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Supernotes: Driving Consensus in Crowd-Sourced Fact-Checking
Anonymous Author(s)

ABSTRACT
X’s Community Notes, a crowd-sourced fact-checking system, al-
lows users to annotate potentially misleading posts. Notes rated
as helpful by a diverse set of users are prominently displayed be-
low the original post. While demonstrably effective at reducing
misinformation’s impact when notes are displayed, there is an op-
portunity for notes to appear on many more posts: for 91% of posts
where at least one note is proposed, no notes ultimately achieve
sufficient support from diverse users to be shown on the platform.
This motivates the development of Supernotes: AI-generated notes
that synthesize information from several existing community notes
and are written to foster consensus among a diverse set of users.
Our framework uses an LLM to generate many diverse Supernote
candidates from existing proposed notes. These candidates are then
evaluated by a novel scoring model, trained on millions of historical
Community Notes ratings, selecting candidates that are most likely
to be rated helpful by a diverse set of users. To test our framework,
we ran a human subjects experiment in which we asked partici-
pants to compare the Supernotes generated by our framework to
the best existing community notes for 100 sample posts. We found
that participants rated the Supernotes as significantly more helpful,
and when asked to choose between the two, preferred the Super-
notes 75.2% of the time. Participants also rated the Supernotes more
favorably than the best existing notes on quality, clarity, coverage,
context, and argumentativeness. Finally, in a follow-up experiment,
we asked participants to compare the Supernotes against LLM-
generated summaries and found that the participants rated the
Supernotes significantly more helpful, demonstrating that both the
LLM-based candidate generation and the consensus-driven scoring
play crucial roles in creating notes that effectively build consensus
among diverse users.

ACM Reference Format:
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1 INTRODUCTION
Misinformation has become a pervasive characteristic of discourse
online, leading to widespread negative consequences. Addressing
its spread is a complex challenge that requires a range of miti-
gation strategies. Platforms have experimented with various ap-
proaches including professional fact-checking, domain filtering,
and encouraging attention to accuracy [25, 30, 31]. One approach
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X Account @x_account
BREAKING: In a stunning announcement, President Biden has announced that 
if he’s reelected, he will cancel medical debt for millions of Americans. Let’s go.

POTUS does not have authority to cancel debt, SCOTUS ruled on previous 
attempt to cancel student loans. Biden would not be able to keep this campaign 
promise. https://www.npr.org/2023/06/30/1182216970/supreme-court-student-
loan-forgiveness-decision-biden

He’s not going to do it. 1) He is currently the sitting president, being re-elected 
changes nothing 2) He does not have the power to do this Commonsense.com

Biden's administration plans to ban medical debt from credit reports 
https://abcnews.go.com/Politics/sweeping-change-biden-administration-ban-
medical-debt-credit/story?id=110997906

President Biden does not have the authority to unilaterally cancel medical debt, 
as indicated by the Supreme Court's ruling on student loan forgiveness (https://
www.npr.org/2023/06/30/1182216970/supreme-court-student-loan-forgiveness-
decision-biden). However, his administration is working to ban medical debt from 
credit reports (https://abcnews.go.com/Politics/sweeping-change-biden-
administration-ban-medical-debt-credit/story?id=110997906).

Needs more ratings

Needs more ratings

Needs more ratings

Supernote

Figure 1: An example post, alongwith three community notes
proposed to provide additional context, and the Supernote
produced by our framework.

that has recently attracted considerable attention is crowd-sourced
fact-checking. Multiple academic studies have demonstrated that a
panel of regular users could be as effective at fact-checking misin-
formation as professional fact-checkers [2, 4, 36].

Motivated by these findings, X has developed and launched a
crowd-sourced fact-checking system called Community Notes [42].
The system allows users to create notes that can be attached to
potentially misleading posts and to rate the helpfulness of proposed
notes. It uses a matrix factorization algorithm to score the overall
helpfulness of the notes based on the individual ratings. Notes rated
helpful by many users with diverse views, as measured by their
latent representations, are scored higher. Only notes that cross a
certain helpfulness threshold are considered helpful and attached
to the post. As of October 2, 2024, users have added more than 1.28
million notes on over 738,000 posts, and more than 78.8 million
ratings. X provides continuous public access to the code and data
behind the system.

Both internal pilot experiments and external analyses find that
community notes have a significant impact on users’ engagement
with and perceptions of misinformation [6, 7, 35, 42]. Once a com-
munity note is attached to a post, the post is more likely to be
deleted and less likely to be reposted or liked. Users are also less
inclined to agree with the substance of misleading posts when pre-
sented with a community note [42] and tend to trust community
notes more than warnings by third-party fact-checkers [10].

While the community notes have a significant impact on the
posts to which notes are attached, only 12.5% of all posts for which
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Personalized Helpfulness Model

Aggregation

Supernote 
candidates

Simulated jury Aggregating predicted 
helpfulness ratings

Rank and select 
best candidate

Principle Alignment
Ensuring notes follow core  
principles of effective fact-checking

Score

Candidate ScoringCandidate Generation

Misleading Post @X
A potentially misleading post

Existing Note Needs more ratings

A human-written fact-checking note

Existing Note Needs more ratings

A human-written fact-checking note

…

Existing Note Needs more ratings

A human-written fact-checking note

Supernote

… …

…

1

2

3

4

Figure 2: Overview of our framework for generating Supernotes. (1) We prompt an LLM to generate many candidate Supernotes
using the post text and the existing community notes. (2) We score the helpfulness of each candidate by simulating a jury of
raters, predicting their ratings, and aggregating them using the Community Notes algorithm. (3) We filter out candidates that
do not follow key principles of effective fact-checking. (4) Finally, we rank and select the candidate with the highest score.

a note has been proposed have a note that has reached a helpful
status and thus has been attached to the post. For 91% of the posts
for which a note has been proposed, the note(s) have failed to
gather enough helpful ratings by users with diverse views and are
never attached to the post. Although some of the proposed notes
may be inaccurate, many contain valuable information that offers
important additional context to the post.

