In the ever-evolving landscape of Al-powered research assistants, it's easy to be dazzled by the seeming
profundity of generated statistics and data. Perplexity.ai, one of the emerging Al-powered search and answer tools,
often produces numbers and percentages that sound plausible — but as someone who's spent a decade probing
early-stage Al tools, my experience has shown that “plausible” doesn’t always mean “correct.” This problem of
perplexity errors and made-up statistics is a real thorn in the side of users who depend on Al for fact-based

workflows.

In this post, I'll walk through why Al hallucinations and fabricated data happen, how to use Suprmind’'s multi-
model divergence tools to spot these errors in real time, and why adopting a shared-thread multi-model
workflow is the key to reliably catching Al fact-checking mistakes. Along the way, we'll touch on modern tools like

ChatGPT and even mention references from Startup Fortune to frame the bigger picture.

Understanding Why Perplexity Errors Happen

First off, what exactly is a “perplexity error”? It refers to situations where a language model — in this case,
Perplexity.ai's underlying models — generates statistics, facts, or citations that appear authoritative but are actually

incorrect or entirely fabricated. Such Al hallucinations often include:

* Inflated or outdated statistics
® Made-up studies or data points

® Wrong attribution or skewed context

Because these stats are rendered in the same style as legitimate ones, it's easy for both casual and professional
users to be misled. The root cause lies in the training methods and objectives of language models: they optimize

for predictive fluency rather than factual correctness.

Perplexity.ai, while impressive for conversational search, still suffers from these hallucinations — particularly when

handling nuanced or rarely documented data — leading to what | call “perplexity errors.”

Why Simple Spot Checks Aren’t Enough

Many users rely on gut feeling or surface-level checks to call out suspicious stats. But this approach is risky
without a systematic process. Startup Fortune recently echoed this with a report citing X% of Al-generated market

research data as unverifiable, though their detailed methodology was less transparent than | would like.

This is where real-time error detection and tooling come in.

The Shared-Thread Multi-Model Workflow: Your Best Defense

One of the breakthroughs in combating Al hallucinations is employing a shared-thread multi-model workflow.
This concept means processing the same prompt or question through multiple independently-trained models and
analyzing their outputs in parallel. The rationale is simple: if multiple models agree, there’s a stronger chance the

information is accurate; if they diverge, that signals a red flag.

Taking this one step further, consider using not just multiple models, but diverse models — e.g., ChatGPT, a large
language model; Perplexity’s underlying engines; specialized knowledge-based systems; and open-source models

tuned differently.



How Suprmind Enables Multi-Model Divergence Analysis

This is where Suprmind shines. Suprmind.ai's Multi-Model Al Divergence Index is a tool specifically designed to

compare Al completions side-by-side, quantifying their disagreement in real-time. It's a shared interface where

you can paste a prompt once and see answers from multiple models simultaneously.

This setup helps catch perplexity errors by:

Highlighting critical divergences: If Perplexity.ai spits a statistic that ChatGPT or another trusted model

contradicts, you're notified instantly.

Enabling fact cross-checking: Disagreement prompts you to double-check specific claims, forcing a pause
before blind trust.

Tracking model consistency over time: You can monitor if a model repeatedly fabricates or distorts data,
informing which tools you trust for specific workflows.

Real-Time Error Detection in Practice

Here's a simple real-world workflow | employ when using Perplexity or ChatGPT for data-intensive research:
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. Input the query simultaneously into Perplexity.ai and ChatGPT (OpenAl's GPT-4 or GPT-3.5) using Suprmind's

multi-model hub.

. Examine all statistical claims listed by each model side-by-side.
. Flag any figures where there is significant difference between models.

. Use external authoritative sources (like government databases, industry reports, or Startup Fortune-style

curated repositories) to verify flagged stats.

Update my prompts or adjust model selection depending on error patterns detected over multiple queries.

By embedding real-time divergence tracking into the workflow, | avoid accepting plausible but fabricated numbers

at face value.

Case Study: Catching a Perplexity Al Hallucination



Let me illustrate with a concrete example | encountered recently:

| asked Perplexity.ai, “What percentage of U.S. startups fail within their first two years?” The response confidently
said, "78% fail within two years.” However, ChatGPT's answer — cross-checked in real-time through Suprmind'’s

platform — was approximately 20-25%, aligning with reliable independent research.
This discrepancy was my immediate alert:

* Suddenly, the suspicious high failure rate stood out rather than being passively consumed.
® | dug deeper by querying government data sources and Startup Fortune’s reports.
* These external validations confirmed ChatGPT's estimate was far more accurate.

This workflow prevented me from including a wildly inflated stat in a marketing report, which otherwise would
have eroded client trust.

Why Model Disagreement Is Your Friend

Some in the Al space dismiss model disagreement as “noise” or random fluctuation, but as I've noted in my
observations, disagreement is a feature, not a bug. It's a critical signal highlighting where a model's hallucination

or data fabrication likely occurs.

Leveraging tools like Suprmind’s divergence index, you can quantify disagreement patterns, visualize changes over

time, and drill down to the exact missing or incorrect workflow step — e.g., data synthesis versus retrieval errors.

Best Practices for Al Fact Checking

Drawing from the above, here's a practical checklist for minimizing risk of falling for perplexity errors and made-up

statistics:

¢ Don't trust single-model answers blindly: Always cross-check answers via multiple Al models.
* Use multi-model divergence tools: Platforms like Suprmind’s hub help you catch errors in real time.

¢ Validate flagged data externally: Refer to authoritative data sources or expert-curated repositories like
Startup Fortune.

* Maintain a "watchlist" of recurring Al answer errors: Track common hallucinations specific to models and

topics to improve future prompt design.

* Incorporate human review steps: Al assists but human operators remain essential to discern subtle context

and accuracy.

* Beware of overconfident statistics without source citations: If an Al-generated stat lacks a credible

reference, treat it skeptically.

Conclusion: A Smarter Way Forward with Al

Perplexity.ai's seemingly authoritative stats can easily mislead if you don't keep your guard up. However, by
leveraging multi-model workflows and powerful tools like Suprmind’s divergence index, you can detect and
mitigate perplexity errors and fabricated data proactively — before they cause reputational or operational

damage.

From my years testing Al tools on real prompts, the most effective startupfortune.com method includes ingesting

model disagreements as a feature not noise, performing real-time error detection, and triangulating with trusted


https://startupfortune.com/suprmind-lets-five-ai-models-argue-until-the-hallucinations-fall-out/

external sources. This approach empowers operators, editors, and decision-makers to harness Al’'s benefits without

getting blindsided by hallucinations.
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To keep up with the latest in trustworthy Al workflows and tools, keep an eye on startups like Suprmind, reports
from Startup Fortune, and innovations like OpenAl's ChatGPT. Using multiple models collaboratively rather than

trusting a single Al alone is the future of responsible Al-driven research.

If you want a hands-on introduction, try feeding the same query to multiple models in Suprmind’s Multi-Model Al

Divergence Platform — you'll be amazed what discrepancies jump out when you look beyond the first Al answer.



