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WHAT IS IT ABOUT?

ANOMALIES IN TABLESWhat Are

I.   Context-Dependent Errors: Require deep contextual understanding and reasoning to be found.

II.   Silent Data Corruptors: They poison data, leading to flawed decisions and financial loss.

III. More Than Outliers: Often subtle and complex, hiding beyond simple statistical checks.

IV.  Rule Breakers: They defy traditional rule-based and statistical detection methods.

V.   Trust Eroding: Undetected anomalies compromise trust in data across all industries.

“RARE but not always WRONG”



WHY THIS MATTERS?

The Problems: 

• Decisions at Risk: Undetected table anomalies corrupt data, leading to flawed decisions, financial losses, and compromised trust 

across industries. 

• Subtle & Complex Errors: Anomalies are often diverse, subtle, and require deep contextual understanding beyond simple 

statistical outliers.

• Traditional Tools Fail: Rule-based and statistical methods are brittle, lack reasoning, and cannot adapt to the complex, semantic 

nature of many table anomalies.

 

• No Human-like Reasoning: Current approaches cannot interpret context or apply common sense, which is crucial for identifying 

sophisticated errors. 

• Benchmark Gap: A lack of comprehensive benchmarks prevents effective evaluation of advanced, reasoning-based anomaly 

detection techniques.

Detection in TablesAnomaly



MOTIVATION

Case Studies



Anomalous Table



Categorization

The anomalies that are covered in this research are as follows:

• Value Anomalies: Out-of-range or unexpected values.

• Logical Anomalies: Data violating logical rules (e.g., negative 
salaries).

• Factual Anomalies: Inconsistencies with external facts.

• Temporal Anomalies: Irregularities in time-based data.

• Calculation-based Anomalies: Incorrect computed values.

• Security Anomalies: Admin access issues.

• Normalization Anomalies: Tables not satisfying 2NF,3NF, etc. 
forms.



Overlapping Cases
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Just “Problem” Mentioned

(w/ and w/o CoT): There may be some problems present in the table, without mentioning 

anomalies or examples.

Anomalies Mentioned

(w/ and w/o CoT): This prompt replaces "problems" with the explicit term "anomalies", 

providing clearer task framing without examples.

Level 1 & 2Modelling Approaches



“X” Type of Anomaly Mentioned

(w/ and w/o CoT): Here, prompt specifies the exact anomaly type (e.g., "factual anomaly", 

"value anomaly") while still omitting examples.

“X” Type of Anomaly Mentioned with Examples

(w/ and w/o CoT): these prompts enhance specificity further by including both the anomaly 

type and an illustrative few-shot example

Level 3 & 4Modelling Approaches



Methods Diagram



MUSEVE

• Self Consistent prompting with CoT to detect anomalies with different distinct reasoning chains.

• Self verifying the anomalies detected.

• Majority-voting based selection.

• Re-Reading

Methods MUSEVE & SEVCOT

SEVCOT

• CoT based anomaly detection at granular level.

• Self verifying the anomalies detected.

• Re-Reading



Methods Neuro Symbolic Constraint Method

LLM + symbolic rules = efficient, interpretable anomaly detection.

Process:

I. From schema 𝑆 and samples 𝑈, LLM generates constraint set:

II.  Each 𝜑𝑖is translated into executable code and run over table 𝐷.

III.  A cell 𝑟 , 𝑗 is anomalous if

Example rule:

if order_date > ship_date ⇒ flag anomaly.



Results

The figures highlights average Recall across various anomaly categories on the WikiTQ dataset, evaluated using four LLMs under different prompting strategies. Li denotes 

the ith prompt level, with-w/ocot and-wcot indicating absence and presence of Chain-of-Thought reasoning, respectively. MUSEVE and SEVCOT represent multi-reasoning 

and self-verification variants.

.



Results

This figure highlights the averaged F1 scores achieved by ChatGPT-4o across eight anomaly categories in the WikiTQ 
dataset. MUSEVE, SEVCOT, and NSCM represent multi reasoning, self-verification variants, and neuro-symbolic 
constraint-based methods respectively.



Intrigued? Dive Deeper!

Scan for the Paper at



Results

Thank You !

If you have any questions, please feel free to contact me a: mroycho1@asu.edu 
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