17 4.11 3.16

PEGASUS 6.76 3.80 6.46

VICUNA 3.98 2.64 1.50

FALCON 1.77 0.83 0.65

LLAMA2 3.99 2.20 1.29

P3SUM (ours) 6.32 2.59 2.93

Table 5: Abstractiveness scores (Chan et al., 2021), the

lower the better. P3SUM successfully produces concise

summaries that are competitive with existing approaches

while improving perspective preservation.

Method CNN/DM

GPT-DAVINCI 0.8444

CHATGPT 0.8935

PEGASUS 0.9395

P3SUM (ours) 0.9289

Table 6: Factuality scores (0-1) of the models measured

by FactKB (Feng et al., 2023a).

text summarization in a zero-shot setting, we ob-

serve that adding instructions for stance preserva-

tion produces mixed effects on their performance.

For example, the instructions work for FALCON on

CNN/DM but are counterproductive on POLITICS.

We hypothesize that large language models struggle

to grasp the concept of preserving political opin-

ions off-the-shelf, potentially influenced by their

internal notion of political leanings that is often bi-

ased and inaccurate (Shaikh et al., 2022; Feng et al.,

2023b). However, with an explicit classifier-based

gradient steering paradigm, P3SUM successfully

advances the ability to preserve political perspec-

tives in generated summaries.

Summarization Utility We evaluate P3SUM and

baselines on CNN/DM and POLITICS by com-

paring them to reference summaries9 and present

9Since no human-written reference summaries are pro-
vided in POLITICS, we use LLM-generated summaries se-
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ods can be used to steer the generation process by

altering the output probability distribution at decod-

ing time (Dathathri et al., 2019; Krause et al., 2021;

Yang and Klein, 2021; Liu et al., 2021a; Lu et al.,

2021; Pascual et al., 2021; Kumar et al., 2021; Qin

et al., 2022; Kumar et al., 2022b; Mireshghallah

et al., 2022). Particularly, Han et al. (2023a) lever-

age diffusion-based methods that apply inference-

time control through off-the-shelf classifiers. In

this work, we further explore the summarization

setup using diffusion models to preserve opinions

in the decoding process.

7 Conclusion

We demonstrate that existing summarization sys-

tems and LLMs struggle to preserve the authors’

political perspectives in news summarization. We

present P3SUM, a diffusion-based summarization

model that improves political perspective preser-

vation by iteratively guiding the decoding process

with an external political stance classifier. Exten-

sive experiments demonstrate that P3SUM outper-

forms large language models and summarization

systems in producing summaries faithful to the

political stances of news documents while main-

taining competitive summarization utility.

Limitations

Trade off between Utility and Preservation

While P3SUM has achieved state-of-the-art perfor-

mance in preserving author perspectives among

all methods, steering the stance during the infer-

ence time can affect the utility of the summary,

which results in lower rouge scores or abstractive-

ness measures. As shown in Figure 1, the gold

summaries provided in the datasets do have biases

and not the ideal references for preserving original

perspectives, which motivates this work and future

directions to improve model stability in control-

lable summarization.

Time Overhead Diffusion models for language

are notoriously slower at inference time. While our

proposed P3SUM is better than existing summa-

rization systems and LLMs at preserving authors’

political perspectives in the generated summaries,

it comes at the cost of inference time subject to

the classifier control component at the decoding

time of diffusion models. We employ 1000 decod-

ing steps to refine a generated summary so that it

is consistent with the news articles’ perspectives

and stances, which adds to inference-time compu-

tational costs.

Political Bias Classifier We employ POLITICS

(Liu et al., 2022d), an LM-based political bias clas-

sifier to iteratively steer the political stances of the

generated summary. While it successfully helps

to preserve author perspectives, it only provides

coarse-grained categorical political leanings (left-

/center/right). Besides, it is shown in Liu et al.

