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Abstract

The TriMind Open Framework (TMOF) introduces a novel paradigm in Al decision-making
through the Predictive Triadic Consensus Engine (PTCE). By combining the strengths of three large
language models (LLMs)—ChatGPT, DeepSeek, and Grok—in a collaborative framework, TMOF
enhances accuracy and fairness in evaluations. Each LLM is assigned specific evaluation criteria,
and they engage in interactive discussions to refine their assessments. The framework incorporates
predictive modeling to anticipate future performance, making it versatile for a wide range of ap-
plications. Open-sourced, TMOF invites community contributions and innovations, positioning it
as a leading platform in AI research and practical applications. This whitepaper details TMOF’s
design, methodology, and potential, highlighting its state-of-the-art features and the advantages of
its open-source approach.

1 Introduction

In recent years, large language models (LLMs) have revolutionized various aspects of artificial intelli-
gence, from natural language processing to complex decision-making tasks. However, relying on a single
LLM can lead to biases and limitations in performance. To address this, the concept of multi-LLM
collaboration has emerged, promising to combine the strengths of different models and mitigate individ-
ual weaknesses [I]. Research suggests that collaborative debates among LLMs can significantly improve
reasoning and factual accuracy, as demonstrated by MIT’s work on multi-AT collaboration [IJ.

The TriMind Tribunal, a system designed to evaluate user-created 3D models, utilizes three LLMs—ChatGPT,
DeepSeek, and Grok—to form a jury that determines tournament winners. While effective, its poten-
tial is limited by its specific application and closed nature. To expand this concept and make it a
general-purpose, open-source framework, we introduce the TriMind Open Framework (TMOF).

TMOF’s core is the Predictive Triadic Consensus Engine (PTCE), which enhances the decision-
making process through specialized evaluation criteria, interactive discussions among LLMs, and confidence-
weighted predictive aggregation. By open-sourcing TMOF, we aim to create a collaborative ecosystem
that benefits researchers, developers, and the broader AI community. This whitepaper presents the de-
sign, methodology, and potential applications of TMOF, highlighting its state-of-the-art features and the
advantages of its open-source approach.

2 Related Work

Multi-LLM collaboration is a nascent but rapidly evolving field. Research has shown that combining mul-
tiple LLMs can improve reasoning and factual accuracy [I]. For instance, MIT’s work demonstrated that
when LLMs engage in collaborative debates, their performance on complex tasks significantly improves
[1]. This aligns with our approach in TMOF, where LLMs discuss and refine their evaluations.

Ensemble methods in machine learning have long been used to improve prediction accuracy by combin-
ing the outputs of multiple models [2]. In the context of LLMs, recent studies have explored aggregating
their predictions to minimize errors [3]. TMOF builds on this by not only aggregating scores but also
incorporating interactive discussions and predictive features, drawing from multi-agent systems where
LLMs act as agents collaborating to solve complex tasks [4].

Open-source Al frameworks are crucial for fostering innovation and community engagement [5].
Projects like TensorFlow and PyTorch have set precedents for collaborative development in AI. TMOF
aims to follow this model, providing a platform for researchers and developers to experiment and con-
tribute to the advancement of Al decision-making.



3 Methodology: Predictive Triadic Consensus Engine (PTCE)

The Predictive Triadic Consensus Engine (PTCE) is the heart of TMOF, enhancing the decision-making
process for determining tournament winners. It leverages state-of-the-art AI methodologies through a
series of structured steps, detailed below.

3.1 Specialized Evaluation Criteria

Each LLM in TMOF is assigned a specific evaluation criterion to ensure a comprehensive and balanced
assessment:

e LLM 1 (ChatGPT): Evaluates creativity and originality, focusing on the novelty and artistic
value of the input.

e LLM 2 (DeepSeek): Assesses technical accuracy and stability, examining the input’s structural
integrity and performance.

e LLM 3 (Grok): Judges performance and functionality, analyzing how well the input performs in
simulated scenarios.

This specialization leverages each LLM’s strengths, similar to how human juries use diverse expertise
to make well-rounded decisions [6]. Research suggests that such role specialization reduces overlap and
enhances overall evaluation quality [7].

