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Fig. 7. Examples of different relational tables: (a) a single-cell-subject relational table,'! (b) a composed-subject relational table,’” (c) a multi-subject relational
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Source: Jixiong Liu, Yoan Chabot, Raphaél Troncy, Viet-Phi Huynh, Thomas Labbé, and Pierre Monnin.
2023. From tabular data to knowledge graphs: A survey of semantic table interpretation tasks and
methods. Web Semant. 76, C (Apr 2023). https://doi.org/10.1016/j.websem.2022.100761
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Tabular and Multimodal Error Detection

E SUBSTANCE
| i 'mmm. —MPAA rating : NR (Not Rated)

Package Dimensions : 7.5 x5 x 0.5 inches;

| g Director : Coralie Fargeat
y Media Format : Import, Blu-ray

- Run time : 140 minutes

O 8 Release date : December 11, 2024
®18+

RESTRICTED

Brand Achim Ngme Furnishings

KIVI 32H758 art TV Frameless - Material Vinvl
TV 32 Incl UHD 4K, Bmart TV 32, VA . iny
Panel, Corfmemes 0 OLED Quality,

HDR10, Android 11.0, WiFi & Bluetooth,
Netflix HBO Enabled

Style Vinyl
Shape Round

Product 17"L x 2.75"W
Dimensions

Resolution is too
low fora4K TV

High impact
violence, blood
and gore

Seat is pink not white Movie is rated 18+

768 pixels

https://www.amazon.de/KIVI-32H750NW-Smart-Rahmenlos-OLED-Qualit% C3%A4t-32-Wei % C3 % 9F/dp/BODFLXXQDD/ https://www.amazon.com/Soft-Standard-Vinyl-Toilet-Seat-Cover/dp/BO08E48826/ https://www.amazon.com/Substance-Blu-ray-Moore-Region-Australia/dp/BODPM49CL8/

Figure 2. Additional real-world examples of cross-modal errors in Amazon’s tabular product metadata, which are obvious from the
corresponding product images: @) A television is misleadingly labeled as 4K ready when the product image shows that its resolution is
too low for 4K; @) A pink toilet seat is listed as having color “white”; € A movie is marked as not rated, even though its cover clearly
indicates that it 1s meant for adult audiences only; (product pages accessed on May 10, 2025).

Source: Olga Ovcharenko, Sebastian Schelter. Towards Cross-Modal Error Detection with Tables and Images.
Workshop on Unifying Data Curation Frameworks Across Domains (DataWorld) at ICML, 2025.
https://arxiv.org/abs/2510.12383
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ANOLLM: LARGE LANGUAGE MODELS FOR TABU-
LAR ANOMALY DETECTION
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ABSTRACT

We introduce AnoLLLLM, a novel framework that leverages large language mod-
els (LLMs) for unsupervised tabular anomaly detection. By converting tabular
data into a standardized text format, we further adapt a pre-trained LLM with
this serialized data, and assign anomaly scores based on the negative log likeli-
hood generated by the LLM. Unlike traditional methods that can require extensive
feature engineering, and often lose textual information during data processing,
AnoLLM preserves data integrity and streamlines the preprocessing required for
tabular anomaly detection. This approach can effectively handle mixed-type data,
especially those containing textual features. Our empirical results indicate that
AnoLLM delivers the best performance on six benchmark datasets with mixed
feature types. Additionally, across 30 datasets from the ODDS library, which are
predominantly numerical, AnoLLM performs on par with top performing base-
lines.

INTRODUCTION

Anomaly detection (AD) seeks to examine specific data points to identify rare, or specious oc-
currences that deviate from established behavior patterns. AD has been applied to a wide range
of applications spanning computer vision (Chandola et al., 2009), natural language processing

(NLP) (Scholkopf et al.|2001) and tabular data (Hawkins, 1980). Among these, tabular anomaly
detection 1s particularly crucial, as tabular data is a fundamental format in machine learning which

has been used extensively in applications related to cyber-attack prevention (Landauer et al.

