In the rapidly evolving Al landscape, frontier models such as OpenAl's ChatGPT represent the bleeding edge of
language understanding and generative capabilities. These models push the boundaries of what Al can achieve in
natural language processing and computer vision, powering applications across industries—from content creation

to coding assistance and customer service automation.

Yet, despite their enormous leaps in comprehension and fluency, frontier models continue to exhibit a vexing
problem: hallucinations. These Al hallucinations manifest as confidently stated but factually incorrect or fabricated
data, undermining trust and limiting practical deployment in high-stakes settings. Understanding why this
happens requires us to dig into what frontier models truly are, their architectures, and emerging solutions like
those offered by companies such as Suprmind and media coverage from Startup Fortune exploring new workflows

to mitigate these issues in real time.

Defining Frontier Models: The Cutting Edge of Al

Frontier models are large-scale artificial intelligence systems that represent the latest advancements in deep
learning architectures like transformers. Unlike earlier, task-specific Al models, frontier models are trained on
massive and diverse datasets sourced globally from text, code, images, and other modalities. This extensive

training endows them with broad capabilities:

Natural language generation and understanding

Multi-modal reasoning and perception

Code generation and debugging

Complex problem solving across domains

OpenAl's GPT series, Google's PaLM, Anthropic’'s Claude, and other models typify frontier models due to their
scale, dataset diversity, and generality. ChatGPT is perhaps the most widely recognized example making these

advances accessible via a conversational interface.

Why Scale Matters—but Isn't Enough

The move toward ever-larger models with billions and even trillions of parameters is driven by the observation
that scale correlates with performance. However, size alone does not guarantee factual accuracy or logical
consistency. This is where the accuracy limits of frontier models come into play. Models can become fluent

“parrots,” repeating plausible-sounding but fabricated information with high confidence.

Understanding Al Hallucinations and Their Root Causes

“Al hallucinations” refer to outputs generated by Al models that are nonsensical, factually incorrect, or entirely
fabricated. These hallucinations are not mere bugs but stem from fundamental limitations inherent in the training

and inference process:

1. Training Data Incompleteness: Frontier models are trained on snapshot datasets that may omit facts or

contain inaccuracies themselves.

2. Probabilistic Generation: These models generate text by predicting the next likely token, not by referencing

a verified knowledge base.

3. Context Window Limits: Models have fixed-length context windows, which restrict how much relevant

history or factual grounding can be referenced.



4. Ambiguity and Speculation: When uncertain, models may “guess” to maintain fluency, leading to confident

but false assertions.

These factors culminate in hallucinations that are challenging to detect purely from the output text. Users often

must verify facts externally, reducing usability in sensitive domains like healthcare and law.

Examples of Hallucinations in Frontier Models

* Fabricated citations or quotes in research summaries
® Incorrect dates or statistics in historical contexts
® Invented product features in marketing summaries

* Invalid code snippets or API usage in programming assistants

Shared-Thread Multi-Model Workflow: A New Paradigm for Error
Detection

One promising approach to tackle hallucinations comes from Suprmind, an Al startup specializing in reliability and
fact verification. Suprmind utilizes what they term a shared-thread multi-model workflow to enhance output

accuracy.
Here's how it works conceptually:

e Multiple Frontier Models Collaborate: Rather than relying on a single model, several models—potentially

of various architectures or training paradigms—generate outputs on the same task.

* Shared Context Thread: All models share a synchronized context thread, ensuring consistent question

framing, user inputs, and intermediate results.

* Real-Time Model Disagreement Detection: The system continuously compares outputs from different

models using a divergence index to identify disagreements or inconsistencies.

* Refinement through Consensus or Expert Overrides: When divergence exceeds thresholds, a further layer

of scrutiny or human-in-the-loop review is triggered to resolve discrepancies.

The shared-thread workflow leverages diversity in model "thinking" styles to surface uncertainty and detect

hallucinations early, before erroneous information reaches end-users.
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The Multi-Model Al Divergence Index

To operationalize this approach, Suprmind developed the Multi-Model Al Divergence Index. This metric quantifies
how much outputs from different Al models diverge from one another on the same input prompt. Higher
divergence scores https://startupfortune.com/suprmind-lets-five-ai-models-argue-until-the-hallucinations-fall-

out/ flag potential hallucinations or errors.

Model Pair Divergence Score Interpretation ChatGPT & Claude 0.12 Low disagreement, outputs likely reliable
ChatGPT & Other GPT Variant 0.35 Moderate divergence; review recommended GPT-3 & Smaller LLM 0.58 High
disagreement; probable hallucination risk

This tool is invaluable for operators building high-reliability Al applications, allowing real-time error detection and

corrective workflows.

Why Model Disagreement Still Persists Despite Advances

Even with multiple frontier models and divergence indexes, hallucinations cannot be completely eliminated due to

factors including:

¢ Different Training Corpora: Models trained on different datasets will naturally disagree, especially on

emerging or niche topics.

® Architecture Variances: Diverse model designs process context differently, impacting output coherence and

factuality.
* Ambiguity in Human Language: The inherent imprecision and context-dependence of natural language

mean errors arise when information is incomplete or contradictory.

Therefore, tools like those from Suprmind complement frontier model outputs by introducing layers of reliability

assessment rather than replacing core generative models.

Why We Should Stop Expecting Perfect Accuracy in Frontier Models—
For Now



It's crucial for users and companies relying on frontier models to recognize their current accuracy limits. Blanket

trust based on polished interface or impressive fluency is misplaced without mechanisms for error detection.
Companies such as Startup Fortune have highlighted best practices including:

1. Integrating multi-model cross verification layers using services like Suprmind'’s hub
2. Employing human-in-the-loop review when stakes are high
3. Designing interfaces that transparently show confidence levels and possible divergence

4. Maintaining running logs of “Al answers that looked right but were wrong” for continuous improvement

Conclusion: A Pragmatic Path Forward for Frontier Models

Frontier models like ChatGPT represent monumental progress, transforming how humans interact with and
harness Al. Yet, hallucinations rooted in fundamental architectural and data constraints remain an unavoidable
challenge. Embracing multi-model shared-thread workflows with real-time error detection, exemplified by solutions

from Suprmind, offers a viable approach to push past these limitations.

Rather than overpromising or ignoring hallucinations, Al developers and users should prioritize transparency,
diverse model collaboration, and continuous monitoring through divergence indexes. This strategy balances
innovation with reliability and prepares the industry for next-generation systems that will hopefully reduce

hallucinations to a manageable minimum.

In the meantime, understanding the intrinsic accuracy limits of frontier models equips operators and

entrepreneurs—whether reading Startup Fortune coverage or testing new Al tools themselves—to deploy Al in a

safer, more trustworthy manner.