3.2 Imitial Evaluation

Each LLM independently evaluates the input based on its assigned criterion, providing:

e A numerical score (e.g., 1 to 10), scaled to a common metric for aggregation.

e Detailed reasoning for the score, such as “The model shows high creativity with unique design
elements” or “The model has stability issues in high-stress scenarios.”

e A confidence score, reflecting the LLM’s certainty in its evaluation. This can be derived from the
model’s internal probabilities or uncertainty estimates, calculated as:

C; = probability of the chosen score (1)

where C; is the confidence score for LLM 4. In practice, LLMs can be prompted to provide both
the score and the confidence level.

3.3 Interactive Discussion

The LLMs share their initial evaluations and engage in a simulated discussion. This discussion is fa-
cilitated through iterative prompting, where each LLM’s output is used as input for the others. They
can:

e Agree with another’s assessment, e.g., “I concur with ChatGPT’s evaluation of high creativity.”

e Disagree and provide counterarguments, e.g., “While DeepSeek notes stability issues, I believe the
model’s performance compensates for this.”

e Revise their own score based on new insights from peers, such as adjusting a score upward after
considering Grok’s performance analysis.

This collaborative process is inspired by research showing that multi-Al collaboration improves rea-
soning and factual accuracy [I]. The discussion can be iterative, with multiple rounds, to reach a
consensus or majority decision, aligning with findings from multi-agent LLM frameworks [4].



3.4 Consensus Building and Aggregation

After the interactive discussion, each LLM provides a final score. A central controller aggregates these
scores using a weighted average, where weights are based on each LLM’s confidence score. The weighted
score W; for LLM i is:

Wi = Si X Cz (2>
The consensus score S is the normalized sum of weighted scores:
3
- W
S = Z’L:l (3)

~ 3
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This ensures that evaluations in which an LLM is more certain carry greater influence. This approach

aligns with ensemble techniques for LLMs, such as aggregating predictions to reduce errors [3], and draws
from multi-agent systems where LLMs collaborate as agents [4].

3.5 DParallel Evaluation with Predictive Features

In addition to the specialized evaluations, each LLM generates a predictive feature vector. This vector
contains latent representations predicting the input’s future performance, such as tournament success or
user engagement. These predictions are informed by:

e Historical data from past evaluations and outcomes, stored in a database with features like past
winner scores and engagement metrics.

e External signals, such as user engagement trends scraped from the platform, including likes, shares,
and comments.

The predictive feature vector F; for LLM 1 is generated through a prompt like: “Based on historical
data and current trends, predict the likelihood of this input performing well in future contexts,” with
outputs encoded as a vector of probabilities.

3.6 Confidence-Weighted Predictive Aggregation

Scores and predictive feature vectors are weighted by each LLM’s confidence metric. A meta-model—typically
a feedforward neural network with three hidden layers, trained on historical evaluation-outcome pairs—combines
these weighted inputs into:

e A unified consensus score for determining the current evaluation.
e A predictive outcome probability for future performance, calculated as:

3
Poutcome = NN (Z C; x F) (4)

i=1
where NN denotes the neural network, and Ppyutcome 1S the predicted probability. This method
leverages advanced ensemble techniques to produce robust decisions [§].

3.7 Iterative Bayesian Refinement with Conflict Resolution
A Bayesian inference layer combines the weighted scores and predictions:

e Priors: Based on each LLM’s historical accuracy in predicting outcomes, modeled as a beta
distribution Beta(c, §;), where «; and (; are updated based on past performance.

e Posteriors: Updated with current evaluation data to refine the consensus score and predictive
ranking, using Bayes’ theorem:
P(Si, Ci|Ai) x P(A;)

P(A;]S;,C) = (5)

If the variance in scores exceeds a predefined threshold (e.g., Var(S;) > 2), indicating high dis-
agreement, the LLMs enter a secondary round of discussion, receiving peer feedback to refine their
assessments. This ensures a final, well-considered decision and predictive ranking, reducing biases and
improving accuracy.



4 Evaluation

To evaluate TMOF, we propose the following hypothetical experiments, conducted on a simulated dataset

of 10,000 evaluations:

1. Comparison with Individual LLMs: Compare the accuracy of TMOF in determining correct
outcomes against that of each individual LLM, using a benchmark dataset with known results.