(2022d) that this political bias classifier is not 100%
accurate at identifying political stances, which may

mislead the process of preserving the original opin-

ions. Besides, since the classifier we use is based on

American political news sources, the political lean-

ings defined in this paper are according to the US

policy. There will be different definitions for other

countries. However, we argue that our proposed

methodology in P3SUM is general and compatible

with future political bias classifiers that are more

fine-grained, accurate, and appropriate.

Ethics Statement

Although P3SUM’s intended use case is to preserve

author perspectives in news summarization, there

is a potential risk for misuse of controllable genera-

tion models: the same methodology can be used to

steer the political leaning of the generated summary

towards the hyperpartisan extremes, furthering soci-

etal divides and deepening polarization. Therefore,

we plan to establish access permission to the fine-

tuned P3SUM weights to ensure that it is only used

for research purposes.
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Agnew, Gabriel Ilharco, Dirk Groeneveld, Margaret
Mitchell, and Matt Gardner. 2021. Documenting
large webtext corpora: A case study on the colossal
clean crawled corpus. In Proceedings of the 2021
Conference on Empirical Methods in Natural Lan-
guage Processing, pages 1286–1305.

Alexander Fabbri, Irene Li, Tianwei She, Suyi Li, and
Dragomir Radev. 2019. Multi-news: A large-scale
multi-document summarization dataset and abstrac-
tive hierarchical model. In Proceedings of the 57th
Annual Meeting of the Association for Computational
Linguistics, pages 1074–1084, Florence, Italy. Asso-
ciation for Computational Linguistics.

Shangbin Feng, Vidhisha Balachandran, Yuyang Bai,
and Yulia Tsvetkov. 2023a. Factkb: Generaliz-
able factuality evaluation using language models
enhanced with factual knowledge. arXiv preprint
arXiv:2305.08281.

Shangbin Feng, Zilong Chen, Wenqian Zhang, Qingyao
Li, Qinghua Zheng, Xiaojun Chang, and Minnan Luo.
2021. Kgap: Knowledge graph augmented political
perspective detection in news media. arXiv preprint
arXiv:2108.03861.

Shangbin Feng, Chan Young Park, Yuhan Liu, and Yulia
Tsvetkov. 2023b. From pretraining data to language
models to downstream tasks: Tracking the trails of
political biases leading to unfair NLP models. In
Proceedings of the 61st Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 11737–11762, Toronto, Canada.
Association for Computational Linguistics.

Tomas Goldsack, Zhihao Zhang, Chenghua Lin, and
Carolina Scarton. 2022. Making science simple: Cor-
pora for the lay summarisation of scientific literature.

In Proceedings of the 2022 Conference on Empiri-
cal Methods in Natural Language Processing, pages
10589–10604.

Mitchell L Gordon, Michelle S Lam, Joon Sung Park,
Kayur Patel, Jeff Hancock, Tatsunori Hashimoto, and
Michael S Bernstein. 2022. Jury learning: Integrat-
ing dissenting voices into machine learning models.
In Proceedings of the 2022 CHI Conference on Hu-
man Factors in Computing Systems, pages 1–19.

Tanya Goyal and Greg Durrett. 2020. Evaluating factu-
ality in generation with dependency-level entailment.
In Findings of the Association for Computational Lin-
guistics: EMNLP 2020, pages 3592–3603, Online.
Association for Computational Linguistics.

Tanya Goyal and Greg Durrett. 2021. Annotating and
modeling fine-grained factuality in summarization.
In Proceedings of the 2021 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
pages 1449–1462.

Tanya Goyal, Junyi Jessy Li, and Greg Durrett. 2022.
News summarization and evaluation in the era of
gpt-3. arXiv preprint arXiv:2209.12356.

Xiaochuang Han, Sachin Kumar, and Yulia Tsvetkov.
2023a. SSD-LM: Semi-autoregressive simplex-
based diffusion language model for text generation
and modular control. In Proceedings of the 61st An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 11575–
11596, Toronto, Canada. Association for Computa-
tional Linguistics.

