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Abstract
Generating a reliable summary, which reflects the source

document without any distortion to the original meaning,
remains a challenge. Reranking has shown success in
choosing an optimal summary, but current implementa-
tions only rely on source as guidance. To address this
limitation, we propose ConSUM that reranks candidate
summaries by considering two factors: consistency to
the source document and consensus among other candi-
dates. Consensus is established using Minimum Bayes
Risk (MBR) decoding, while ensuring consistency by em-
ploying factuality-aware metrics. Rigorous testing demon-
strates that our system is competitive with existing meth-
ods, with human evaluations further confirming that its
generated summaries are preferred over those from other
systems.

1 Introduction
Document Summarization is the task of summarizing a

lengthy document while retaining its most important in-
formation. Thus, a summary is reliable when it reflects
the source document without any distortion that alters
the original meaning. In another word, factuality of the
summary [1]. One method to improve factuality is rerank-
ing [2, 3], which involves generating multiple candidate
summaries (hypotheses) and ranking them using metrics
that reflect summarization quality.

We cannot use any gold references in reranking. Thus,
reference-free metrics are frequently used to rerank the hy-
pothesis by using, e.g., the original source document as
their ground truth [4]. This limitation creates two weak-
nesses, where relying solely on the source is unreliable,
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Figure 1 Case where reference-free metric is not reliable. 𝑆𝑠𝑖𝑠
represents consistency score to the source document; 𝑆𝑠𝑒𝑛 rep-
resents consensus score over among hypotheses; 𝑆 𝑓 𝑖𝑛 represents
the final score.

as depicted in Figure 1; and because it only uses a single
metric, it is prone to overfitting to the metric and inheriting
its bias [5].

Inspired by Minimum Bayes Risk (MBR) decoding [6],
we propose a novel reranking method to address the
weaknesses, ConSUM (Consistency and Consensus in
Summarization), that combines two factors: the consen-
sus among hypotheses and the consistency of each hy-
pothesis to the source document for factual summary gen-
eration. Consensus is used to identify the most represen-
tative summary among the hypotheses by comparing each
hypothesis to a set of pseudo-reference summaries gener-
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Figure 2 Overview of ConSUM comprising three steps: Gen-
erate, Score, and Rerank.

ated by the same model using a reference-based factuality
metric. Consistency for the source document, meanwhile,
is measured using established reference-free metrics. Fi-
nally, both scores are combined to select the summary with
the highest score. Experimental results on CNN/DailyMail
[7] using two types of summarization models, BART [8],
and Llama-3 [9], consistently demonstrate that our method
achieves superior factuality scores, showing that our sys-
tem’s output is preferred over baselines, supporting that
combining consensus and consistency succeeded in im-
proving the factuality of a summary.

2 Proposed Method: ConSUM
Figure 2 shows the overview of our ConSUM. It com-

prises three steps: (1) Generate Hypotheses and Pseudo-
references – The summarization model generates multiple
hypothesis and pseudo-references summaries for a given
source document; (2) Score Hypotheses – Each hypothe-
sis is scored using two distinct types of evaluators, con-
sistency to the source document and consensus between
the hypotheses and the pseudo-references; (3) Rerank Hy-
potheses – Both scores are combined using a weight, and
the hypothesis with the highest score is selected as the best
output.
2.1 Generate Hypotheses and Pseudo-

references
This step aims to generate two pools of summaries for

each source document using a summarization model, one
as hypotheses and the other as pseudo-references. The

hypotheses set is used to choose the best summary, and the
pseudo-references set is used as a consensus reference that
is further explained in §2.2.

Formally, given a source document 𝒙, a decoding method
𝛿, and a parameter 𝜃, the summarization model 𝑝 generates
a set of summaries S= {𝒔1, · · · , 𝒔 |s| } by:

𝒔𝑖 ∼ 𝑝(𝒔 |𝒙; 𝜃, 𝛿). (1)

Given two decoding method 𝛿𝑎 and 𝛿𝑏, the model 𝑝

generates two different sets, hypotheses Y and pseudo-
references R. Thus:

𝒔 ≜


𝒚 ∈ Y if 𝛿 = 𝛿𝑎 (Hypothesis)
𝒓 ∈ R if 𝛿 = 𝛿𝑏 (Pseudo-reference)

(2)

It is possible for Y = R when 𝑎 = 𝑏 [10]. However,
previous work [11] has shown the importance of choosing
pseudo-references that are diverse and unbiased.