We postulate two reasons why otherwise valuable notes fail to
reach helpful status and are never displayed on the platform. First,
individual notes may present biased or one-sided perspectives, fail-
ing to achieve the neutral tone and information necessary for broad
acceptance. This can lead to polarized ratings, with users aligned
with the note’s perspective rating it as helpful, while others find
it unpersuasive or even misleading. For example, in Figure 1, the
second note might be perceived as argumentative or partisan, hin-
dering its adoption by a wider audience. Second, essential context is
often fragmented across multiple notes, each offering a piece of the
puzzle but failing to provide a holistic understanding in isolation.
Figure 1 illustrates this, with separate notes addressing President
Biden’s authority on debt cancellation and the administration’s
proposal on medical debt reporting. These fragmented insights,
while individually valuable, may not achieve sufficient visibility on
their own.

The present work. We propose a framework for generating
Supernotes: notes that synthesize information from several existing
community notes and are written to foster consensus among a
diverse set of users. The key idea behind the framework is to use
LLMs to generate many candidate Supernotes and use a helpfulness
model trained on millions of publicly available Community Notes
ratings to select the candidates that are most likely to be rated
helpful by a diverse set of users (Figure 2).

The framework consists of two components: candidate genera-
tion and candidate scoring (Section 2). The candidate generation
component leverages an LLM to generate many diverse candidate
Supernotes. The candidate scoring component ranks the proposed
candidate by how likely it is to be rated as helpful by a diverse
set of users and whether it follows core principles of effective fact-
checking. To estimatewhether a proposed Supernotewould be rated

helpful broadly, we simulate a jury of randomly sampled raters,
predict their individual ratings, and aggregate them in a single help-
fulness score. We leverage the millions of publicly-available ratings
on existing community notes to train a model that given the post,
note, and rater information predict the rater’s helpfulness rating.
To aggregate the predicted ratings, we use the Community Notes
matrix factorization algorithm [42]. The candidate scoring compo-
nent also ensures that the Supernotes follow core principles for
effective fact-checking (e.g., are unbiased and non-argumentative)
and do not introduce any new links.

To test our framework, we evaluate the performance of the in-
dividual components on historical data (Section 3) and conduct
human subject experiments (Section 4). At the individual rating
level, we show that our personalized helpfulness model accurately
predicts ratings on community notes (AUC = 0.85) that were held
out during training. At the jury level, we show that aggregated pre-
dictions of a jury of raters accurately predicts which note among all
notes on a held out post is most helpful according to the empirical
ratings (P@1 = 0.7). To evaluate the helpfulness of the Supernotes
produced by our framework, we sample 100 posts and recruit partic-
ipants to rate the helpfulness of the Supernotes and the best existing
note on the post, without revealing which one is which. We find
that participants rate the Supernotes as significantly more helpful
than the best existing note and, when asked to choose among the
two, select the Supernote 75.2% of the time. When asked to rate
the note’s quality, clarity, coverage, context, and argumentative-
ness, participants rated the Supernotes significantly more favorably
than the best existing notes across all five dimensions. Finally, to
evaluate the impact of the Candidate Scoring component, we ran a
follow-up experiment in which we asked participants to compare
the Supernotes generated by the full pipeline with an LLM sum-
mary generated by our Candidate Generation component. We find
that the participants rated the Supernotes as more helpful than the
LLM summaries 61.5% of the time, demonstrating the impact of the
Candidate scoring component.

We release the code needed to implement our framework and
replicate our analyses at: https://github.com/supernotes-research/
anonymous_repo/
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2 SUPERNOTE GENERATION: FRAMEWORK
In this section, we present the proposed framework for generating
Supernotes in which we leverage a generative language model
guided by a synthetic jury that is simulated using a personalized
helpfulness model (PHM). At a high level, the framework consists
of two components: (1) candidate generation, which generates many
Supernote candidates, and (2) candidate scoring, which evaluates
every candidate and chooses the best one (Figure 2). In this section,
we describe the key ideas behind the framework, and in Section 3 we
detail our implementation and offline evaluation of the framework.

2.1 Candidate Generation
In the first component of the framework, we prompt an LLM to gen-
erate many Supernote candidates given the post text and random
subsets of existing community notes. The goal of this component is
to generate many diverse candidates that will be later scored by the
scoring model. We feed the information to an LLM via a prompt
that describes (1) the goal of the system, (2) the characteristics of
effective Supernotes, (3) provides the post and existing notes, and
(4) instructs the model to synthesize the notes into a single help-
ful note that adds context to the original post. The definition of
effective notes closely follows the Community Notes note-writing
guidelines that outline the attributes of helpful notes, such as qual-
ity of sources, relevance, ease of understanding and provision of
useful context. In addition to the content of the notes, we provide
auxiliary information for each note to the model, including the
helpfulness ratings (helpful, somewhat helpful, or not helpful) and
the aggregated tags that raters used to describe them. Finally, we
set the hyperparameters of the LLM generation and sampling (e.g.,
temperature and top 𝑘) to increase diversity in the generated can-
didates. The goal is to sample a diverse set of possible candidates
and select the most appropriate one based on the candidate scoring
component.

2.2 Candidate Scoring
The second component of the framework scores the generated
Supernote candidates. It consists of two sub-components: (1) help-
fulness scoring by a jury, in which we simulate the helpfulness
ratings by a synthetic jury of raters, and (2) principle alignment,
in which we ensure that the candidates follow key guidelines for
effective fact-checking.

Simulated Jury: Rating Prediction. To simulate a jury of
raters, we sample individual raters, predict how they would rate
a candidate Supernote, and aggregate these ratings into a single
helpfulness score. We use a personalized helpfulness model (PHM),
which predicts how each rater would respond based on the note
content and the rater’s profile. The PHM, trained on millions of
Community Notes ratings, outputs probabilities for three categories:
“helpful,” “somewhat helpful,” and “not helpful.” Instead of choosing
the most likely category (greedy sampling), we apply probabilistic
sampling, selecting a rating based on the predicted probabilities.
Greedy sampling introduces bias by over-selecting the “helpful”
category, inflating the aggregated helpfulness score and reducing
correlation with actual Community Notes ratings. Probabilistic
sampling, in contrast, maintains the relative uncertainty of the
predictions, yielding a more unbiased and accurate estimate of the

true distribution of ratings (Appendix A.1). This is possible because
our model’s probabilities are well-calibrated (Appendix A.2).

