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Abstract

In the tabular domain, which is the predom-
inant data format in real-world applications,
anomalies are extremely rare or difficult to
collect, as their identification often requires
domain expertise. Consequently, evaluating
tabular anomaly detection models is challeng-
ing, since anomalies may be absent even in
evaluation sets. To tackle this challenge, prior
works have generated synthetic anomaly gener-
ation rely on statistical patterns, they often over-
look domain semantics and struggle to reflect
the complex, domain-specific nature of real-
world anomalies. We propose AutoAnoEval,
a novel evaluation framework for tabular AD
that constructs pseudo-evaluation sets with se-
mantically grounded synthetic anomalies. Our
approach leverages an iterative interaction be-
tween a Large Language Model (LLM) and a
decision tree (DT): the LLM generates realistic
anomaly conditions based on contextual seman-
tics, while the DT provides structural guidance
by capturing feature interactions inherent in
the tabular data. This iterative loop ensures
the generation of diverse anomaly conditions,
ranging from easily detectable outliers to sub-
tle cases near the decision boundary. Exten-
sive experiments on 20 tabular AD benchmarks
demonstrate that AutoAnoEval achieves supe-
rior model selection performance, with high
ranking alignment and minimal performance
gaps compared to evaluations on anomalies en-
countered in practical applications.

1 Introduction

Tabular anomaly detection (Tabular AD) is a fun-
damental task that identifies unexpected patterns
in structured tabular data, with broad applications
across finance (Carcillo et al., 2021; Schreyer et al.,
2019), cybersecurity (Xu et al., 2018; Brown et al.,
2018), healthcare (Choi et al., 2016; Purushotham
et al., 2018), and manufacturing (Malhotra et al.,
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2016; Kharitonov et al., 2022). For these appli-
cations, there have been proposed numerous AD
models, ranging from classical machine learning
to modern deep learning models. Despite these
advances, no single tabular AD model has shown
consistent superiority across all datasets (Han et al.,
2022) due to the inherent heterogeneity of tabular
data—such as varying dimensionalities, mixed fea-
ture types (e.g., categorical, numerical, textual),
and domain-specific anomaly definitions that re-
quire semantic understanding. Therefore, evaluat-
ing tabular AD models for each given dataset be-
comes crucial for robust anomaly detection (Zhao
et al., 2021; Ding et al., 2024).

Evaluating AD models requires an evaluation
set containing both ground-truth normal and abnor-
mal samples; however, constructing an appropriate
evaluation set for AD is inherently challenging.
In real-world scenarios, anomalies are extremely
rare and cost expensive to collect, often resulting
in incomplete evaluation sets containing only nor-
mal samples. The absence of anomalies prevents
reliable model selection and limits the practical de-
ployment of AD models. This raises a fundamental
research question: How can we evaluate tabular
AD models in the absence of anomalies, even within
the evaluation set?

To address this challenge, we focus on construct-
ing pseudo evaluation sets with synthetic anoma-
lies, exploiting the recent advances in large lan-
guage model (LLM) for understanding tabular se-
mantics (Han et al., 2024; Nam et al., 2024; Tsai
et al., 2025). While ADBench (Han et al., 2022) ex-
plored four categories of synthetic anomalies (e.g.,
local, global, cluster, dependency) for model selec-
tion, their practical performance remains limited,
as illustrated in Figure 1. The key observation un-
derlying these discrepancies is that such categories
rely solely on numerical distributions, overlooking
the rich semantic context of tabular data, where
contextual relationships and domain-specific con-

3546



straints fundamentally define anomaly conditions.
On the other hand, recent LLM have shown promis-
ing capabilities in capturing tabular semantic infor-
mation, suggesting their potential to generate more
realistic anomaly conditions that better reflect real-
world complexity.