2.2 Score Candidates

We utilize two distinct scores to enhance the factual-
ity of generated summaries: consistency with the source
and consensus with the pseudo-references. Consistency-
based scores have been used previously [4], but relying
solely on them has been shown to produce summaries that
distort the original meaning of the source document [4],
as depicted in Figure 1. Due to the high cost of collect-
ing “gold” references, we leverage the pseudo-reference
set R as a second reference signal through consensus-
based scores. Specifically, R represents an approximation
of the model’s posterior distribution, allowing the decod-
ing process to ground predictions in statistical consensus
rather than relying solely on high-probability sequences.
Its purpose is to mitigate any outlier information from any
summary that might provide counterfactual information.

Consistency-based Scoring We define the
consistency-based score that measures the factual
consistency between the source document 𝒙 and its
hypothesis 𝒚𝑖 ∈ Y, generated in §2.1, as follows:

𝑆𝑠𝑖𝑠 (𝒚𝑖 , 𝒙) = 𝐹𝑀 (𝒚𝑖 , 𝒙), (3)

where 𝐹𝑀 (𝒚𝑖 , 𝒙) is a reference-free factuality metric. In
this study, we choose to use FENICE [12] and FIZZ [13]
as the metric.

Consensus-based Scoring To reflect the consensus
between pseudo-references in R on deciding the best hy-
pothesis in Y, we incorporate the score calculation in MBR

― 233 ― This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



decoding as follows:

𝑆𝑠𝑒𝑛 (𝒚𝑖 ,R) = 1
|R|

|R|∑
𝑗=1

𝑢(𝒚𝑖 , 𝒓 𝑗 ), (4)

where 𝑢(𝒚𝑖 , 𝒓 𝑗 ) is a utility function to calculate each hy-
pothesis 𝒚𝑖 against a pseudo-reference 𝒓 𝑗 . In this study, we
choose MENLI [14] as the utility function, as it has been
demonstrated to be the most effective for the summariza-
tion task.

2.3 Rerank Candidates

To ensure a balanced contribution from both compo-
nents, we normalize and combine 𝑆𝑠𝑖𝑠 and 𝑆𝑠𝑒𝑛 as follows:

𝑆 𝑓 𝑖𝑛 (𝒚𝑖 , 𝒙,R)
=𝑤𝑁 (𝑆𝑠𝑒𝑛 (𝒚𝑖 ,R))+(1−𝑤)𝑁 (𝑆𝑠𝑖𝑠 (𝒚𝑖 , 𝒙)), (5)

where 𝑁 indicates z-score normalization and 𝑤 (0 ≤ 𝑤 ≤
1) is a hyperparameter to adjust the importance of 𝑆𝑠𝑒𝑛,
where 0 and 1 means the scoring only uses 𝑆𝑠𝑖𝑠 and 𝑆𝑠𝑒𝑛,
respectively. Finally, we choose the best candidate 𝒚̂ based
on 𝑆 𝑓 𝑖𝑛𝑎𝑙 as follows:

𝒚̂ = argmax𝒚𝑆 𝑓 𝑖𝑛 (𝒚, 𝒙,R). (6)

Previous studies about improving factuality through rerank-
ing, rely solely on reference-free metrics [4] or MBR de-
coding [10]. Thus, we propose combining the two ap-
proaches to obtain the most factuality-aware candidate.
The best candidate is a candidate chosen by both MENLI
w.r.t. pseudo-references to represent the consensus and
FENICE or FIZZ w.r.t. the source document to represent
the consistency.

3 Experiment Settings
We evaluate our method on a news summarization

dataset, using Pre-trained Language Models (PLMs) and
Large Language Models (LLMs) as the summarization
models, for metrics from two aspects: Quality and Fac-
tuality.

Datasets and Models We evaluated our method on
CNN/DailyMail (CNN/DM) [7], a popular news summa-
rization dataset. It is characterized by its relatively ex-
tractive summaries, where summary sentences are often
copied directly from the source article. To generate the
summaries, we utilized a fine-tuned PLM, BART [8] and
an LLM, Llama-3 [9]. We explored both model types
because LLMs have shown weaknesses in summarization

Table 1 Metrics by group and type by reference.
Group Reference-Based Reference-Free

Quality ROUGE, BERTScore —

Factuality MENLI FENICE, FIZZ

[15] that make them comparable to PLMs. See Appendix
A for implementation details.