Xiaochuang Han, Sachin Kumar, Yulia Tsvetkov, and
Marjan Ghazvininejad. 2023b. Ssd-2: Scaling and
inference-time fusion of diffusion language models.
arXiv preprint arXiv:2305.14771.

Moritz Hardt, Eric Price, and Nati Srebro. 2016. Equal-
ity of opportunity in supervised learning. Advances
in neural information processing systems, 29.

Camille Harris, Matan Halevy, Ayanna Howard, Amy
Bruckman, and Diyi Yang. 2022. Exploring the role
of grammar and word choice in bias toward african
american english (aae) in hate speech classification.
In Proceedings of the 2022 ACM Conference on Fair-
ness, Accountability, and Transparency, pages 789–
798.

Junxian He, Wojciech Kryściński, Bryan McCann,
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CHANGE TEXT-DAVINCI CHATGPT PEGASUS BART BRIO T5

Left 14.4 7.6 17.0 3.8 4.2 5.0

Lean left 8.8 9.8 14.4 9.8 8.0 8.2

Center 44.2 41.2 45.0 40.6 39.0 38.4

Lean right 14.0 18.2 18.6 23.4 15.6 20.6

Right 18.6 27.0 5.0 18.6 33.2 27.8

Table 8: Changes in political stances between the generated summaries and the news article.
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A Changes in Political Stances between

Model-Generated Summaries and the

Articles

We present specific numbers describing how model-

generated summaries shift the author’s points of

view in Table 8, as a complement for Figure 1.

B Experiment Details

During fine-tuning on summarization, we use a

leaning rate of 3e − 5, We fine-tuned for 20000

steps.

For decoding, we use top- p = 0.95 suggested

in Han et al. (2023a) and 1000 diffusion steps ac-

cording to Mahabadi et al. (2023).

Pres. Prompt

✗
You are an abstractive summarizer that follows
the output pattern. Please write a summary for
the document. Document:

✓

You are an abstractive summarizer that follows
the output pattern. You should always respect
the political bias in the original article.Please
write a summary for the document. Document:

Table 9: Prompts for large language models, where

"Pres." is the abbreviation for whether it belongs to the

preservation setting.

Method POLITICS CNN/DM

TEXT-DAVINCI 74.93 84.44

CHATGPT 96.15 89.35

Table 10: Factuality scores for LLM-generated sum-

maries.

We implement P3SUM on a server using Tesla

V100 GPU with 32 GB memory, 16 CPU cores,

and 377GB memory for the experiments.

The backbone of our model is ROBERTA-BASE.

It’s noticeable that both P3SUM and the model in

(Liu et al., 2022d) use ROBERTA-BASE, and thus

they share the same tokenizer. Therefore, as men-

tioned in (Han et al., 2023a), they can be used for

control in an off-the-shelf manner.

For POLITICS, there are no human-written sum-

maries. Therefore, we take the summarization of

GPT-TURBO as the ground truth. The details are in

the appendix I

With CNN/DM as a popular dataset in text sum-

marization, we aim to test how well P3SUM can

perform traditional summarization tasks. How-

ever, not all the news articles in the CNN/DM

are within the political discipline, which is inap-

propriate for political leaning preservation. There-

fore, we leverage the POLITICS dataset(Liu et al.,

2022d), which consists of political news with labels

of political leaning.
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Method
text-davinci as gold ChatGPT as gold

R-1 R-2 R-L R-avg R-1 R-2 R-L R-avg

T5 28.40 11.20 21.66 20.42 36.35 17.50 27.62 27.16

BRIO 31.11 13.66 23.25 22.67 47.91 24.24 33.12 35.09

PEGASUS 26.10 9.40 19.37 18.29 40.62 19.36 29.64 29.87

Table 12: Comparison of rouge scores using TEXT-DAVINCI or CHATGPT as gold summaries.

Category Left Center Right Avg.

Stance Preservation 63.27 56.00 58.00 59.09

Factuality 48.98 44.00 55.00 49.33

Table 13: Human evaluation results for P3SUM.

