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Motivations

Often, disputants fail to reach an 
agreement when, in fact, a compromise 
does exist that could be to the advantage 
of all concerned. 
And the agreements they do make are 
frequently inefficient: they could have 
made others that they all would have 
preferred.Howard Raiffa 1982

p. 358,
“The Art and Science of Negotiation”



Motivations

l Empirical evidence suggests that in practice it is difficult to reach 

consensus in deliberations. 

l It is nontrivial to provide utility function and clarify the 

optimizing direction in practice.

lLLMs’ impressive text generation capability may have potential to 

overcome the problem. 



Motivations

Empirical evidence suggests that in practice it is difficult to reach 

consensus in deliberations. 

l Limited Bandwidth: We cannot process thousands of free-text opinions.

l Anchor Thinking: We often get stuck on “A vs. B”, hard to think the hidden 

“Option C”.

l Inefficiency: Hard to achieve and always leaving value on the table.



Motivations

l Inferring Utility from Language: LLMs can process unstructured natural 

language preference directly.

l Powerful text generation: LLMs can generate solutions jumping out of the 

thinking anchor.

l High efficiency: LLMs almost have no time cost compared with human.

LLMs’ impressive text generation capability may have potential to 

overcome the problem. 
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01 Consensus within crowd

lGenerative Social Choice.

lGenerative Social Choice: The Next Generation. 



Generative Social Choice

[1] Fish S, Gölz P, Parkes D C, et al. Generative Social Choice[C]//EC. 2024.

ACM EC, 2024



Motivations

[1] Fish S, Gölz P, Parkes D C, et al. Generative Social Choice[C]//EC. 2024.

l Voting is a key way in which groups to make common decisions. 

l Its most typical setting is that voters express preferences over a finite set of

candidates and select one as the outcome.

l But in some complex and subtle decisions, should better choices exist outside

the given candidates?



Motivations: An Example

[1] Fish S, Gölz P, Parkes D C, et al. Generative Social Choice[C]//EC. 2024.

Revisited BREXIT, 2016

It’s 2016. Which policy would be the best to address the UK’s deepest problems?
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Motivations: An Example

[1] Fish S, Gölz P, Parkes D C, et al. Generative Social Choice[C]//EC. 2024.

Revisited BREXIT, 2016

It’s 2016. Which policy would be the best to address the UK’s deepest problems?



Generative Social Choice

[1] Fish S, Gölz P, Parkes D C, et al. Generative Social Choice[C]//EC. 2024.

Solution & Goal:
Use LLM to generate alternatives that align with the broader preferences.

Challenges:



Generative Social Choice

[1] Fish S, Gölz P, Parkes D C, et al. Generative Social Choice[C]//EC. 2024.



Preliminary

[1] Fish S, Gölz P, Parkes D C, et al. Generative Social Choice[C]//EC. 2024.

Justified Representation (JR) – Can not guarantee the preference proportion

Balanced Justified Representation (BJR)

If there are 𝑛 voters who need to select 𝑘 representatives (statements), then any group 
of voters of size at least 𝑛/𝑘, which at least one voter in this group must be satisfied 
with at least one of the final selected outcomes. 

We need to map each voter to only one statement, which satisfies if there are 𝑛
voters who need to select 𝑘 statements, then there is no voter subset of size 𝑛/𝑘 whose 
maximum level of satisfaction for their matched statements is 𝛼 and they all have 
satisfaction at least 𝛼′ > 𝛼 for another statement.



Preliminary

[1] Fish S, Gölz P, Parkes D C, et al. Generative Social Choice[C]//EC. 2024.

Justified Representation (JR)
– Can not guarantee the preference proportion

Balanced Justified Representation (BJR)



Method: Operators

[1] Fish S, Gölz P, Parkes D C, et al. Generative Social Choice[C]//EC. 2024.



Method: Operators

[1] Fish S, Gölz P, Parkes D C, et al. Generative Social Choice[C]//EC. 2024.

Discriminative Query: 
Use GPT-4 to predict each voter’s preference with few-shot demonstrations. 

Generative Query: 
(1) Use a variation of clustering method to find statements sharing close opinions. 
(2) Prompt LLMs to generate an opinion representing these statements.



Method: Algorithm

[1] Fish S, Gölz P, Parkes D C, et al. Generative Social Choice[C]//EC. 2024.



Experiment: Building dataset

[1] Fish S, Gölz P, Parkes D C, et al. Generative Social Choice[C]//EC. 2024.

l Write open-ended opinions on the topic. 

l Label their preference with Likert scalar from 1-5 for 6 others opinions. 