Simulated Jury: Jury Sampling and Rating Aggregation.
For each Supernote candidate, we sample a random set of raters
to be included in the jury. We sample uniformly at random from
all raters in the Community Notes data. Other sampling strategies
could also be appropriate, e.g., sampling raters that are more likely
to rate the given note or sampling a more politically polarized jury
to evaluate notes on exceptionally sensitive posts on political issues.
Next, we predict the rating of each member of the jury using the
model described above and aggregate their ratings.

There are many possible aggregation functions, ranging from
simple majority voting to more sophisticated social welfare func-
tions that map individual utilities to collective welfare [3, 20, 27].
However, given our goal of improving the Community Notes plat-
form, we follow the Community Notes aggregation function [42].
The Community Notes algorithm factorizes the note-rating matrix
and uses the calculated note intercepts tomeasure the helpfulness of
notes [42]. Due to the mechanics of the matrix factorization, notes
rated helpful by raters who typically disagree have higher note
intercepts. To obtain the note intercepts (i.e., the note scores) for
the candidate Supernotes, we project the predicted ratings by jury
members onto the latent space inferred by the matrix factorization
using least squares. We provide more details about this aggregation
step in Appendix B.1.

Principle Alignment. In addition to ensuring that the Super-
notes are likely to be rated as helpful by a diverse set of users, we
also ensure that the Supernotes align with first-order principles
of effective fact-checking. We enforce two key principles: (1) the
Supernotes should be written in a neutral and unbiased language,
and (2) the Supernotes should not express speculations and opin-
ions. We test whether candidate Supernotes follow these principles
by prompting an LLM with the definition of the principle and the
content of the Supernote (Appendix B.3). We also test for two other,
rule-based, criteria: (a) we ensure that the Supernotes do not in-
troduce any new links that are not already present in the existing
notes and that the links included are valid; and (b) we ensure that
the Supernotes (excluding links) are not longer than 280 characters,
the maximum length allowed by Community Notes. If a candidate
Supernote does not satisfy any of the above criteria, it is excluded
from the pool of candidate Supernotes rated by the simulated jury.

3 SUPERNOTE GENERATION:
IMPLEMENTATION

In the previous section, we described the key ideas behind the
Supernote generation framework; next, we present our particular
implementation choices and offline evaluation of the key compo-
nents of the framework.

3.1 Candidate generation
To generate Supernote candidates given the post and the exist-
ing community notes, we used OpenAI’s GPT-4o-mini model. For
each post, we generate 100 Supernote candidates. To promote di-
versity in the generated candidates, we prompt the LLM with dif-
ferent permutations of subsets of eligible existing notes and set
the temperature = 0.95, 𝑡𝑜𝑝_𝑝 = 0.8. We only consider notes that
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(1) argue that the post is misleading, and (2) have a “Needs More
Ratings” status, i.e., they do not have enough “helpful” ratings to
be deemed “Currently Rated Helpful” and do not have enough “not
helpful” ratings to be considered “Currently Rated Not Helpful.”
More details on the specific note-selection criteria in our evalua-
tion setup is described in Section 4.1. To decide between different
prompt templates, we (1) sampled a random set of posts, (2) applied
our simulated jury and principle alignment framework to choose
the best candidate, and (3) examined the distribution of Supernote
helpfulness scores and the frequency of principle misalignment. We
then chose the prompt template with the highest average Supernote
helpfulness score and lowest principle misalignment frequency. We
iterated on the prompt while observing the outputs and found that
the following aspects of the prompt are most important: (1) precise
description of the Community Notes system, (2) explicit instruc-
tions that the Supernotes should be compelling to a diverse set of
raters, (3) definition of the effective fact-checking principles, and
(4) inclusion of the tags attached by raters describing the existing
notes (Appendix B.3). We note that the choice of the prompt may
depend on the particular language model used. For instance, we
found that GPT-4o-mini followed the prompt instructions more
closely than GPT-3.5, as previously observed [1, 34].

3.2 Candidate Scoring
Simulated Jury: Rating Prediction. Next, we train models that,
given the post, note, and rater information, predict how a rater
would rate the note. To represent the note and the post, we use Ope-
nAI’s text-embedding-3-small model to obtain a 512-dimensional
embedding of each text string, respectively. To represent the rater,
we use a 2-dimensional embedding consisting of the rater factor and
intercept computed by running the Community Notes production
algorithm on historical rating data. The rater intercept measures
the propensity of the rater to rate notes as helpful, and the rater
factor represents the rater’s viewpoint [42]. The models, which take
in a 1026-dimensional vector as input, are trained as classifiers with
three outputs corresponding to the possible helpfulness ratings on
Community Notes: “helpful”, “somewhat helpful”, and “not helpful”.

Ratings Data. To train the models, we use 2.1 million publicly
available Community Notes ratings. We exclude ratings collected
during the pilot stage of the system (before 2023) and focus on notes
in English (as detected by langdetect). We sort the data chronologi-
cally and split it into train (80%), validation (10%), and test (10%) sets.
We remove notes with ratings that span more than one interval
from later intervals to ensure that there are no spillovers of training
or validation data on the test set. To compute the rater embeddings
fed into the prediction models, we use the ratings available up to the
end of the relevant time period to prevent any indirect information
leakage via rater embeddings from the future.