Table 10. It is shown that CHATGPT has a higher

level of faithfulness.

Choosing TEXT-DAVINCI and CHATGPT as ref-

erence summaries respectively, we calculate the

rouge scores respectively on POLITICS dataset and

present the results in Table 12.

We can see that most models achieve higher

rouge scores when selecting CHATGPT to generate

gold summaries, which implies a higher agreement.
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Ablation
POLITICS CNN/DM XSUM

R-1 R-2 R-L R-avg R-1 R-2 R-L R-avg R-1 R-2 R-L R-avg

P3SUM 37.48 16.50 26.01 26.66 41.12 18.20 27.73 29.02 19.19 2.77 13.08 11.68

w/o MC 36.24 16.21 25.58 26.01 39.66 17.52 27.71 28.29 18.51 2.89 12.35 11.25

change -1.24 -0.29 -0.43 -0.65 -1.46 -0.69 -0.02 -0.72 -0.68 0.12 -0.73 -0.43

w/o SC 32.60 11.78 21.90 22.09 37.46 13.70 24.89 25.35 19.01 2.53 12.78 11.44

change -4.88 4.72 -4.11 -4.57 -3.66 -4.50 -2.84 -3.67 -0.18 -0.24 -0.30 -0.24

Table 14: Ablation study (cont.) investigating how modular control (MC) and self-conditioning (SC) contribute to

P3SUM’s performance.

Context Model Summary Stance

For months, Republican leaders have been

uniform in their insistence that they would allow
everyone’s taxes to rise if the rich did not get to
keep their Bush-era tax breaks. Mr. Obama has
proposed continuing the tax cut for the 98
percent of taxpaying families . . . Republicans
have demanded tax cuts for all, and, so far, not a
single Republican leader has lined up behind
Mr. Boehner’s concession. Ultimately, the case
for the top-level tax cuts is increasingly shaky.
If Republicans are the least bit serious about
reducing the deficit, they have to acknowledge
that doing so requires additional
revenues. . . (left)

Ours Republican leaders have been ready to
maintain Bush-era tax breaks to con-
tinue tax rates. Mr. Obama, who has
earned less than $250,000, will keep up
with extra revenue at top rates. . . .

right

✗

T5 The case for the top-level tax cuts is
increasingly shaky. If Republicans are
the least bit serious about reducing the
deficit, they have to acknowledge that
doing so requires additional revenues.

left

✓

BRIO . . . Republicans have demanded tax cuts
for all, . . . If Republicans are serious
about reducing the deficit, they have to
acknowledge that doing so requires ad-
ditional revenues.

left

✓

Table 15: Example #1 of one news article, three summaries generated by P3SUM and two baselines, as well as their

stances as evaluated by the political bias classifier.

Context Model Summary Stance

Biting his nails nervously, these are the first

pictures of the migrant boat captain accused of
killing 900 men, women and children in one of
the worst maritime disasters since World War
Two. Tunisian skipper Mohammed Ali Malek,
27, was arrested when he stepped onto Sicilian
soil last night, some 24 hours after his boat
capsized in the Mediterranean. Before leaving
the Italian coastguard vessel, however, he was
forced to watch the bodies of 24 victims of the
tragedy being carried off the ship for burial on
the island of Malta. He was later charged with
multiple manslaughter, causing a shipwreck and
aiding illegal immigration. Prosecutors claim he
contributed to the disaster by mistakenly
ramming the overcrowded fishing boat into a
merchant ship that had come to its rescue.
. . . (left)

Ours "Mohammed Ali Malek, 27, was ar-
rested when he stepped into Sicilian soil
last night.. . . Mamud Bikhit, 26, also
charged with ’aiding illegal immigration’
Migrants shifted position on the boat,
causing it to overturn as result of colli-
sion."