Summary Generation We generate 16 summaries
per source document as the hypotheses and use Diverse
Beam Search (DBS) [16] and Nucleus [17] to generate
them for PLM and LLM, respectively. Inspired by this
study [11], we compared two conditions, the hypotheses
are used as pseudo-references (Y = R) and the pseudo-
references are generated using Epsilon Sampling [18].
Specifically, 64 summaries are generated per source docu-
ment as the pseudo-references using Epsilon Sampling.

Metrics The selected summaries are assessed using
two metric groups: Quality and Factuality, as shown in
Table 1. We used 2 reference-based metrics in the Qual-
ity group: ROUGE [19] and BERTScore [20]. In Fac-
tuality group, we utilized 3 metrics: MENLI [14] as the
reference-based metric, FENICE [12], and FIZZ [13] as
the reference-free metrics. Statistical significance was as-
sessed via paired-bootstrap resampling [21] with 10,000
samples. We established a significance level of 𝑝 < 0.05,
applying the Bonferroni correction to account for multiple
comparisons against the three baselines. See Appendix B
for implementation details.

Hyperparameters Our preliminary experiment iden-
tified the optimal weight (𝑤) of 0.75 (See Appendix C).
This weight corresponds to a 75:25 contribution ratio of
𝑆𝑠𝑒𝑛 and 𝑆𝑠𝑖𝑠 to the 𝑆 𝑓 𝑖𝑛𝑎𝑙 score. We denote our methods
as Scorer-𝑤, where 𝑤 represents the weight assigned to
the MBR score (𝑆𝑠𝑒𝑛) and Scorer refers to either FENICE
or FIZZ. Consequently, 𝑤 = 0.0 serves as a baseline using
only the named scorer, while 𝑤 = 1.0 uses only the MBR
score and is denoted simply as MBR. Finally, 0 < 𝑤 < 1
indicates a linear combination between the named scorer
and MBR score.

Baselines We compared our method against three
baselines: Baseline, FENICE-0.0, and FIZZ-0.0.
Baseline employs the decoding method described in the
Summary Generation section. The latter two only utilize
the FENICE and FIZZ metrics, respectively, for reranking.
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Table 2 Results for each metric on the CNN/DM dataset. Underline indicates the highest scores for each metric and Bold indicates
better compared to all baselines. *, †, ‡represent the significance using a bootstrap test against Baseline, FENICE-0.0, and FIZZ-0.0,
respectively. “—” indicates removed scores because the reranker maximizes that specific metric, hence they are certainly the best score
if included. Each abbreviation represents the following metric, R1 - ROUGE-1, R2 - ROUGE-2, RL - ROUGE-L, BS - BERTScore,
EM - MENLI-Entailment, CM - MENLI-Contradiction, SM - MENLI-Summarization, Fe - FENICE, and Fi - FIZZ.

Hypotheses as Pseudo-references Epsilon-Generated Pseudo-references

Quality Factuality Quality Factuality

Method R1 R2 RL BS EM CM SM Fe Fi R1 R2 RL BS EM CM SM Fe Fi

Model: BART

Baseline 42.28 20.13 35.95 66.53 3.45 -4.10 9.80 98.95 66.36 42.28 20.13 35.95 66.53 3.45 -4.10 9.80 98.95 66.36
FENICE-0.0 42.29 19.41 35.81 66.75 4.99 -4.29 4.61 — 64.17 42.29 19.41 35.81 66.75 4.99 -4.29 4.61 — 64.17
FIZZ-0.0 42.03 19.54 35.72 66.49 4.24 -4.40 5.51 99.19 — 42.03 19.54 35.72 66.49 4.24 -4.40 5.51 99.19 —