2023

),

detecting fraudulent financial transactions (Dornadula & Geetha, 2019), and diagnosing medical

conditions (Fernando et al.||2021).




Our Model

lllustrate the role {"elements": ["DNA",
of telomeres... "Telomere", "Telomerase”,...

]

lllustrate the role {"elements": ["DNA",

k]

The prompt,

knowledge graph,

: and discipline

Biology A== fields all refer to

' the biology
domain

of telomeres... "Telomere", "Telomerase”,...
lllustrate the {"elements": ["Enlightenment",
connections... "Reason’, "ldeas",...
@ lllustrate the {"elements": ["Enlightenment’, History
connections... "Reason", "Ideas"....
A
’ GED GED Gl GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED CGED GED T L] \
7 N\
4 Dual-Obijective Training Ay
: Autoregressive objective Pairwise ranking objective :
I L I
. minimlze
: (a) —>| Multimodal LLM |—> I :
| ik |
| > :
I minimize I
l (lower is better) |
[ Mul |LLM maximize |
\ (b) 9 . tlmOda 9 (higher is better) ,
/




— Datasets: ®@ MMMGEench MMMGBench T

Split (1)
test - 4.46k rows

Q. Search this dataset

key prompt
string - lengths string - lengths

___lIllllllllllllllll __llllllllll..______
10 30 27

186

Analyze the dynamics

PhD_Biology_0 of chronic virus..

How do dCas9 and its

PhD_Biology_1 variants regulate..

What are the

PhD_Biology_2 mechanisms and..

What are the key

PhD_Biology_3 components and..

PhD_Biology 4 What is the RhoA

activation cycle an..

Q like 0

Knowledge_Graph
string - lengths

.
46

3.93k

1 "elements": [ "Primary
Infection", "Re-infection",..

i "elements": [ "dCas9",
"gRNA", "Target Gene",..

i "elements": [ "Chromosome",
"DNA", "Methyl Group", "DNA..

i "elements": [ "Cancer-
associated fibroblasts",..

i "elements": [ "RhoA", "GEF",

"GAP", "mDia", "Profilin", "F..

Annotation
string - lengths

369 9.35k

i "Definitions":
"Chronic virus..

1 "Definitions":
"The dCas9 system 1i..

1 "Definitions":
"Epigenetic changes..

i "Definitions":
"Cancer genomics..

3 "Definitions":
"The RhoA activatio..

Education
string - classes

G I I I I
6 values

PhD

PhD

PhD

PhD

PhD

Discipline
string - classes

GEEEEEEEED
10 values

Biology

Biology

Biology

Biology

Biology

HasImage

string - classes

2 values

True

True

True

True

True

Luo, Y., Yuan, R., Chen, J., Cai, H., Yue, Z., Yanq, Y., ... & Lian, Z. (2026). Mmmg: A massive, multidisciplinary, multi-
tier generation benchmark for text-to-image reasoning. Advances in Neural Information Processing Systems, 38.

base_image
image - width (px)



Table 2

AUC-ROC and F1@k scores for all six testing datasets for three models: Vanilla (no pretraining), trained
with Causal Language Modeling (CLM) and our Dual-Objective (DO) approach. K refers to the total
number of anomalies in the testing dataset.

AUC-ROC F1@k
Anomaly Category Vanilla CLM DO \Vanilla CLM DO
Random Noise 0.45 0.72 0.64 0.25 0.51 0.45
OOC Domain - Unstructured 0.39 0.53 0.99 0.21 0.30 0.93
OOC Domain - Structured 0.48 0.50 0.99 0.26 0.31 0.96
Cross-Domain Image Swap 0.39 0.52 0.99 0.22 0.31 0.99
In-column Text Swap 0.48 0.51 0.82 0.28 0.29 0.68
In-column Cell Swap 0.47 0.51 0.78 0.25 0.29 0.63



Conclusion

 Multimodal anomaly detection in structured data is important task
* A new model that improves over SOTA in the multimodal tabular setting
e Future work:

* new benchmarks and datasets

* Applications to real world settings

* |dentitfying values not just rows
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