They recruit 100 human annotators to build a dataset on the opinions about the

personalization of chatbot.



Experiment: Build discriminative operator

[1] Fish S, Gölz P, Parkes D C, et al. Generative Social Choice[C]//EC. 2024.

Since the dataset has preference label of random 6 opinions for 100 annotators, they use 
5 opinions as few shots, to predict each voter’s preference with GPT-4. 

Confusion matrix of discriminative queries.Distribution of discriminative query predictions.



Experiment: Build generative operator

[1] Fish S, Gölz P, Parkes D C, et al. Generative Social Choice[C]//EC. 2024.

(1) Use a variation of clustering method to find statements sharing close opinions. 
(2) Prompt LLMs to generate an opinion representing these statements.

Clustering Steps:

Feature Extraction1

2

3

They extract 50 key opinion features from user opinions to create a structured basis for comparison.

Vector Embedding
LLM rates each voter's agreement (1-7) with features, mapping qualitative opinions into a quantitative 
50-dimensional vector space.

Hybrid Clustering
They use Balanced K-means to identify cohesive subgroups for generation.



Experiment: Build generative operator

[1] Fish S, Gölz P, Parkes D C, et al. Generative Social Choice[C]//EC. 2024.

Prompt LLMs to generate k opinions representing these clustering statements.



Experiment

[1] Fish S, Gölz P, Parkes D C, et al. Generative Social Choice[C]//EC. 2024.

They generative 5 statements over 100 opinions, and recruit other 100 annotators for 
evaluation. Results show that 93% of annotators agree with at least one of the outcomes.  



Generative Social Choice: Take Away

[1] Fish S, Gölz P, Parkes D C, et al. Generative Social Choice[C]//EC. 2024.

lMethodology: Strict mathematical definition with practical 

approximation to solve a social science problems. 

lMotivations: Utilize LLM’s powerful generation ability to implement 

some theoretically hard conditions.



Generative Social Choice: The Next Generation

[1] Boehmer N, Fish S, Procaccia A D. Generative Social Choice: The Next Generation[C]//ICML 2025.

ICML (Oral), 2025



Motivations: Problems with GSC

[1] Boehmer N, Fish S, Procaccia A D. Generative Social Choice: The Next Generation[C]//ICML 2025.

Costs and budgets1

2

The statement number k is hard to choose, and the unlimited length of the statements can 
be a heavy burden for understanding and implementing these decisions.

Approximate queries

If the generative and discriminative operators in GSC can not be optimal, the theoretical 
guarantee in GSC will fail.

How to generate with cost constraints and noisy operator results?



Compared with original GSC

[1] Boehmer N, Fish S, Procaccia A D. Generative Social Choice: The Next Generation[C]//ICML 2025.



Preliminary

[1] Boehmer N, Fish S, Procaccia A D. Generative Social Choice: The Next Generation[C]//ICML 2025.

(b, d) – cost Balanced Justified Representation ( (b, d)-cBJR )

Let 𝑐:𝒰 → ℕ! be a cost function that maps each statement 𝛼 ∈ 𝒰 to its cost 𝑐 𝛼 , and let 𝐵 be 
the total budget. For 𝑏 ∈ ℕ! and 𝑑 ∈ ℝ"#, a slate 𝑊 satisfies 𝑏, 𝑑 -cBJR if there is a function 
𝜔:𝑁 → 𝑊 matching agents to statements in a balanced way, such that no coalition 𝑆 ⊆ 𝑁, 
statement 𝛼 ∈ 𝒰, and utility threshold 𝜃 ∈ 𝑟 satisfies (i) 𝑆 ≥ 𝑑 ⋅ ⌈𝑐 𝛼 ⋅ 𝑛/𝐵⌉, (ii) 𝑢$ 𝛼 ≥ 𝜃
for all 𝑖 ∈ 𝑆, and (iii) 𝑢$ 𝜔 𝑖 < 𝜃 − 𝑏 for all 𝑖 ∈ 𝑆.

cost Balanced Justified Representation (cBJR)

If we set b = 0 and d = 1, the (b, d)-cBJR will become cBJR. That is, we need to map 
each voter to only one statement, which satisfies if there are 𝑛 voters who need to 
select statements with max 𝐵 tokens, then there is no voter subset of size 𝑆 ≥ ⌈𝑐 𝛼 ⋅
𝑛/𝐵⌉ whose maximum level of satisfaction for their matched statements is 𝛼 and they 
all have satisfaction at least 𝛼′ > 𝛼 for another statement.