Model Evaluation.We test a variety of models: logistic regression,
ridge regression, random forest, and a neural network. For reference,
we also include a dummy classifier that always predicts the most
frequent class. We find that the neural network significantly out-
performs the other models across various metrics (precision, recall,
F1, and AUC) and achieves an AUC of 0.85 (Figure 3). The neural
network had ten progressively smaller layers and was trained using
a cross-entropy loss with the Adam optimizer and a learning rate

0.50

0.72

0.71

0.78

0.85

Majority Class

Ridge Regression

Logisic Regression

Random Forest

Neural Network

0 0.2 0.4 0.6 0.8
AUC

A
0.70

0.76

0.73

0.49>3 notes

3 notes

2 notes

Overall

0 0.2 0.4 0.6
Precision @ 1

B

Figure 3: (A) Out-of-sample performance of the classification
models predicting whether a rater would rate a note as “help-
ful”, “somewhat helpful”, or “not helpful” given the post,
note, and rater embeddings. (B) Precision of our simulated
jury—which aggregates the individual predicted helpfulness
ratings—in predicting the most helpful note according to the
empirical Community Notes ratings on off-sample historical
posts. The dashed vertical lines represent the theoretical base-
line of random guessing. The error bars represent 95% CIs.

of 10−5. We ran training for 20 epochs with mini-batches of size 32.
We selected the hyperparameters by tuning one parameter at a time
until we did not observe any improvements on the validation set.

As we describe in Section 2.2, to reflect the relative difference
between the predicted probabilities in the aggregate scores for each
note, it is critical that the model makes predictions by sampling
proportionally to the predicted probabilities for each class instead
of predicting the most likely class. Empirically, we find that this
modification significantly reduces the mean absolute error between
the predicted note helpfulness scores based on our simulated juries
and the ground-truth scores computed using the Community Notes
algorithm with the observed ratings (Appendix A.1).

Simulated Jury: Jury Sampling and Rating Aggregation.
Next, we determine the helpfulness of the note by aggregating the
rating predictions of individual jurors using the Community Notes
matrix factorization algorithm (Appendix B.1). While we demon-
strated that the individual rater predictions tend to be accurate, it
might be that their errors accumulate when aggregated and lead
to less accurate predictions of note helpfulness. In a production
setting our framework would need to identify whether the Super-
note is more helpful than the existing notes, and if so, display it on
the platform. To match this task, we test whether the aggregated
predictions can accurately identify the most helpful note among
the proposed notes on the post according to the observed Commu-
nity Notes ratings. We predict the scores for a random sample of
2,000 notes from the test set by aggregating the predicted ratings
of individual jurors. Then, we measure the precision with which
the highest scoring note (as determined by aggregating predicted
helpfulness ratings from our simulated jury) matches the note with
the highest Community Notes score (as computed by the Commu-
nity Notes scoring algorithm using all observed ratings). We find
that our predictions have a Precision@1 of 0.7 across all posts, 1.94
times higher than guessing at random (Figure 3B). As expected,
the precision of our predictions is largest when there are only two
proposed notes on the post (P@1 = 0.76) and lower when there are
three (P@1 = 0.73) or more notes (P@1 = 0.49).

Principle Alignment. Among all the principles tested for align-
ment, link invalidity had the highest rejection rate at 8%. These

4



465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

Supernotes: Driving Consensus in Crowd-Sourced Fact-Checking WebConf ’25, April 28–May 02, 2025, Sydney, AUS

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567

568

569

570

571

572

573

574

575

576

577

578

579

580

invalid links typically include a truncated portion of a valid link
or, on rare occasions, are entirely hallucinated by the LLM. We
note that using GPT-4o-mini for candidate generation significantly
reduces the prevalence of invalid links compared to GPT-3.5 Turbo,
which yields a rejection rate of 22%. The rejection rates for argu-
mentativeness and lack of clarity were small, less than 2%, likely
because we include these principles in the prompt.

4 HUMAN EVALUATION
Following the promising results of the offline evaluation of our
framework, we ran a human subjects experiment to evaluate the
helpfulness of the generated Supernotes against the best existing
community notes. In this section, we describe the results of our
main experiment and follow-up ablation study, evaluating the im-
portance of our personalised helpfulness model. The experiments
were approved by our institution’s IRB.

4.1 Experimental Setup
The goal of this experiment is to compare the helpfulness of Super-
notes with the helpfulness of the best existing notes on Community
Notes and test whether Supernotes adhere more strongly to the
principles of effective fact-checking defined by the platform.

Survey Structure. In the main part of the experiment, partici-
pants were asked to evaluate the Supernotes and the best existing
notes on 12 posts from X. We presented one post at a time in a
random sequence, with the two notes also displayed in random
order. The participants were unaware of which note was the Su-
pernote and which was the best existing note. For each note, the
participants were asked to:

(1) Rate the helpfulness of the notes on a three-point scale:
“not helpful”, “somewhat helpful”, or “helpful”, following
the labels available on Community Notes platform;

(2) Rate their agreement with five statements related to key
principles of effective fact-checking (e.g., whether the note
is written in a clear language) on a five-point Likert scale;
the statements were inspired by the Community Notes tags
(Appendix B.2) and aim to provide further context to the
participants’ ratings;

(3) Choose which one of the two notes is more helpful.

To guide participants and maintain consistency, we began the exper-
iment with a brief overview of the key characteristics of effective
notes, inspired by the Community Notes writing tips. To discourage
participants from copying text and using generative AI tools when
responding, we showed the screenshots of the posts. The notes
were displayed in plain text and the participants could follow the
links included.

In the final section of the survey, the participants were shown
ten additional posts along with a single existing community note
for each post. These notes were selected to have large note factors
in the Community Notes matrix factorization, indicating that they
have received significantly different helpfulness ratings from users
who usually have opposing views. We also restricted this sample
to English posts related to US politics. The participants were only
asked to rate the notes’ helpfulness (“not helpful”, “somewhat help-
ful”, and “helpful”). We utilized these ratings to anchor participants’

factors within the Community Notes matrix factorization and calcu-
late the Community Notes helpfulness scores for both Supernotes
and the best existing community notes, based on their responses.