left

✓

FALCON The EU’s foreign chief, Federica
Mogherini, called for ’rapid, concrete
and coordinated’ action to deal with the
Mediterranean migrant disaster . . . She
said the situation was a ’humanitarian
emergency’ and urged EU governments
to step up their efforts to help refugees
. . .

right

✗

LLAMA2. . . The tragedy has sparked widespread
outrage and calls for action from politi-
cians and religious leaders. Pope Fran-
cis, who has been an outspoken advocate
for migrant rights, said he was’shocked’
by the tragedy and called for an end
to’such slaughter’.. . .

left

✓

Table 16: Example #2 of one news article, three summaries generated by P3SUM and two baselines, as well as their

stances as evaluated by the political bias classifier.
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Context Model Summary Stance

At least 34 people were arrested after hundreds

of protesters gathered in New York City on
Tuesday night to march against police brutality.
The march was organized by National Actions
to Stop Murder By Police. Many of the
protesters cited the deaths of . . . The protesters
marched from Manhattan’s Union Square and
across the Brooklyn Bridge where they partially
blocked traffic. Scroll down for video.
Hundreds of protesters gathered in New York
City on Tuesday night to march against police
brutality. . . . Organizers say Tuesday’s protest
was one of 28 being held across the country.
Protesters tried to gain accress to the roadways
of the Brooklyn Bridge, but they were blocked
by police. . . . Stephen Davis, the Police
Department’s chief spokesman, said 34 people
had been arrested by 6:40 p.m, reports the New
York Times. Police say an off-duty police
officer driving home on the bridge was
assaulted by two protesters when he got out of
his vehicle to investigate. Police say the
suspects ran off after he identified himself as a
police officer. He was hospitalized with injuries
to his face and arm. . . . (left)

Ours The march was organized by Na-
tional Actions to Stop Murder By Po-
lice. Protesters cited the deaths of . . . .
Protesters marched from Manhattan’s
Union Square . . . where they partially
blocked traffic. Protesters tried to gain
accress to roadways but were blocked by
police. . . .

left

✓

LLAMA2The protesters marched from Manhat-
tan’s Union Square and across the
Brooklyn Bridge where they partially
blocked traffic. . . . Scroll down for
video. The protesters marched from
Manhattan’s Union Square and across
the Brooklyn Bridge where they par-
tially blocked traffic. . . .

center

✗

BRIO The march was organized by Na-
tional Actions to Stop Murder By Po-
lice.. . . Many of the protesters cited the
deaths of Eric Garner in Staten Island
and Walter Scott in South Carolina. Po-
lice say an off-duty police officer was as-
saulted by two protesters on the bridge.

left

✓

Table 17: Example #3 of one news article, three summaries generated by P3SUM and two baselines, as well as their

stances as evaluated by the political bias classifier.

Context Model Summary Stance

In Iowa, Ryan says budget a step toward GOP

unity. CEDAR RAPIDS, Iowa (AP) —
Republican U.S. Rep. Paul Ryan told an Iowa
audience Friday that his party can and must
come together, and he held out his recently
passed budget plan as a sign of growing GOP
unity. Although blocs of Republicans object to
aspects of the plan passed Thursday in the U.S.
House, Ryan said it embodies the principles
upon which the nation was founded. “Some
people wanted to go further, some people
thought it went too far. The point is we unified
around these common principles in a plan,” the
Wisconsin congressman told reporters after
headlining a state party dinner in Cedar Rapids.
“That’s very important to me — which is we
can’t just oppose, we have to propose.” Ryan,
the 2012 Republican vice presidential nominee,
also played down the significance of his speech
in Iowa . . . (center)

Ours U.S. Paul Ryan says his party can and
must come together. Ryan says budget
plan a step toward GOP unity. Ryan:
"Very important to me is we can’t just
oppose, we have to propose"

center

✓

FALCON

__ Follow David Pitt on Twitter at . . .

✗

VICUNA 2014 The Associated Press. All rights
reserved. This material may not be pub-
lished, broadcast, rewritten, or redis-
tributed.