FENICE-0.75 43.27*†‡ 20.44*†‡ 36.52*†‡ 67.12*†‡ 3.54 -3.77*†‡ 13.38*†‡ — 61.38 43.09*†‡ 20.19†‡ 36.33*†‡ 67.06*†‡ 4.01* -3.43*†‡ 13.64*†‡ — 61.91
FIZZ-0.75 42.74*†‡ 20.18†‡ 36.24*†‡ 66.83*‡ 3.53 -3.92†‡ 11.47*†‡ 99.15* — 42.62*†‡ 20.05†‡ 36.10†‡ 66.79*‡ 3.95* -3.76*†‡ 11.17*†‡ 99.18* —
MBR-1.0 43.34*†‡ 20.54*†‡ 36.51*†‡ 67.11*†‡ 2.97 -3.89†‡ — 98.50 56.47 43.36*†‡ 20.44*†‡ 36.44*†‡ 67.15*†‡ 3.38 -3.41*†‡ — 98.64 56.62

Oracle 52.91 30.04 46.50 71.94 18.40 -0.42 37.09 99.85 89.75 52.91 30.04 46.50 71.94 18.40 -0.42 37.09 99.85 89.75

Model: Llama-3

Baseline 34.83 13.51 28.34 64.04 4.80 -2.12 21.70 98.43 24.98 34.83 13.51 28.34 64.04 4.80 -2.12 21.70 98.43 24.98
FENICE-0.0 35.15 13.77 28.66 64.20 5.53 -2.05 21.19 — 31.12 35.15 13.77 28.66 64.20 5.53 -2.05 21.19 — 31.12
FIZZ-0.0 35.26 13.80 28.74 64.23 5.13 -2.27 20.92 98.89 — 35.26 13.80 28.74 64.23 5.13 -2.27 20.92 98.89 —

FENICE-0.75 34.62 13.68* 28.11 64.16* 4.48 -1.93*‡ 29.17*†‡ — 26.42* 35.31*† 14.11*†‡ 28.71* 64.38*†‡ 5.95*†‡ -1.60*†‡ 31.14*†‡ — 28.50*
FIZZ-0.75 35.06* 13.83* 28.52* 64.24* 4.69 -2.09‡ 24.88*†‡ 98.85* — 35.36*†‡ 13.98*†‡ 28.80*†‡ 64.34*†‡ 5.34*‡ -1.95*‡ 25.08*†‡ 98.90* —
MBR-1.0 34.44 13.60* 27.93 64.13* 4.16 -1.95*‡ — 98.41 23.33 35.15* 14.07*†‡ 28.52* 64.36*†‡ 6.02*†‡ -1.51*†‡ — 98.50 24.73

Oracle 40.88 18.83 34.05 67.03 14.81 -0.45 49.41 99.81 55.71 40.88 18.83 34.05 67.03 14.81 -0.45 49.41 99.81 55.71

4 Results
The main results are shown in Table 2. For our proposed

method, we tried FENICE and FIZZ with the best weight
and only using MBR as the setting. The results span for two
conditions, the hypotheses are used as pseudo-references
and the pseudo-references are separately generated with
increased size for each source document.

Our method significantly dominate most of the fac-
tuality metrics when compared with the baselines in
both conditions. Most MENLI metrics improved signif-
icantly, with a slight decrease in the reference-free eval-
uation scores. Surprisingly, our method is not optimized
for Quality metrics, yet most results are significantly bet-
ter compared to the baselines. These results show that
our method works in improving factuality of a summary
without reducing the quality of the chosen summary with
respect to the “gold” references.

In terms of model type, our method excels in improv-
ing both BART and Llama-3’s performance. Specifically
for BART, our method excels in all of the Quality Met-
rics and MENLI’s score for Factuality metric. Llama-3
has improvements in both Quality and Factuality metrics,
specifically BERTScore and MENLI. These results show
that our method improves the factuality regardless of the
model type.

Comparing the pseudo-references, there is a trade-off

in the reference-based and reference-free metrics. All
of the reference-based scores slightly decrease, while the
reference-free scores increase. This might be due to
the number of pseudo-references increases when using
Epsilon-Generated condition, reducing the metric bias of
MENLI when using MBR. In addition, using Epsilon-
Generated condition improves the scores for Llama-3,
showing that quality of pseudo-references is important to
achieve better consensus.

We calculate Oracle scores for each metric to establish
a theoretical upper bound. The differences between the
highest scores to the Oracle scores show that there are a
big gap of improvement that can be done. Our method
is capable of improving the metric by choosing a better
summary, but it is not the best summary yet.