Use the proportion × cost instead of n / k from BJR



Method: Goal

[1] Boehmer N, Fish S, Procaccia A D. Generative Social Choice: The Next Generation[C]//ICML 2025.



Method: Operators

[1] Boehmer N, Fish S, Procaccia A D. Generative Social Choice: The Next Generation[C]//ICML 2025.



Method: Operators

[1] Boehmer N, Fish S, Procaccia A D. Generative Social Choice: The Next Generation[C]//ICML 2025.



Method

[1] Boehmer N, Fish S, Procaccia A D. Generative Social Choice: The Next Generation[C]//ICML 2025.



Experiment

[1] Boehmer N, Fish S, Procaccia A D. Generative Social Choice: The Next Generation[C]//ICML 2025.

lPROSE achieves better performance of social welfare while keeps align 

with the opinion proportion. 



02 Consensus within stakeholders

lFine-tuning LLMs to Find Agreement among Humans with Diverse 

Preferences.

lAI can Help Humans Find Common Ground in Democratic 

Deliberation. 

lPoliCon: Evaluating LLMs on Achieving Diverse Political Consensus 

Objectives.



Fine-tuning LLMs to find agreement among humans with diverse preferences

[1] Bakker M, Chadwick M, Sheahan H, et al. Fine-tuning language models to find agreement among humans with diverse preferences[J]. NeurIPS 2022.

NeurIPS, 2022



Motivations

[1] Bakker M, Chadwick M, Sheahan H, et al. Fine-tuning language models to find agreement among humans with diverse preferences[J]. NeurIPS 2022.

l LLMs have achieved remarkable success with methods like RLHF & DPO. 

l However, standard RLHF aligns models to the “average” user or a single 

labeler, ignoring human’s diverse preferences.

l Can we train an LLM to act as a “Social Welfare Maximizer” that finds

consensus text satisfying a diverse group?



Methodology

[1] Bakker M, Chadwick M, Sheahan H, et al. Fine-tuning language models to find agreement among humans with diverse preferences[J]. NeurIPS 2022.

l The key insight is reframing the alignment problem from optimizing for 

individual satisfaction to optimizing for group agreement. 

l It can be implemented by collecting high-quality (question, opinions, 

consensus) data, and use SFT + RLHF for further finetuning.

Brute-force but effective!



Method: Data collection

[1] Bakker M, Chadwick M, Sheahan H, et al. Fine-tuning language models to find agreement among humans with diverse preferences[J]. NeurIPS 2022.

Human-in-the-Loop Pipeline
•Setup: Small groups (3-5 people) debating UK moral issues.



Method: Two-Stage Iterative Training Approach

[1] Bakker M, Chadwick M, Sheahan H, et al. Fine-tuning language models to find agreement among humans with diverse preferences[J]. NeurIPS 2022.

Supervised Fine-Tuning (SFT):
• Base: Chinchilla 70B.
• Data: Fine-tuned on high-quality consensus statements (ratings ≥ 6).
• Role: Generates initial consensus candidates.

Reward Modeling (RM):
• Input: Question + Single User Opinion + Candidate Statement.
• Output: Predicts scalar agreement score for each individual.
• Training: Trained on pairwise preferences via human Likert ratings.

1

2

Use RM and the social welfare function to generate high-
quality data for SFT iteratively.



Method: SWF

[1] Bakker M, Chadwick M, Sheahan H, et al. Fine-tuning language models to find agreement among humans with diverse preferences[J]. NeurIPS 2022.

For each consensus candidate, the RM predicts agreement scores for 
all group members, which are then combined using different 
aggregation strategies:

During training, α (inequality aversion controller) was sampled from a 
log-normal distribution to ensure the model could generalize across 
different welfare functions. Then use a mix-data approach for training.



Experiment Findings

[1] Bakker M, Chadwick M, Sheahan H, et al. Fine-tuning language models to find agreement among humans with diverse preferences[J]. NeurIPS 2022.

l SFT-Utilitarian consistently preferred over baselines on both within-distribution and 

out-of-distribution questions, for both divisive and undivisive topics.



Experiment Findings: Resolving Divisive Conflicts

[1] Bakker M, Chadwick M, Sheahan H, et al. Fine-tuning language models to find agreement among humans with diverse preferences[J]. NeurIPS 2022.

l Depolarization: In 65.6% of divisive rounds, AI candidates were less 

polarizing than original statements.

l Unanimous Support: Achieved “somewhat agree” or better from all

participants in 40.8% of divisive cases.

l Super-Human Performance:

l Best AI candidates preferred 65% of the time over human-written text.

l AI mean quality exceeded human mean quality 78% of the time.