Motivated by the potential of LLMs to cap-
ture domain semantics beyond numerical pat-
terns, in this paper, we introduce AutoAnoEval, a
novel framework that facilitates the construction
of pseudo evaluation sets by synthesizing realistic
anomaly conditions. In particular, we propose de-
cision tree (DT)-guided LLM reasoning process,
accomplishing two essential properties for reliable
best model selection. First, AutoAnoEval ensures
model ranking alignment, where the relative per-
formance ordering of candidate models in pseudo
evaluation matches their true rankings, enabling
accurate identification of top-performing models
even with subtle performance differences (Shoshan
et al., 2023). Second, it achieves performance
gap minimization, ensuring that pseudo evalua-
tion scores closely approximate real performance,
thereby reducing deployment risks from overesti-
mation.

To accomplish the desired properties, our frame-
work first prompts an LLM to generate anomaly
conditions that capture domain-specific semantics
by leveraging the rich contextual information of
each tabular dataset (Section 3.1). To further en-
rich this process, we introduce an iterative deci-
sion tree (DT)-guided LLM reasoning process (Sec-
tion 3.2). At each iteration, a DT model is trained
on the current pseudo evaluation set, and its nor-
mal paths are extracted to reveal feature interac-
tions that describe normal behavior. The LLM
then extends these paths with semantically inconsis-
tent conditions, resembling realistic failure patterns.
Through this process, our framework generates di-
verse anomaly conditions ranging from obvious
to challenging cases near the decision boundary.
To ensure the most effective combinations, we fur-
ther select the best iteration considering condition
diversity. Finally, we evaluate candidate AD mod-
els on this pseudo evaluation set to identify the
best-performing model (Section 3.3). Thereby, our
pseudo evaluation sets provide sufficient discrimi-
native power across models while offering reason-
able performance estimates that closely approxi-
mate those on real-world anomalies.

Figure 1: Comparison of pseudo- vs. real-evaluation
performance on gallstone dataset. (a) Average rank-
ing alignment to ground-truth ranks across diverse
seeds. AutoAnoEval consistently achieves high align-
ment across all ranks, while baseline methods show de-
clining accuracy. (b) Performance gap between pseudo-
and real-evaluation results of the best models selected
by each method. Baseline methods exhibit significant
performance degradation on real evaluation, whereas
AutoAnoEval achieves comparable performance with
minimal gap.

To sum up, our contributions are summarized as
follows:

• We propose AutoAnoEval, the first framework
that enables rigorous comparison of tabular AD
models in the absence of anomalies, even within
the evaluation set.

• By constructing pseudo evaluation sets with
anomaly conditions that reflect real-world sce-
narios, AutoAnoEval effectively selects the
best model. To achieve this, we propose a DT-
guided LLM reasoning process that leverages
both structural and semantic information of tab-
ular datasets.

• We empirically validate our approach on 20 tab-
ular AD benchmarks, demonstrating its superior
best model selection performance by ensuring
model ranking alignment and performance gap
minimization.
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Figure 2: Overview of AutoAnoEval. Step 1: LLM generates initial anomaly conditions using tabular data and
semantic context. Step 2: Through iterative DT-guided reasoning, CART extracts normal paths which LLM extends
into refined anomaly conditions, creating diverse synthetic anomalies from obvious to boundary cases. Step 3:
Candidate models are evaluated on the pseudo evaluation set for reliable best model selection.

2 Related Work
2.1 Automatic Model Selection
Selecting the best model in tabular AD remains
challenging, especially when anomalies are un-
available during both training and evaluation. Prior
work addresses this through meta-learning on his-
torical datasets (Zhao et al., 2021, 2022; Ding
et al., 2024), but often struggles to generalize to
unseen domains. More recent zero-shot meth-
ods (Chen et al., 2025; Yang et al., 2025) utilize
LLM prompted with dataset-level summaries, yet
still lack domain-specific information. Comple-
menting these efforts, recent advances have demon-
strated the potential of synthetic data for model
evaluation (Shoshan et al., 2023; van Breugel et al.,
2023; Boyeau et al., 2024), showing its effective-
ness in estimating performance and enabling fine-
grained testing across diverse domains. Synthetic
evaluation strategies such as Han et al. (2022) fur-
ther show that generating predefined anomaly types
can guide model selection. However, these meth-
ods assume prior knowledge of anomaly character-
istics—which is rarely available in practice—and
often fail to capture the heterogeneity of real-
world patterns. In this work, we aim to construct
domain-aware pseudo evaluation sets by synthe-
sizing anomalies from diverse and semantically
grounded conditions that reflect real-world scenar-