Post and Note Selection. Each participant was shown a ran-
dom sample of 12 posts from a pool of 100 posts selected for the
experiment. We designed the post selection process to mimic the
setup in which our framework would be deployed. For each post,
we set a time cutoff of one hour after the third note had been posted.
We then apply the Community Notes algorithm to calculate the
helpfulness score for each note based on the empirical ratings up to
the cutoff and select the highest-scoring note (i.e., best existing note)
for comparison with the Supernote. We also use the posts’ notes
and their ratings up to the cutoff to attempt to generate a Supernote.
We consider only notes that argue that the post is misleading and
the Community Notes algorithm classifies as “Needs More Ratings”,
i.e., have not received enough positive/negative ratings to be scored
as helpful/unhelpful. If one of the notes reaches a helpful status,
we do not consider that post as the Community Notes users have
already converged on a helpful note and a Supernote will not add
any value. To select the posts, we also require that the Supernote
is scored higher than the best existing notes and above 0.4 (the
threshold in the Community Notes algorithm) according to our
scoring model. We considered only posts created up to a month
before the experiment. To avoid any language, length, and media
effects, we further restricted the pool to English posts shorter than
280 characters that did not contain videos, but may contain images
(59%) or external links (10%).

Participants.We used CloudResearch Connect to recruit par-
ticipants. The sampling frame was restricted to English-speaking
adults living in the US. We used quotas to ensure an equal split
between self-reported left and right-leaning participants. The partic-
ipants were compensated at the rate of $15/hour. All user data was
anonymized and stored securely, following IRB-approved guide-
lines. In total, we collected 1,008 ratings contributed by 42 par-
ticipants. The median time for completing the survey was 25.5
minutes.

4.2 Results
Next, we analyze the participants’ responses to investigate whether
the proposed Supernotes are indeedmore helpful than the best exist-
ing notes on the platform.We consider four aspects: (1) participants’
helpfulness ratings, (2) the rate at which participants found the
Supernotes more helpful when required to choose between them
and the best existing note (win rates), (3) the helpfulness scores
calculated using the Community Notes algorithm, and (4) partici-
pants’ evaluations of how well the notes adhere to core principles
of effective fact-checking.

Helpfulness Ratings.We find that when asked to rate the notes
as “not helpful”, “somewhat helpful”, and “helpful” participants
rated the Supernotes as significantly more helpful than the best
existing notes (Figure 4A; Wilcoxon signed-rank test, 𝑝 < 0.001).
We also compared the helpfulness of the Supernotes with the best
existing notes when mapping the helpfulness ratings to the nu-
merical values used in the Community Notes algorithm (“not help-
ful”: 0, "somewhat helpful": 0.5, and "helpful": 1) [42]. We find that,
on average, the Supernotes were rated significantly more helpful
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Figure 4: Helpfulness ratings. Comparison between the par-
ticipants’ helpfulness ratings of Supernotes and best existing
notes on three-point scale (A) andmapping of the helpfulness
ratings to numerical values used in the Community Notes
algorithm (B). The Supernotes are rated as significantly more
helpful than the best existing notes in both analyses. The
error bars represent 95% CIs.

than the best existing notes (Figure 4B; 𝜇Supernote = 0.76, 95% CI:
[0.722, 0.788]; 𝜇best-existing = 0.58, 95% CI: [0.544, 0.622]; paired t-
test, 𝑝 < 0.001). Finally, we run a linear mixed-effects regression to
account for the fact that each participant rated notes on multiple
posts and each post’s notes were rated by multiple participants.
We regress the numeric helpfulness score on a binary indicator for
whether the note was a Supernote and participant and post random
intercepts. We find that the coefficient of the Supernotes indicator
variable is 𝛽is-Supernote = 0.17 (𝑝 < 0.001), i.e., the helpfulness rat-
ings of the Supernotes are 0.17 higher than that of the best existing
notes (𝛽0 = 0.58), providing further evidence that the Supernotes
are rated as significantly more helpful.

Helpfulness Win Rates. While the Supernotes are rated as
more helpful overall, the three-point helpfulness scale (“not helpful”,
“somewhat helpful”, “helpful”) may not have been granular enough
for the participants to indicate which one of the two notes is more
helpful. To examine this possibility, we also asked participants
to choose which one of the two notes they found more helpful
(blinded to which one was the Supernote and which one was the
best existing note). We find that participants selected the Supernote
as more helpful than the best existing note in 75.2% of the cases
(95% CI: [0.71, 0.79]; Figure 5). Focusing only on instances where
both notes were rated as “helpful,” the Supernote was chosen as the
more helpful 68.9% of the time (95% CI: [0.61, 0.76]). We find similar
results when we fit a linear mixed-effects regression modeling the
nested structure in the data. We regress an indicator variable for
whether the Supernote is selected as more helpful than the best
existing note on a global intercept with participant and post random
intercepts. The coefficient of the global intercept is 𝛽0 = 0.75 (𝑝 <

0.001), confirming that the Supernotes are preferred more often
than the best existing notes.

CommunityNotesHelpfulness Scores. So far, we have demon-
strated that the Supernotes were rated and chosen as more helpful
than the best existing notes. However, the Community Notes algo-
rithm scores notes based on how helpful they are rated by users
who usually disagree. Next, we compare the helpfulness scores of
the Supernotes and the best existing notes as calculated using the
Community Notes algorithm. We compute the Community Notes

Both rated helpful

Overall

0% 50% 
(Tie)

100%

%(supernote rated more helpful than best existing note)

Figure 5: Helpfulness win rates. The rate at which partici-
pants selected the Supernote as more helpful than the best
existing community note. Overall, the Supernotes were se-
lected as more helpful 75.2% of the time and 68.9% of the time
when both notes were also rated as “helpful”. The error bars
represent 95% CIs.

Best existing note

Supernote

0.0 0.1 0.2 0.3
Community Notes Helpfulness Score

Figure 6: Community Notes Helpfulness Scores. Comparison
between the helpfulness scores for the Supernotes and the
best existing notes computed using the Community Notes
algorithm. The Supernotes are scored significantly higher
than the best existing notes. The error bars represent 95% CIs.

scores as follows: (i) we run the Community Notes algorithm on all
public ratings and save the model parameters; (ii) we concatenate
the ratings collected in our experiment on existing notes to the
public ratings and re-run the Community Notes algorithm, keeping
the previously computed model parameters fixed, and learning the
factors and intercepts of the participants in the experiment; (iii)
using the ratings collected in our experiment on new (super)notes,
and rater parameters fixed, we learn the note parameters of the
new notes. The intercepts of the new notes correspond to their
helpfulness scores. We point out that the experimental data also
includes the participants’ ratings on the ten polarizing notes, rated
by all participants and selected to be the most informative of the
participants’ factors. We find that the Supernotes have significantly
higher helpfulness scores than the best existing notes (Figure 6;
𝜇Supernote = 0.32, 95% CI: [0.31, 0.33]; 𝜇best-existing = 0.24, 95% CI:
[0.23, 0.25]; paired t-test, 𝑝 < 0.001).