✗

Table 18: Example #4 of one news article, three summaries generated by P3SUM and two baselines, as well as their

stances as evaluated by the political bias classifier.
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Context Model Summary Stance

Chamber of Commerce hits Democratic Senate

candidates on union bill. The Chamber has been
one of the biggest opponents of EFCA. The
group has lobbied heavily against the bill,
arguing it would lead to job losses from strikes
and union disruption. The labor movement
considered the bill one of its top legislative
priorities this Congress. Unions say it will help
the economy by granting more workers
collective bargaining rights, pushing up wages
and benefits in the process. Despite the union
support, EFCA has struggled to gain enough
backing to move past an expected
Republican-led filibuster in the Senate. Several
Democratic centrists have distanced themselves
from the bill, with some, such as Sen. Blanche
Lincoln (D-Ark.), coming out against it. So far,
EFCA has not had a vote in this Congress.
Republicans and business groups, however,
remain on alert because Democrats could take
up the bill in Congress’s lame-duck session
after the elections. Union leaders have hinted at
that being a possibility. . . . (center)

Ours The Chamber has been one of the
biggest opponents of EFCA. The group
has argued the bill would lead to job
losses from strikes and union disruption.
Unions say it will help the economy by
granting more workers collective bar-
gaining rights. . . .

center

✓

FALCON Can you elaborate on the Chamber’s ar-
gument that EFCA would lead to job
losses from strikes and union disruption?
How does the labor movement respond
to this claim? The Chamber argues that
EFCA would allow unions to quickly or-
ganize workers . . .

left

✗

LLAMA2The Chamber of Commerce has been ac-
tively campaigning against Democratic
Senate candidates due to their support of
the Employee Free Choice Act (EFCA).
The Chamber believes the bill would
lead to job losses and union disruption,
while labor unions argue it would help
the economy by granting more workers
collective bargaining rights and . . .

center

✓

Table 19: Example #5 of one news article, three summaries generated by P3SUM and two baselines, as well as their

stances as evaluated by the political bias classifier.

Context Model Summary Stance

Nancy Pelosi, Chuck Schumer demand equal

airtime for Democrats after Donald Trump
address. Democratic leaders on Monday asked
the broadcast networks for equal airtime to
counter President Trump’s planned immigration
speech Tuesday, saying it’s only fair they get a
chance to counter his “malice and
misinformation.” House Speaker Nancy Pelosi
and Senate Minority Leader Charles E.
Schumer signaled disappointment with the
networks’ decisions to grant the president a slot
at 9 p.m. . . . Democrats must immediately be
given equal airtime,” they said in a joint
statement. The minority party is usually granted
time after major addressed such as a state of the
union speech, though reactions to short
presidential addresses to the nation are usually
less structured. Mr. Trump in his speech is
expected to make a plea for Congress to
approve . . . Democrats have resisted, saying
they won’t approve any new money for a
program they say is unneeded and which Mrs.
Pelosi calls “immoral.” . . . (center)

Ours Democratic leaders asked the broad-
cast networks for equal airtime. Nancy
Pelosi and Charles E. Schumer sig-
naled disappointed with the networks’
decisions to grant the president a slot
. . . Obama again blamed him for the par-
tial government shutdown . . . Democrats
have resisted, saying they won’t approve
any money for a program that is un-
needed and which Mrs. Pelosi calls ‘im-
moral’

left

✗

FALCON Given that the President is making false
claims about border ‘security’,” Mr.
Schumer and Mrs. Pelosi said, “we can-
not allow the President to use the air-
waves, at a time of his choosing, to fur-
ther mislead the American people.” . . .

left

✗

LLAMA2The president’s speech is expected to
be carried live on all major television
networks, including ABC, CBS, NBC,
CNN and Fox News. The speech is
scheduled to begin at 9 p.m. EST. . . .

✗

Table 20: Example #6 of one news article, three summaries generated by P3SUM and two baselines, as well as their

stances as evaluated by the political bias classifier.
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