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Why Our Full Hybrid Model Is Superior to GenAI Alone    

 
 
 
Executive Summary 
 
Generative AI (GenAI) models, when deployed alone, face well-documented limitations 
that undermine their effectiveness in high-stakes domains such as finance, healthcare, 
compliance, and enterprise operations. These challenges include hallucinations and 
factual inaccuracies, gaps caused by stale or missing knowledge, inconsistent outputs that 
hinder reproducibility, and limited transparency that make validation and debugging 
difficult.  
 
Additionally, governance and bias issues pose risks of amplifying existing data flaws and 
enabling misuse. While GenAI-only solutions are fast to deploy, their lack of reliability and 
accuracy makes them insufficient for regulated or mission-critical applications. 
 
In the attempt to reduce hallucinations and ensure consistency with reference sources like 
product labeling, companies with GenAI-only software use techniques such as retrieval-
augmented generation (RAG) to ground model outputs in curated data.  
 
However, for “mission-critical” GenAI use cases like Life Sciences, purely generative 
solutions are insufficient. To hit high‐accuracy requirements, you need full hybrid systems: 
generative AI + Analytical AI + Rules Based + RAG + human oversight. 
 
Analytical AI and rule-based modules enhance claim extraction and structured content 
matching.  RAG further supports structured GenAI reasoning, while human-in-the-loop 
workflows add critical oversight, interpretability, and governance.  
 
SecureCHEK AI is full hybrid with an architecture that deliberately combines multiple 
complementary approaches to overcome the weaknesses of GenAI alone and deliver the 
accuracy, reliability, and governance required in high-stakes environments. We deliver a 
more robust solution for enterprise and compliance-driven environments for approved 
accuracy, trust, and efficiency. 
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Details  
 
Limitations of GenAI-Only 
Recent research shows that large language and vision-language models (LLMs, LVLMs) 
deployed without augmentation face serious issues: 

• Hallucinations & Factual Errors – models often generate plausible but false content, 
invent citations, or misstate facts. 

• Stale or Missing Knowledge – training cutoffs and lack of provenance create gaps. 
• Inconsistency & Low Reproducibility – output varies across prompts and versions  
• Opacity – little explainability; hard to debug or validate claims. 

 
While fast to deploy, pure GenAI lacks the accuracy and reliability needed for critical 
domains (finance, healthcare, compliance, enterprise ops). 
 
Several studies and experiments have highlighted that purely generative-AI systems (LLMs, 
LVLMs, etc.) have certain weak points: 

 
1. Hallucinations / Factual Errors 

Generative models often produce plausible but incorrect information 
(“hallucinations”). They may invent citations or facts.  
 

2. Lack of Up-to-Date Knowledge or Context 
If training data cutoff is old, the model has gaps or doesn’t reflect current events. Also, 
purely generative systems may not maintain provenance (where info came from).  
 

3. Reproducibility & Controllability Issues 
Outputs often depend heavily on prompts, randomness, model version. There’s 
inconsistency in results, which is a problem in high-stakes domains.  
 

4. Interpretability and Explainability 
Pure GenAI doesn’t always offer insight into why a certain response was produced, nor 
does it easily allow granular verification of sub-claims. That makes debugging 
dangerous in sensitive settings.  
 

5. Bias, Ethics, Governance 
Generative models may amplify or reproduce biases present in the training data, and 
since they generate de novo, sometimes without transparency, it's hard to track misuse 
or ethical issues.  

 
GenAI-only solutions tend to be faster to deploy and more flexible in what they can 
generate or respond with, but their reliability and accuracy—especially in critical 
domains—often suffer. 
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How GenAI Companies Attempt to Reduce Hallucinations 
 
Newer entrants to the market utilize Retrieval-Augmented Generation (RAG) that works by 
pairing a generative AI model with an external knowledge source, such as a curated 
database or knowledge graph. Instead of relying solely on the model’s training data, RAG 
retrieves relevant documents or facts in real time and feeds them into the model to ground 
its responses.  
 
However, RAG is not foolproof: its effectiveness depends on the quality and completeness 
of the underlying data, as well as the retrieval system’s ability to surface the most relevant 
content. If the database is outdated, incomplete, or the retrieval step misses critical 
context, the model may still generate incorrect or misleading information.  
 
Moreover, the generative component can sometimes “override” retrieved facts, blending 
them with fabricated details, meaning human oversight and structured safeguards remain 
essential.  
 
Companies also use structured data that organize information into structured relationships 
(entities, attributes, and connections) that reflect how facts are linked in the real world. 
When paired with GenAI, the model can query the graph or validate outputs against it, 
ensuring that generated responses align with verified relationships rather than free-form 
guesses.   However, structured data must be carefully built and maintained—if the graph is 
incomplete, outdated, or mis-specified, the model’s reliance on it may still lead to errors or 
gaps. 
 
How SecureCHEK AI Improves GenAI Accuracy With Multiple Guardrails 
 
SecureCHEK AI exerts FULL CONTROL when ensuring content accuracy because it is a full 
hybrid model, utilizing: 
 
• GenAI / Large Language Models (LLMs): Provide natural language understanding, 

summarization, and flexible generation.  SecureCHEK AI utilizes Sonnet models which 
show strong, measurable performance on tasks that matter for regulated settings. 
Anthropic has put effort into building “constitutional AI” frameworks, red-teaming, and 
guardrails. Sonnet 4.0 shows less over-cautious refusal behavior (false negatives) while 
also maintaining guardrails to avoid harmful or unsafe content.  
 

• Analytical AI:   for detecting, layout and grouping and extracting/parsing text, 
multilingually, in claims extraction 
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• Rule-Based Modules: for reference detection and management, ISI matching and rule 
enforcement 
 

• Retrieval-Augmented Generation (RAG): Grounds outputs in up-to-date, curated 
corpora so the model doesn’t rely only on its frozen training data.  Curated corpora is a 
carefully selected, cleaned, and domain-specific collection of documents or data (for 
example, regulatory guidance, internal company documents, or scientific literature). 

 
• Structured data / Structured Data Layers: Represent authoritative facts and 

relationships that constrain or validate GenAI outputs. 
 
• Human-in-the-Loop Oversight: Keeps final authority with domain experts, ensuring 

accountability, interpretability, and regulatory defensibility. 
 
• Governance & Auditability: Full traceability of sources, versioning, and decision logic to 

meet compliance and audit standards. 
 
Conclusion 
 
Generative models alone exhibit the weaknesses your document lists (hallucinations, stale 
knowledge, low reproducibility, opacity, and governance/bias risks); these failure modes 
are widely documented and are precisely why grounding and verification are required in 
regulated domains.  
 
Retrieval-Augmented Generation (RAG) and knowledge-graph grounding demonstrably 
reduce hallucinations by supplying context and verifiable facts at generation time, but they 
are not a silver bullet: RAG’s benefit depends on retriever quality and corpus coverage and 
can still fail when the retriever misses key documents or when the generator improperly 
blends or overweights retrieved content (so provenance, retrieval scoring, and strict 
checking remain essential). Surveys and experiments show RAG reduces but does not 
eliminate hallucination, and knowledge-graph augmentations help further by enforcing 
structured relations and constraints — yet both approaches require careful curation, 
schema design, update processes, and validation to avoid introducing stale or mis-
mapped facts.  
 
That dependency on curated, verifiable sources is exactly why hybrid architectures — 
combining GenAI’s language fluency with analytical/rule-based extraction, probabilistic ML 
verification, structured data for structured facts, and human-in-the-loop governance — are 
currently the most defensible design for mission-critical systems. 
 
 