ios.
2.2 Large Language Models for Tabular

Learning
Recent advances have demonstrated the potential
of LLM in tabular learning. Several works have ex-
plored adapting LLM for tabular prediction via text
serialization—Dinh et al. (2022) and Hegselmann
et al. (2023) fine-tune GPT-3 and T0, respectively,
by converting structured data into natural language
formats. Extending this to AD, Tsai et al. (2025)
pre-trained LLM with serialized tabular inputs and
assign anomaly scores based on the negative log-
likelihood. More recently, (Yoon et al., 2025) devel-
oped benchmarks with rich metadata and demon-
strated zero-shot anomaly detection, validating that
LLM can leverage contextual information without
task-specific training. To enhance LLM’ under-
standing of tabular structures, Nam et al. (2024)
incorporate DT feedback for context-aware fea-
ture generation, improving classification perfor-
mance. Inspired by this DT-LLM synergy, our
framework employs iterative DT-guided LLM rea-
soning specifically for generating realistic anomaly
conditions that capture domain-relevant patterns.

3 Methodology
In this section, we introduce AutoAnoEval, a novel
framework for constructing effective pseudo evalu-
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ation sets by synthesizing semantically grounded
anomaly conditions. In a nutshell, our approach
leverages iterative interaction between LLM and
DT to progressively refine conditions toward real-
istic anomalous patterns. Concretely, we begin by
generating initial semantic-aware anomaly condi-
tions using the LLM’s understanding of tabular se-
mantics (Section 3.1). We then iteratively enhance
these conditions by extending normal paths from
DT into semantically inconsistent patterns (Sec-
tion 3.2). Finally, we evaluate candidate models
on the pseudo evaluation set including the refined
anomaly conditions and select the best-performing
model (Section 3.3). Figure 2 provides an overview
of the entire pipeline.

Problem Setup. We consider a tabular data space
X with S columns, expressed asX = F1×· · ·×FS

where Fi denotes the i-th column space. Each
has a heterogeneous type such as numerical, cate-
gorical, or textual. Following the standard one-
class setting, the training dataset Dtrain ⊆ X
consists only of normal samples, and a pool of
candidate AD modelsM = {M1,M2, . . . ,Mm}
is trained on this normal-only data. While stan-
dard evaluation assumes access to both normal
and anomalous samples, we consider a more real-
istic scenario where the evaluation set Deval ⊆ X
also contains only normal samples, making model
selection challengingdue to the absence of real
anomalies. To address this, we generate a synthetic
anomaly set Dabn to construct a pseudo evaluation
set, D̃eval := Deval ∪ Dabn. Based on the pseudo
evaluation set, we select the best model:

M∗ = arg max
M∈M

Score(M, D̃eval), (1)

where Score(·) denotes a standard evaluation met-
ric (e.g., AUROC or AUPRC). Our goal is to ensure
that the selected model M∗ is expected to maintain
robust generalization to ensure high performance in
actual deployment environments where real anoma-
lies emerge.

3.1 Semantic-Aware Anomaly Condition
Initialization

AutoAnoEval begins by generating semantic-aware
anomaly conditions through reasoning about intri-
cate domain-specific irregularities potentially en-
countered in real-world. To this end, we prompt an
LLM with an initial prompt Pinit, which is con-
structed using two sources of information: a set
of randomly selected n normal samples Dsub =

{x1, . . . ,xn} from Deval and a rich semantic
context C consists of dataset-level descriptions
Cdataset, feature-level metadata Cfeat (e.g., names,
units, definition), and statistical summaries Cstat
(e.g., ranges, means, standard deviations, quan-
tiles) of X . To fully leverage the semantic con-
text C, the initial prompt Pinit is designed to in-
duce a step-wise chain-of-thought (CoT) reasoning
process. Specifically, Pinit instructs the LLM to
first identify normal patterns of feature relation-
ships and valid value combinations, then generate
anomaly conditions that deviate from these seman-
tic patterns.