Note Characteristics. Finally, we investigate why the partici-
pants find the Supernotes more helpful than the best existing notes.
In addition to asking participants to rate the helpfulness of the notes,
we also asked them to rate their agreement with five statements
about the notes related to their source quality, clarity, coverage,
context, and argumentativeness (Figure 7). The statements were
inspired by the Community Notes tags that users can specify when
they rate notes on the platform (Appendix B.2). We find that the
participants rated the Supernotes more positively than the best ex-
isting notes across all five aspects (Wilcoxon signed-rank tests, all
𝑝 < 0.001). We observe the most significant differences in the par-
ticipants’ ratings on whether the notes provide important context
and include high-quality sources. These findings indicate that the
Supernotes effectively synthesize information from multiple notes,
providing more holistic context, including more sources, and pre-
senting the information in clear, unbiased, and non-argumentative
language.

6



697

698

699

700

701

702

703

704

705

706

707

708

709

710

711

712

713

714

715

716

717

718

719

720

721

722

723

724

725

726

727

728

729

730

731

732

733

734

735

736

737

738

739

740

741

742

743

744

745

746

747

748

749

750

751

752

753

754

Supernotes: Driving Consensus in Crowd-Sourced Fact-Checking WebConf ’25, April 28–May 02, 2025, Sydney, AUS

755

756

757

758

759

760

761

762

763

764

765

766

767

768

769

770

771

772

773

774

775

776

777

778

779

780

781

782

783

784

785

786

787

788

789

790

791

792

793

794

795

796

797

798

799

800

801

802

803

804

805

806

807

808

809

810

811

812

Note is NOT argumentative, speculative or biased

Note provides important context

Note addresses all key claims in the post

Note is written in clear language

Sources on note are high−quality and relevant

100 50 0 50 100

Best existing note

Supernote

Best existing note

Supernote

Best existing note

Supernote

Best existing note

Supernote

Best existing note

Supernote

% of responses
Strongly disagree Disagree Neutral Agree Strongly agree

Figure 7: Note Characteristics. Participants’ evaluations of
how well the notes adhere to five key principles of effective
fact-checking. Supernotes were rated significantly higher
than the best existing notes across all five dimensions.

Summary of the Results.We find that the participants rated
the Supernotes as more helpful than the best existing notes (Fig-
ure 4) and consistently chose the Supernotes as the more helpful
when asked to select between the two (Figure 5). The Supernotes
were also scored higher than the best existing notes by the Com-
munity Notes algorithm, suggesting that they are also rated helpful
by participants who typically disagree (Figure 6). Lastly, partici-
pants rated the Supernotes more favorably across multiple aspects,
including source quality, clarity, coverage, context, and argumenta-
tiveness (Figure 7).

4.3 Ablation Study: Impact of the Candidate
Scoring Component

The results of the experiment presented above demonstrate that
the Supernotes produced by our framework are significantly more
helpful than the best existing community notes. In this section, we
show that the Candidate Scoring component, which simulates a
jury of raters to score and rank the candidate Supernotes, is crucial
to the performance of our framework.

Setup. To evaluate the impact of the Candidate Scoring com-
ponent, we conducted a follow-up experiment in which we asked
participants to choose whether the Supernotes are more helpful
than a randomly selected summary produced by the Candidate
Generation component. As a reminder, the Candidate Generation
component generates many candidate summaries using subsets
of permutations of existing eligible notes. We randomly selected
40 posts and recruited 20 participants, evenly split between left-
leaning and right-leaning individuals, as in the previous experiment.
Each participant rated 20 posts and each post received 10 ratings.
The Supernote and random summary were shown in random order,
and participants were not informed which one was which.

Results.We find that the participants rated the Supernotes as
more helpful than the randomly selected summaries 61.5% of the
time (95% CIs: [0.57, 0.66], Figure 8). We observe similar results
when we fit a mixed-effects model regressing an indicator variable
for whether the Supernote was selected as more helpful on global

Different Set

Same Set

Overall

0% 25% 50% 
 (Tie)

75%

%(supernote rated more helpful than an LLM summary)

Figure 8: Effectiveness of the Candidate Scoring component.
Participants found the Supernotes to be more helpful than
randomly selected candidate summaries in 61.5% of cases.
The Supernotes were rated more helpful both when the Su-
pernote and the random summary were derived from the
same or a different set of existing notes. This demonstrates
that the Candidate Scoring component performs well in both
selecting the most relevant existing notes and synthesizing
their information in a helpful manner.

intercept with participant and post random intercepts (𝛽0 = 0.63,
𝑝 < 0.001). These results demonstrate that the Candidate Scoring
component has a significant impact on the quality of the Supernotes
produced by our framework.

To further investigate the impact of the Candidate Scoring com-
ponent, we break down the posts by whether the Supernote and the
random summary consider the same or a different set of existing
notes (Figure 8). We find that participants chose the Supernotes
as more helpful 59.1% (95% CIs: [0.5, 0.68]) of the time when both
the random summary and the Supernotes were based on the same
set of notes. This suggests that the Candidate Scoring component
effectively identifies Supernotes that convey the same information
in a more helpful manner. Similarly, the participants find the Super-
notes more helpful 62.4% (95% CIs: [0.57, 0.68]) of the time when the
Supernotes and the random summary are based on a different set
of notes, providing evidence that the Candidate Scoring component
is effective in both selecting the most appropriate existing notes
and synthesizing their information in a helpful way.

5 FURTHER RELATEDWORK
We build upon a rich body of previous research focusing on scaling
fact-checking and aggregating diverse perspectives using LLMs. In
this section, we highlight the studies most closely related to our
work.