AI can help humans find common ground in democratic deliberation 

[1] Tessler M H, Bakker M A, Jarrett D, et al. AI can help humans find common ground in democratic deliberation[J]. Science, 2024.

Science, 2024



Method

[1] Tessler M H, Bakker M A, Jarrett D, et al. AI can help humans find common ground in democratic deliberation[J]. Science, 2024.



Habermas Machine: Research Questions

[1] Tessler M H, Bakker M A, Jarrett D, et al. AI can help humans find common ground in democratic deliberation[J]. Science, 2024.

RQ1: Does AI-mediated deliberation help people find common ground?

RQ2: Does AI-mediated deliberation leave groups less divided? 

RQ3: Does the Habermas Machine represent all viewpoints equally?

RQ4: Can AI-mediation support deliberation in a citizens’ assembly? 



Experiment Findings

[1] Tessler M H, Bakker M A, Jarrett D, et al. AI can help humans find common ground in democratic deliberation[J]. Science, 2024.

RQ1: Does AI-mediated deliberation help people find common ground?

l Participants preferred AI-generated statements over 

human-written ones.

l AI statements were rated as more: clear, informative, fair, 

and reflect the majority view.



Experiment Findings

[1] Tessler M H, Bakker M A, Jarrett D, et al. AI can help humans find common ground in democratic deliberation[J]. Science, 2024.

RQ2: Does AI-mediated deliberation leave groups less divided? 

l Group agreement on the position statements increased from pre- to post-deliberation when 

interacting with the HM but not when participants viewed each other’s opinions unmediated. 

l The proportion of groups that achieved unanimous agreement increases from pre- to post-

deliberation.



Experiment Findings

[1] Tessler M H, Bakker M A, Jarrett D, et al. AI can help humans find common ground in democratic deliberation[J]. Science, 2024.

RQ3: Does the Habermas Machine represent all viewpoints equally?

l Initial group statements proportionately represent minority opinions, and revised statements 

overweight them relative to the true proportion of minority opinions (dotted line).

l There is no evidence for an association between the tendency for the HM to produce 

majority-leaning group statements and groups moving in the direction of the majority.



Experiment Findings

[1] Tessler M H, Bakker M A, Jarrett D, et al. AI can help humans find common ground in democratic deliberation[J]. Science, 2024.

RQ4: Can AI-mediation support deliberation in a citizens’ assembly?
The team conducted an experiment using a virtual citizens’ assembly, recruiting a demographically 
representative sample of the UK population to participate in the virtual deliberation.

l Revised statements were preferred over the initial statements in the final preference 

judgement, and group statements were positively endorsed and high quality.

l Group agreement index increased from before to after the deliberation.



SFT-U & Habermas Machine: Take Away

[1] Bakker M, Chadwick M, Sheahan H, et al. Fine-tuning language models to find agreement among humans with diverse preferences[J]. NeurIPS 2022.
[2] Tessler M H, Bakker M A, Jarrett D, et al. AI can help humans find common ground in democratic deliberation[J]. Science, 2024.

l AI has the potential to outperform human mediators, enabling fair, high-quality, 

and time-efficient deliberation that scales to large populations.

l AI-mediated discussion reduces polarization, helping diverse groups converge 

toward shared stances and significantly increasing unanimous agreement.

l Alignment is redefined as optimizing collective social welfare functions to 

mathematically arbitrate diverse values and balance minority critiques.



PoliCon: Evaluating LLMs on Achieving Diverse Political Consensus Objectives

ICLR 2026

[1] Zhang Z, Wang X, Yi M, et al. PoliCon: Evaluating LLMs on Achieving Diverse Political Consensus Objectives[J]. ICLR 2026.



Motivations

l Achieving political consensus is crucial yet challenging for the effective

functioning of social governance. 

l However, although frontier AI systems represented by LLMs have developed

rapidly in recent years, their capabilities in this scope are still understudied. 

l We need a comprehensive benchmark to provide a research platform for 

investigating this field.

[1] Zhang Z, Wang X, Yi M, et al. PoliCon: Evaluating LLMs on Achieving Diverse Political Consensus Objectives[J]. ICLR 2026.



Contributions

l We introduce PoliCon, a benchmark constructed from 2,225 high-quality

deliberation records of the European Parliament over 13 years.

l We define the components of finding political consensus and set relevant tasks. 

l We develop an open-ended evaluation framework that can simulate the 

proportion of MEPs who vote in favor in each party.

