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Motivation

GPT models are powerful, but prone to hallucinations, where a key challenge involves mismatched/outdated

knowledge.

Knowledge divergence example:
K(t) = K(to) + AK(t),
where in practice AK(t) = O for most
deployed LLMs — knowledge remains
"frozen" and results in increasingly

inaccurate outputs.
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Timeline Diagram: Knowledge Drift Over Time
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Research Aims

Since each step P(x[) < 1 drives overall correctness down exponentially, our approach aims to address three main
aspects:

1. Granular Fact Validation: Decomposing outputs into small “atomic” claims.

2. Efficient Context Management: Summarization & Clustering can reduce storage by up to 57.7%.

3.  Robust RAG Integration: Minimizing error propagation in multi-step reasoning.
Our research demonstrates that this granular approach, combined with efficient context management, has the

potential to enhance both accuracy and computational efficiency.
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Existing Methods & Their Shortcomings

e Fine-Tuning: Helps to improve domain-specific knowledge.

o But: Is expensive and quickly outdated.
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Existing Methods & Their Shortcomings

e RAG: Helps inretrieving context and information.

o But: Contains no inherent truth validation, only retrieval.
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Existing Methods & Their Shortcomings

Post-hoc Correction: Helps to correct factual inaccuracies.
O

But: Introduces latency, and offers no improvement of base generation.
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Existing Methods & Their Shortcomings

While these approaches offer valuable improvements to ensuring factual accuracy in LLM, they often
fail to inherently validate responses or address the root causes of hallucinations. Our goal is to unify the

best of retrieval with a lightweight, statement-level validation mechanism.

We need:

Granularity + Verification + Scalability
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Error Propagation & Hessian Insights

e Cascadingerrors: A small inaccuracy at step 1 can balloon in later steps, resulting in exponential
decay of correctness
o P(total) =T[(n=1to N) P(x[1)
o Exponential decay if each P(xn) <1.
e Second-order effects captured by a Hessian can amplify errors:
o Hessian Hi1 = 3%E / (Oxi 0x )

o Small local errors can magnify each other.
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Proposed Framework

LLM Validity Judger Vector Database
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Proposed Framework
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Data Preprocessing:

Summarize each text chunk using
GPT.

Embed using text-embedding-3-large
— Vv € Rd.

Cluster with DBSCAN:

o  Condition: d(v(], ve) < €, local
density = minPts — same
cluster.

Re-summarize each cluster — store
final embeddings.

o Achieves significant memory
savings.
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Proposed Framework

LLM Validity Judger
Provides granular fact-checking at
the statement level:

1. Splits response
2. Statement-level validation

3. Final rating.
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Vector Database
Enables efficient similarity searches:

e Store embeddings {vi}in R"d.

e
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e Similarity: Sim(vi, k(1) = (vi- k1) / (Ilvill Ik 70).



Alternative: Statement-Level Granularity

For high-stakes contexts where no detail can be lost (fields like medicine/law), summarizing can

potentially cut out disclaimers or edge-case information. We propose an alternative pipeline:

e Extracts each factual statement from text

e Clusters duplicates for minimal compression

e Storeseach statement as an embedding

e Trade-Off: Less compression, but higher fidelity and reliability

o  Ensures that critical information is retained —ideal for applications where
precision is paramount
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Alternative: Statement-Level Granularity

Statement Extraction Pipeline
New Data Input System
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Statement-Level Validation

This framework takes a granular approach that allows us to identify specific inaccuracies in a
response rather than making a binary judgement about the entire output. Therefore, we can

provide more nuanced feedback and improve overall factual accuracy by validating at the
statement level, specifically where:

e LLMoutputisdecomposed — {Fi, F.,...,F[1}.

o eg)"F,: Thepatientis 24 years old,’ “F ,: She has a history of X"
e Foreach Fj, retrieve top-k matches from DB.
e ScoreeachF; € [0,1] via alignment with matching facts.

e Aggregate scores (weighted average or other aggregator).
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Benchmark: PubMedQA

e Dataset: 1,000 QA pairs (Yes/No/Maybe)

e Baseline: Traditional RAG storing entire paragraphs.
e Our Pipeline: Summarization and Clustering.

e Metrics:

o Factual Accuracy, RAG Effectiveness, Storage
Efficiency.
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Summarization Pipeline vs. Traditional RAG

Metric Traditional Pipeline Proposed Pipeline Difference

Factual Accuracy 71.7% 71.2% -0.5%

RAG Effectiveness 99.2% 98.9% -0.3%

Storage Efficiency 1,351 KB 571KB -57.7% (Reduction)

e ~57.7%reduction in storage and near-parity on factual accuracy (within 0.5%) + RAG
effectiveness (within 0.3%)

o summarizing context does not hinder the LLM’s ability to generate correct answers.

o Significant for large scale deployments: less data to store and query with minimal
performance loss

e Maintains performance while significantly reducing computational and storage requirements
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Statement Extraction Pipeline

SQuAD

Metric Traditional Pipeline Statement Extraction Difference
Factual Accuracy 87.3% 89.7% +2.4%
Storage Size 1.4MB 1.1MB -21.43%
HotpotQA

Metric Traditional Pipeline Statement Extraction Difference
Factual Accuracy 92.0% 93.3% +1.3%
Storage Size 763 KB 701 KB -8.12%

Gains in multi-hop reasoning from statement-level detail.
e Improvement in accuracy for both benchmarks — demonstrates that statement-level granularity
can enhance performance on complex reasoning tasks.

e Valuable approach for applications where precision is more important than storage efficiency. g
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Error Minimization & Scalability

Local validation mitigates exponential decay in multi-step correctness.
Summaries or statements — O(N) vectors stored.
DBSCAN runs in O(N x log N) or similar (depending on implementation).
Implementation:
o  Vector DB with approximate nearest neighbor (e.g., Pinecone, FAISS).
o  GPT-40-mini for summarization.

Modest overhead, reasonable computational complexity, uses existing tools
and libraries

o Practical for real-world applications
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Open Challenges & Next Steps

Source Bias: Original documents may contain biases — pipeline inherits them.
Context Gaps: Summaries or statements can lose broader discourse context.

Real-Time Updates: Knowledge updates currently handled in manual embedding
steps.

Future Work — Concept-Based Representation:
o Store knowledge as relationships (CONCEPTl, RELATION, CONCEPTZ).

o Potentially more robust for advanced reasoning
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Key Takeaways

We propose two flexible pipelines for factual context validation:

e Summarization and Clustering — around 57.7% increase in memory savings with minimal
performance penalty.

e Statement Extraction — preserves full detail, can improve multi-hop accuracy

Both pipelines use statement-level checks to combat error cascades and reduce hallucinations. In
addition, they can be easily integrated into any standard RAG approach.

Our work contributes to the ongoing effort to make large language models more trustworthy and
efficient, particularly in high-stakes domains where factual accuracy is critical.
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Thank Youl!

Contact: LinkedIn OpenReview

e tianyi@appinventorfoundation.org
e tianyi@appinclub.org E - E E r
i o L

Check Out Code Repository:

github.com/Tonyhrule/Factual-Validation
-Simplification
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