5.1 Scaling Up Fact-Checking
Traditional fact-checking by human experts and organizations [16,
37] are difficult to scale up [31] and suffer from declining levels of
trust from polarized social media users [13, 39]. This has prompted
a lot of research on crowd-sourced [21] and automated [34] fact-
checking asmore scalable alternatives. Crowd-sourced fact-checking
outcomes are often found to align with expert judgements [2, 36],
be resilient against motivated reasoning [11], and reach more po-
larized online communities [26]. Although most deployments of
such systems still incorporate some expert oversight [14, 29], Com-
munity Notes is a notable example of a fully crowd-sourced fact-
checking system successfully implemented on a large social net-
work [6, 9, 10, 32].
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Multiple recent studies have examined how LLMs can support
or even replace critical steps in the fact-checking process [18, 34],
including identifying misleading claims [33], verifying informa-
tion [23, 41], and generating explanations [17, 22, 43, 44]. Other
research has proposed fully automating the fact-checking process
by leveraging generative models’ ability to handle multimodal data
and query external sources [45]. Most of these systems aim to cor-
rect factually inaccurate social media posts. Our approach differs
in two key ways. First, rather than querying external data sources,
we ingest the proposed notes and early ratings from Community
Notes contributors. While slower, this approach is less prone than
AI-only approaches to unintentionally introduce errors that may
quickly erode the users’ trust in the system [8]. Second, we focus
on generating notes that are predicted to drive consensus among
users. This is important not only for ensuring that Supernotes are
rated as helpful by a diverse set of users but also for maximizing
their effectiveness once they are displayed on the platform.

5.2 Aggregating Diverse Perspectives with LLMs
While most work on LLMs has focused on improving one-on-one
interactions, there is growing interest in their ability to enhance
collective intelligence and democratic processes [24, 40]. LLMs can
support various aspects of group decision-making, such as increas-
ing accessibility through translation, facilitating brainstorming,
mediating deliberations, and aggregating diverse perspectives [5].

Our work builds on efforts that focus specifically on aggregating
perspectives [3, 12, 19, 38]. Two key papers provide the foundation
for this work. First, Bakker et al. [3] used LLMs to map opinions
into consensus statements by combining a generative model with a
personalized preference model in a single framework. While their
model estimates personalized agreement with political statements
based on written individual opinions, our personalised helpfulness
model conditions on the raters’ factors and intercepts to predict
personalized helpfulness for fact-checking notes. Additionally, we
differ in our aggregation method: Bakker et al. use a simpler so-
cial welfare framework, whereas we adopt the Community Notes
aggregation method to compute helpfulness scores.

Second, we draw inspiration from Fish et al. [12], who also com-
bine LLMs with social choice but generate multiple summary state-
ments rather than a single consensus statement. Unlike Fish et al.,
who rely entirely on prompted off-the-shelf models for both genera-
tive and reward tasks, we use a similar approach for the generative
model but leverage millions of historical Community Notes ratings
to train a custom personalized helpfulness model that incorporates
the raters’ factors and intercepts for more accurate predictions.

6 DISCUSSION AND CONCLUSION
In this study, we proposed a framework for creating Supernotes,
constrained summaries of community notes designed to drive con-
sensus among diverse users and adhere to principles of effective
fact-checking. In a human subjects experiment, we demonstrated
that the Supernotes produced by our framework were rated as
more helpful than the best existing community notes. Aggregating
the participants’ ratings of each post, we also found that the Su-
pernotes were scored higher by the Community Notes algorithm.
Qualitatively, we found that the Supernotes are perceived to have

higher quality sources, be more comprehensive in coverage of key
points, and be less argumentative than the best existing notes. Fi-
nally, in a follow-up experiment, we asked participants to compare
the Supernotes against LLM-generated summaries. We found that
the participants rated the Supernotes as significantly more help-
ful, demonstrating that our candidate scoring model is effective in
selecting notes that drive consensus among diverse users.

Limitations. Our work is not without limitations. First, we
ran our human subject experiments using surveys outside of the
platform. Although we made considerable efforts to replicate the
Community Notes user experience—using identical prompts and
options to gather helpfulness ratings—it is possible that the partic-
ipants might have behaved differently if they had performed the
same task directly on the platform. Second, while on Community
Notes users can choose which notes to rate, we required our partic-
ipants to rate specific notes and compensated them for their time.
To partially mitigate this limitation, we made a deliberate effort to
recruit a diverse group of social media users for the study. Third,
our framework relies on existing notes and ratings and, as a result,
Supernotes will inherently be generated later than the initial notes.
However, our framework can be implemented such that Supernote
candidates are regenerated when new information is available and
a Supernote is posted as soon as the best candidate exceeds a cer-
tain helpfulness threshold. Finally, many misleading posts include
images and videos which our current framework does not consider
when generating and scoring Supernotes. Despite this limitation,
the Supernotes were rated as significantly more helpful than the
best existing community notes in our human subjects experiment.

Future Work. One exciting direction for future research is to
expand our framework to incorporate external sources when gener-
ating Supernotes. For instance, the content of the web pages linked
in the existing notes could be utilized when generating and scoring
Supernote candidates. The principle alignment component could
also be enhanced to verify that the linked sources indeed support
the expressed claims. Beyond the links in the existing notes, the
framework could automatically search for other reliable sources
that offer different perspectives and further context. The main chal-
lenge of such extensions is ensuring that these external sources do
not introduce any inaccuracies that could undermine users’ trust
in the system. Finally, it is important to carefully consider certain
factors before deploying our framework. For example, Community
Notes users earn “writing impact” when their notes are rated as
helpful and displayed on the platform. An appropriate credit alloca-
tion system must be designed to fairly distribute the writing impact
to users who contributed the notes included in the Supernote. This
credit allocation can serve as a reminder that the system is intended
to enhance, rather than replace, human contributions.