[1] Zhang Z, Wang X, Yi M, et al. PoliCon: Evaluating LLMs on Achieving Diverse Political Consensus Objectives[J]. ICLR 2026.



Components of Finding Political Consensus

l Political Goals.

l Power Structure.

l Topics.

l Stakeholders.

[1] Zhang Z, Wang X, Yi M, et al. PoliCon: Evaluating LLMs on Achieving Diverse Political Consensus Objectives[J]. ICLR 2026.



Dataset details

TopicsPolitical Goals

Voting Mechanism1

Social Choice Theory2

l Simple Majority (SM).

l Two-Thirds Majority (2/3M).

l Veto Power (VP).

l Rawlsianism (Rawls).

l Utilitarianism (Util).

[1] Zhang Z, Wang X, Yi M, et al. PoliCon: Evaluating LLMs on Achieving Diverse Political Consensus Objectives[J]. ICLR 2026.



Dataset details: Stakeholders

The stances of stakeholders for each issue is diverse enough. 

[1] Zhang Z, Wang X, Yi M, et al. PoliCon: Evaluating LLMs on Achieving Diverse Political Consensus Objectives[J]. ICLR 2026.



Experiment: Effectiveness of Evaluator

l Our evaluator shows high consistency with both real-world voting and human annotators.

l Interestingly, the results of ground truth voting results is nearly the same with humans. 

[1] Zhang Z, Wang X, Yi M, et al. PoliCon: Evaluating LLMs on Achieving Diverse Political Consensus Objectives[J]. ICLR 2026.



Experiment Findings

l Deepseek-V3.1 and Gemini-2.5 perform the best, and the performance is relatively 

related to the model parameters.

l Even state-of- the-art models remain undersatisfied with complex tasks like passing 

resolutions by a two-thirds majority and achieving Rawlsianism.
[1] Zhang Z, Wang X, Yi M, et al. PoliCon: Evaluating LLMs on Achieving Diverse Political Consensus Objectives[J]. ICLR 2026.



Experiment Findings

l LLMs perform bad on harder topics like security and civil rights.
[1] Zhang Z, Wang X, Yi M, et al. PoliCon: Evaluating LLMs on Achieving Diverse Political Consensus Objectives[J]. ICLR 2026.



Experiment Findings

LLMs tend to prioritizing the stance of the 

dominant party instead of uniting smaller parties. 

We also analyze whether a common strategy exists for LLMs to achieve political 

consensus under various power structures. 

[1] Zhang Z, Wang X, Yi M, et al. PoliCon: Evaluating LLMs on Achieving Diverse Political Consensus Objectives[J]. ICLR 2026.



Experiment Findings

l Generally, as LLMs' bias towards parties decreases, the corresponding performance increases. 

l Scores across different parties still resemble the distribution of real-world voting results, which 

indicates that the tested models are somehow influenced by the intrinsic party bias. 

[1] Zhang Z, Wang X, Yi M, et al. PoliCon: Evaluating LLMs on Achieving Diverse Political Consensus Objectives[J]. ICLR 2026.



PoliCon: Takeaway

l LLMs retain partisan biases mirroring real world, which persist even when prompts 

explicitly randomize power structures or party roles. 

l Models tend to “shortcut” consensus by exclusively prioritizing the dominant 

party's stance, frequently neglecting minority interests and failing to build broader 

coalitions.

l LLMs struggle significantly with complex tasks like strict majority voting or 

Rawlsian fairness. 

[1] Zhang Z, Wang X, Yi M, et al. PoliCon: Evaluating LLMs on Achieving Diverse Political Consensus Objectives[J]. ICLR 2026.



Conclusions

[1] Zhang Z, Wang X, Yi M, et al. PoliCon: Evaluating LLMs on Achieving Diverse Political Consensus Objectives[J]. ICLR 2026.

l AI is Reshaping “Social Choice” Mechanisms, Shifting from Finite Options to 

Generative Consensus.

l AI Mediators Outperform Humans in Reducing Group Polarization and Finding 

Common Ground.

l Despite Immense Potential, Current Models Still Exhibit Bias and Limitations in 

Complex Consensus Finding Scenarios.



Discussions

Dynamic Deliberation1

2

3

Generate the consensus in a human-in-the loop deliberation process.

Interaction Cost Optimization
Use a preference approximation, and calculate the theoretical upper regret bound.

Unbiased Persuasion
In reality, a consensus is usually accepted by “persuasion” instead of fully agree the 
whole context.



Thank You!
Q&A