2. Comparison with Simple Averaging: Compare TMOF’s performance to a simple average of
the LLMSs’ scores without confidence weighting or interactive discussion, measuring mean squared

error (MSE) on predicted outcomes.

3. Conflict Resolution Efficacy: Assess how well the conflict resolution mechanism handles cases
of high disagreement among LLMs, using scenarios where variance exceeds the threshold, and

measure improvement in consensus score post-discussion.

4. Predictive Accuracy: Evaluate the accuracy of TMOF’s predictive feature vectors in forecast-
ing future performance, using a test set with 20% of the data, and report F1 score for binary

classification of successful outcomes.

These experiments will help quantify the benefits of TMOF’s collaborative and predictive approach,

with expected improvements of at least 15% in accuracy over individual LLMs [9].

5 Open-Source Framework: TriMind Open Framework (TMOF)

TMOF is designed as a modular, extensible, and research-driven open-source ecosystem. Its key features

include:

Feature

Description

Modular Agent Plug-In Architecture

Allows developers to plug in any LLM or custom
AT agent via standardized APIs, using Python with
libraries like LangChain.

Scalable Consensus Engine

Supports variable numbers of agents, customizable
interaction protocols, and aggregation methods, im-
plemented in TensorFlow.

Simulation Environment

Federated Learning

Provides tools for testing and benchmark-
ing, inspired by platforms like OpenAl
Gym (https://paperswithcode.com/task/
language-modelling).

Aggregates performance data to adapt and improve
consensus parameters over time, using the FedAvg
algorithm.

Decentralized Governance

Enables community voting on updates, implemented
via smart contracts on Ethereum.

Logging and Visualization Tools

Offers detailed logs and analysis tools, using libraries
like Matplotlib and TensorBoard.

Table 1: Key Features of TMOF

By open-sourcing TMOF, we aim to create a collaborative ecosystem where researchers and developers
can experiment, contribute, and drive innovation in AI decision-making. This open-source approach
fosters innovation by allowing customization for specific use cases, such as scientific paper reviews or
business strategy evaluations, and democratizes access to advanced Al tools, benefiting academia and

industry alike.

6 Applications

TMOF’s versatility extends beyond 3D model evaluation to various domains:



https://paperswithcode.com/task/language-modelling
https://paperswithcode.com/task/language-modelling

e Scientific Research: Evaluating papers or proposals through collaborative LLM reviews, with
applications in peer review systems for journals.

e Business Decisions: Supporting financial or strategic choices with predictive consensus, such as
forecasting market trends or assessing investment risks.

e Creative Assessments: Judging art, writing, or designs with nuanced evaluations, enhancing
platforms like art galleries or writing contests.

For instance, in scientific research, each LLM can be assigned to evaluate different aspects of a paper:

e LLMI1: Originality and significance
e LLM2: Methodology and rigor

e LLMS3: Clarity and presentation

Their collaborative discussion can lead to a comprehensive and fair review, reducing bias and im-
proving the quality of decisions.
In business, LLMs can analyze different facets of a business proposal:

e LLMI1: Market potential and demand
e LLM2: Financial feasibility and risk assessment

e LLM3: Operational efficiency and scalability

The predictive features can forecast the likelihood of the proposal’s success, aiding in strategic
decision-making.

This broad applicability underscores TMOF’s potential as a general-purpose framework for Al-driven
decision-making, with potential to reduce decision-making errors by up to 20% in real-world scenarios

[9].

7 Conclusion

The TriMind Open Framework (TMOF), powered by the Predictive Triadic Consensus Engine (PTCE),
represents a significant advancement in Al decision-making. By integrating specialized evaluation cri-
teria, interactive multi-LLM collaboration, and predictive modeling, TMOF delivers accurate, fair, and
forward-looking decisions. Its open-source nature fosters community engagement and continuous im-
provement, positioning it at the forefront of Al research and practical applications as of March 4, 2025.
Future directions include integrating game theory to incentivize accurate evaluations, equipping LLMs
with external tools for data verification, and incorporating human feedback to refine the system. These
enhancements will further solidify TMOF’s role as a pioneering platform in the AI ecosystem.
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