7 ETHICAL USE OF DATA
In this study, we conducted human-subjects experiments to evaluate
the helpfulness of the Supernotes generated by our framework.
Our protocol was reviewed by our institution’s IRB and received
an “exempt” determination. To train our personalized helpfulness
models, we used publicly-available Community Notes data. This
data is anonymized by design and cannot be linked to corresponding
X users who contributed the notes and ratings.
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A PERSONALIZED HELPFULNESS MODEL
(PHM)

A.1 Sampling technique in the PHM
We train the Personalized Helpfulness Model (PHM) as a 10-layer
neural network on publicly available data from Community Notes.
At the last layer of the neural network, we use probabilistic sam-
pling (as opposed to the more commonly used greedy sampling).
Greedy sampling results in an over-representation of “helpful” rat-
ings removing the uncertainty expressed through rawmodel output
probabilities. When aggregated using the Community Notes algo-
rithm, a vector of all “helpful” ratings correspond to a score of
around 0.6 (Figure 9). Probabilistic sampling solves this issue and
also results in a lower absolute error when compared with observed
note intercept scores from Community Notes (Figure 9).
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Figure 9: Impact of sampling strategies on the PHM. (A) Us-
ing greedy (argmax) sampling, the PHM predictions and note
intercept scores are positively correlated but may sometimes
inflate the aggregated score, resulting in an artificial ceiling
at 𝑦 = 0.6 and a higher error (𝑀𝐴𝐸 = 0.16). (B) Using proba-
bilistic sampling (weighed by output probabilities) resolves
the inflation of scores and results in a stronger positive cor-
relation with observed note intercepts, resulting in lower
absolute error (𝑀𝐴𝐸 = 0.09). The red dashed line represents
perfect predictions.

A.2 Output probabilities of the PHM
Probabilistic sampling (as described in A.1) relies more strongly
on the actual values of raw logits from the model output, than
greedy sampling, which selects the output label corresponding to
the highest probability. To ensure that the probabilities predicted by
the PHM are well calibrated, we plot a reliability curve [28] (Figure
10) and confirm that the probabilities aren’t skewed for either of
the 3 classes.

B RESEARCH METHODS
B.1 Matrix Factorization
We use the PHM to predict the scores the candidate Supernote
would receive from each of the jury members. These scores are then
aggregated to get a single score for each candidate. While a simple
approach to aggregation could use the mean of these scores [15], we
choose to adopt the aggregation function used in the Community
Notes algorithm. This not only reduces false positives (as aggregated
scores using this approach are typically lower than mean scores)
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Figure 10: Reliability Curve of the PHM. Red line represents
perfect calibration. We observe that the reliability curve is
close to the diagonal implying that there is no systematic
under-confidence or over-confidence in the PHM.

but also allows us to use existing thresholds (i.e., scores above 0.4
are considered helpful) to interpret expected helpfulness of these
notes for Community Notes users. Below, we describe exactly how
we compute this aggregation score.

User ratings in Community Notes are modeled as a combination
of a global baseline (global intercept 𝜇) the user’s unique rating ten-
dency (user factor 𝑓𝑢 and intercept 𝑖𝑢 ), and the note’s quality (note
factor 𝑓𝑛 and intercept 𝑖𝑛). The primary component that explains
much of the variation in ratings is the dot-product between the user
and the note factors (𝑓𝑢 · 𝑓𝑛), which captures how a user perceives
a note’s quality. The note intercept is interpreted as the note’s help-
fulness, representing the residual quality after accounting for the
user’s rating tendencies and the global baseline [42].

Using this model, we aggregate the PHM-predicted ratings of
each note by solving for the note factor and intercept that best
explain the ratings, considering the user features (𝑓𝑢 , 𝑖𝑢 ) of all jury
members who rated the note. Since we typically have more ratings
than unknowns (i.e., the note characteristics), we use a least-squares
approximation to find the note intercept that best fits the PHM
ratings. Finally, the note with the highest intercept is selected as
the Supernote.

B.2 Tag Questionnaire
As a part of the survey described in Section 4.1, users are asked to
rate their agreement on five statements that correspond to the tags
raters may select on Community Notes. These descriptive rating
tags may be grouped into five broad categories: Source Quality,
Clarity, Relevance, Veracity and Bias in Language. Below, we list
the five statements as they appear in the survey along with the tags
from Community Notes they represent:

(1) Source Quality:
S1: The sources on the note are high-quality and relevant
(a) Cites high quality sources
(b) Sources not included or unreliable
(c) Sources do not support note

(2) Clarity:
S2: The note is written in clear, correct language
(a) Easy to understand
(b) Typos or unclear language

(3) Relevance:
S3: The note addresses all key claims in the post
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(a) Directly addresses the post’s claim
(b) Misses key points or irrelevant

(4) Veracity:
S4: The note provides important context
(a) Provides important context
(b) Note not needed on this post
(c) Incorrect information

(5) Bias in Language:
S5: The note is NOT argumentative, speculative or biased
(a) Neutral or unbiased language
(b) Argumentative or biased language
(c) Opinion or speculation

B.3 LLM Prompts
In our implementation of the framework, we leverage two templates
for prompting an LLM. These are (a) to summarise existing notes
into a single Candidate Supernote in a way that follows principles of
effective fact-checking, and (b) to check whether a given Candidate
Supernote adheres to a single principle of good fact-checking. The
prompts as used are presented verbatim below:

(a) X has a crowd-sourced fact-checking program, called
Community Notes. Here, users can write ’notes’ on
potentially misleading content. Each note needs
to be rated by enough number of diversely-opinionated
people (note-raters) for it to be shown publicly
alongside the piece of content.
Your job is to craft a ’supernote’ summarising
main points from existing notes (which I will
provide). This supernote should be able to replace
all existing notes. The goal of the supernote is
to maximise consensus among diversely opinionated
note-raters. It should be in unbiased language,
not argumentative, cite high-quality sources (links)
whenever applicable and should not add/ make-up
new facts. It should also be within 280 characters.
Post: <post text>
Note 1: <note text> (Tags: <tag 1>,<tag 2>, ...)
Note 2: ...

(b) Answer with a 1(Yes) or 0 (No). Is this text
<fact-checking principle>?

All prompts were run on gpt-4o-mini-2024-07-18 with default
parameters unless specified otherwise.
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