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[Abstract]

E-commerce catalogs contain numerical noise that stays within the statistical range of a category and
thus evades distribution-based detection. This study proposes REPAIR, a training-free LLM pipeline that
detects semantic inconsistency between product names and weight values by mapping weights into
category-relative ordinal bins and scoring the margin and ordinal distance between the bin predicted via
product-contextual Chain-of-Thought reasoning and the observed bin (Category-Relative Ordinal AUM).
On 798 Amazon Berkeley Objects samples with anomalies constructed by In-Distribution Semantic Swap
over five seeds, REPAIR records an AUROC of 0.844+0.012 (+0.128 over Standard AUM) and 0.824-
0.868 across three LLMs, confirming model-agnostic behavior.

» Key words: Anomaly Detection, Large Language Model, E-commerce, Area Under the Margin,
Chain-of-Thought, Data Quality
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I. Introduction
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II. Related Work

1. Contextual and Tabular Anomaly Detection
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2. Training-Dynamics and LLM-Based Diagnostics
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III. The Proposed Scheme

1. System Overview
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Category-relative quantiles and product-name cues jointly produce anomaly scores.

Fig. 1. Overview of the proposed REPAIR pipeline
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6. Algorithmic Procedure

Table 1 REPAIR7} 71 2771 §lo] oA A4E
Artels ARLE Qofeitt. J2 =%, 7HEae], &
& FA0IH, E32 7t B9 o] JA] Aol

Table 1. Pseudocode of the proposed REPAIR pipeline

Step Procedure

1 Filter ABO items with valid product names,
categories, and weight values.

2 For each subcategory C, compute quantiles and
remove low-support or zero-variance categories.

3 Swap Q10 and Q90 weight groups to construct
in-distribution semantic anomalies.

4 Map the injected weight into a category-relative
ordinal bin using Eq. (1)-(3).

5 Prompt the LLM with masked weight information
and extract bin probabilities using Eq. (4).

6 Compute margin and Ordinal AUM score using
Ea. (5)-(6).

IV. Experimental Results

1. Experimental Setup

Aol = Amazono| F7Hgh AA| o]AHHA AFE e
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ARESIAT21]. fash B 2 7 dEe TEst
of 102,141749] AAr S HE st4shy, In-Distribution
Semantic Swapg A-&3to A5 AT 79870 AlE A
g 798715 skt

Table 2. Experimental configuration

Component
Base LLM

Configuration
Qwen2.5-7B-Instruct
Llama-3.1-8B-Instruct,

Comparison LLMs

GPT-40-mini
GPU NVIDIA TITAN RTX (24GB)
Precision float16
Number of bins (K) 5
Swap range Q10-Q90
Distance matrix 5 %5 F)rdinal
(d = 1j-kI/4)

AUROC, AUC-PR (primary),

Evaluation metrics
F1 (reference)
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Table 3. Performance comparison across 5 swap seeds
(meanzstd, seeds 42-46; single-seed N=798)

Method AUROC AUC-PR F1
1QR 0.490+0.010 | 0.561+0.006 | 0.666+0.001
Z-score 0.606+0.019 0.604+0.014 | 0.678£0.012
Isolation | 4 50540012 | 0.578+0.009 | 0.666+0.001
Forest
Taprgft' 0.513£0.017 | 0.505+0.019 | 0.666+0.001
Standard |5 21010021 | 0.69940.022 | 0.707+0.016
AUM
Ordinal
AUM 084440012 | 0.816+0.014 | 0.822+0.013
(Proposed)

IQR, Isolation Forest, Target-PPL2] F1 0.6662
@ HolHoN BE B2 UY 2AR o5 o UE}

= 7F0 Z(Precision 0.5, Recall 1.0), o] ®fHo] &
WA ORI E AR o R W] s ultitt

Standard AUM(0.716) thd] Ordinal AUM(0.844)9]
T2 olE I AR 1 Afole] AR| HEIT EA
S0l AAAC g J]ogs HoETH22].
gHH Y 5T AREShe Target-PPLO| R4 25
o & ZaTable 3)= NLL AF FZ{15]at UFH7HA|
2 LLM 7|9t &Rl M = SL7tetet oprl 7|9t A4s) 22
AN A& WP} BARE HoiE,

ot BA A}, eE9] FUAR 7] A tiy]
olgiRor 7R A dEoz IR HA0]
¥ gagdo] ipE & dF AlB). 4 1007 A4
AU=] oA precision@100& 57 Al T
0.890+0.0210]9 o{(A|EF T4 QEF 11.07), o&H
A EE 5502 UA IIER S3sk Aty 27
(bin 0)9] Q&-E0] 0.14302 7P =31 F4%] XH(bin
4)0] 0.037, £7F F7Hbin 1-3)2 0.000-0.0140f AT},
ol Al (6)] A7t AR S ol F 1710 HE A2
o vlgsl AXl= #200A vIREH, A5 7 28 Al =
o Y A ROl tigh B gl AlS AgsiH
ot RE= 29 4 Ao
3. Statistical Significance

Ordinal AUMY] 75 &2 2 7184 ti¥] A
o2 ROt 57 A% Al=(seed 42-46) 21719 Al
3 ZstofA] Ordinal AUMY} ZF 7]1&A419] AUROC X}o]
of s A& Bootstrap Resampling(N=10,000,
one-sided)& 4345t ZuH23], Table 49} Zro] ThAl 7t
Al HlaL RE B7) Al= H8(5/5)9] 95% Al#]411t 5teto]
02 =ty 2|l p-value’t 0.001 Ojgto g2 A= 3F

ol AlE I R AEE PBAN R0z o
sl
Table 4. Statistical significance via paired Bootstrap

Resampling across 5 swap seeds (N=10,000, one-sided:
AAUROC = Ordinal AUM — baseline)

A Conser
Com AUROC Range vative Max Sig.
parison (mean 9 lower P seeds
+std) CI
+0.354 | [+0.330,
IQR £0016 | +0.372] +0.278 | <0.001 5/5
Z- +0.237 | [+0.223,
score +0.019 | +0.269] *0.174 | <0.001 5/5
Isolation | +0.317 | [+0.300,
Forest +0.013 | +0.329] *0.250 | <0.001 5/5
Target- | +0.331 | [+0.304,
PPL | +0023 | +0.3¢5] | 0254 | <0001 | 5/5
Standard | +0.128 | [+0.117,
AUM | +0011 | +0.144] | Y0084 | <0001 | 5/5

4. Ablation Study
AR A= w9, A<D A2l midy], dEd JE
of A Qg asiol

A5t A, Fig. 39F #ol
Cat.-IQR Ratex= w3F ®HII HolALE  18.0%00A
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—&— Ordinal AUM - Standard AUM
(a)
0.72 4 0.7173
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2 0.6836 L ~.
0.68 v e u
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w
0.6723
0.66 T T T
b (b) 42.1%
L 40
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g 20 - 18.0%
o
©
O o0 T T T
Q25-Q75 Q10-Q90 Q5-Q95
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Fig. 3. Ablation on the swap range (validation set):
(a) AUROC of Standard and Ordinal AUM, (b) Cat.—IQR Rate

Fig. 39 AUROCE: 2% A 71502 A&Elo] A3
N 71E 4.2789) SAI9 BORES AR BlwstA) g
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5. Model-Agnostic Evaluation
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Table 5. Model-agnostic evaluation (English subset,
N=724)

Model AUROC AUC-PR F1
Qwen2.5-7B 0.853 0.823 0.841
Llama-3.1-8B 0.868 0.837 0.841
GPT-40-mini 0.824 0.796 0.769
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V. Conclusions
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