5 Conclusion
In this study, we introduced ConSUM, a novel reranking

method to address the reliance on only the source docu-
ment or the reference summary as guidance in reranking.
Our idea is based on the hypothesis that the best summary
is a summary that is not only faithful to the source but
also in consensus with the model’s distribution. We ex-
perimented with two models under two conditions on the
CNN/DM dataset. Our findings showed that ConSUM im-
proves summary factuality. Notably, it achieved this with-
out the common trade-off of sacrificing summary quality.
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A Summarization Models Details
BART BART stands for Bidirectional and Auto-

Regressive Transformer [8]. It is a denoising autoencoder
that is trained by corrupting text with an arbitrary nois-
ing function and learning to reconstruct the original text.
Our study used the publicly available BART-Large model,
fine-tuned to the respective dataset, CNN/DM1）

Llama-3 Llama-3 [9] is a family of LLMs developed
by Meta. It is a decoder-only transformer that is pre-trained
on a massive and diverse dataset. We used the publicly
available Llama-3-8B-Instruct model2）. The prompt
used is in Appendix D

B Evaluation Metrics
We divide the evaluation metrics into two groups, Qual-

ity and Factuality as shown in Table 1. Below are the
explanation for each metric.

ROUGE ROUGE [19] is an n-gram based metric that
is widely used in summarization evaluation. We implement
the ROUGE using HuggingFace evaluate library.

BERTScore BERTScore [20] is a semantic-based
similarity metric. We used the DeBERTa-XLarge-MNLI

model [22], as it is the top-performing model at the time
of this research.3）

MENLI MENLI [14] is a NLI-based metric that mea-
sures a hypothesis, given the premise in three classes: En-
tailment – a hypothesis is true given the premise; Contra-
diction – a hypothesis is false given the premise; Neutral –
the relationship is neither entailment nor contradiction.We
utilize the three scores provided by MENLI: entailment,
contradiction, and summarization. All associated parame-
ters are adopted from the original work.

FENICE FENICE [12] is a two-step factuality metric
comprises claim extraction and NLI alignment. We diverge
from the original paper’s use of ChatGPT in the claim
extraction step and instead use the publicly available T5
distillation model provided by the authors4）.

FIZZ FIZZ [13] is similar to FENICE. However,
it provides more interpretability through comparison at

1） https://huggingface.co/facebook/bart-large-cnn

2） https://huggingface.co/meta-llama/

Meta-Llama-3-8B-Instruct

3） Based on the GitHub https://github.com/Tiiiger/bert_

score, accessed on July 19, 2025.
4） https://huggingface.co/Babelscape/

t5-base-summarization-claim-extractor

Table 3 Average normalized of all metrics for CNN/DM
datasets. The ’no mbr’ and ’mbr only’ settings are denoted by 0
and 1, respectively. Best scores for each reranker are in bold.

𝑤 0 0.25 0.50 0.75 1

FENICE 27.27 56.60 68.84 77.71 63.43
FIZZ 27.27 43.97 58.36 71.15 64.68

atomic fact level. For our FIZZ [13] setup, we use the
Orca-2 model5）as the decomposer and set the granularity
level to 3G.
C Optimal Weight Combination

(𝑤)
Experiment Settings This preliminary study aims

to find the optimal combination weight (𝑤𝑚𝑏𝑟 ) between
the reference-free scores and MBR scores. We explore 2
different reference-free metrics: FENICE [12] and FIZZ
[13]. We generate summaries using validation subset using
settings and metrics from §3. We test a range of weights
for 𝑤𝑚𝑏𝑟 ∈ {0.0, 0.25, 0.5, 0.75, 1.0}, where a weight of
0.0 corresponds to using only the reference-free score and
1.0 corresponds to using only the MBR score.

Results The results of our weight-tuning experiment
are presented in Table 3. The table show. To maintain
a single, consistent setting, we selected the configuration
that performed best across both datasets. We proceed with
𝑤 = 0.75, as it is optimal for CNN/DM and the second-best
for XSum. However, due to its negative contribution, we
exclude SimCLS from our final system comparison.

D LLM Prompt
The prompt used in LLama-3 to generate the summary

is as follows. The src refers to the source document/the
news article from the dataset:� �
{

"role": "system",

"content ": "You are an assistant who

replies with a summary to every

message.",

},

{"role": "user", "content ": f"Summarize

the following text: \n\n {src}"}� �

5） https://huggingface.co/microsoft/Orca-2-7b
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