A(0) = LLM(Pinit(Dsub, C)). (2)

As shown in Figure 2, the output A(0) contains k
initial conditions, a(0)1 , a

(0)
2 , . . . , a

(0)
k , where each

condition consists of individually valid feature
values but semantically inconsistent combination.
Based on these conditions, we generate synthetic
anomalies by directly sampling data points from
regions that satisfy these logical conditions using
rule-based generation. The resulting pseudo eval-
uation set is denoted as D(0)

abn = Sampling(A(0)).
While this initial set captures semantic inconsisten-
cies, it often lacks coverage of sufficiently diverse
or challenging anomaly scenarios, limiting its abil-
ity to reveal differences in model capability.

3.2 Iterative Decision Tree-Guided LLM
Reasoning

We now introduce an iterative refinement loop in
which DT-based structural learning progressively
guides LLM reasoning toward generating refined
anomaly conditions.

3.2.1 Normal Path Extraction from Decision
Trees

At each iteration t ∈ {1, . . . , T}, we train a CART,
T (t), on the pseudo evaluation set from the previ-
ous iteration:

T (t) = CART(Deval ∪ D(t−1)
abn ).

Intuitively, decision tree paths provide valuable
insights from the entire dataset, explicitly revealing
which features and thresholds are most effective
at distinguishing anomalies from normal patterns.
From T (t), we randomly extract k normal paths
that lead to normal leaf nodes:

N (t) = {n(t)
1 , n

(t)
2 , . . . , n

(t)
k }.
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Each n
(t)
i is naturally expressed using a simple

if-else syntax, allowing the LLM to better in-
terpret the linguistic structure (Nam et al., 2024).
By extracting paths of varying depths, we cap-
ture diverse normal patterns ranging from simple
cases (shallow paths) to complex boundary regions
(deep paths). This hierarchical structure provides
comprehensive guidance for subsequent anomaly
generation. To provide additional guidance to the
LLM, we compute the conditional entropy of re-
maining unused features within each path’s leaf
node, denoted asH(t), where higher entropy indi-
cates greater value diversity and potential informa-
tiveness.

3.2.2 LLM-Based Path Extension to Anomaly
Conditions

Using the extracted normal paths N (t) and the
entropy information of unused features H(t), we
guide the LLM to synthesize refined anomaly con-
ditions as follows:

A(t) = LLM(Pext(Dsub, C,N (t),H(t))). (3)

Specifically, for each normal path n
(t)
i , our prompt

Pext guides the LLM to construct an anomalous
condition a

(t)
i ∈ A(t) by appending a semantically-

violating constraint that contradicts n(t)
i . As illus-

trated in Figure 3, the LLM follows a structured
CoT process: it analyzes the normal pattern, iden-
tifies informative unused features using entropy,
recognizes contextual edge cases, and finally se-
lects anomalous feature-threshold combinations.
Each step produces intermediate reasoning, and
an explanation for why the generated condition
constitutes a realistic yet semantically inconsistent
anomaly. Moreover, leveraging the diverse depth
of normal paths allows stratified generation from
obvious anomalies to challenging cases near the
decision boundary. This procedure is iterated for a
fixed number and at each iteration t, we generate
the synthetic anomaly set as

D(t)
abn = Sampling(A(0) ∪ A(1) ∪ · · · ∪ A(t)),

where anomaly conditions from all previous itera-
tions are accumulated. Through this approach, we
ensures comprehensive coverage of the anomaly
space and prevents the model from relying solely
on the most recent refinement.

3.3 Model Evaluation and Selection
To ensure that the most realistic and diverse pseudo
evaluation set is used for model comparison, we

Figure 3: Pext structure and LLM response example
on Equip dataset.The upper part shows how semantic
context, tabular subset, and decision tree paths are in-
tegrated into the prompt, while the lower part presents
the step-by-step responses and reasoning results about
extends normal paths into meaningful anomaly condi-
tions.
determine the best iteration using the anomaly con-
dition diversity score (ACDS):

t∗ = arg max
t∈{1,...,T}

ACDS(t),

ACDS(t) = Φ
(t)
spread +Φ(t)

sem.
(4)

Specifically, we combine (i) a feature spread score
Φ
(t)
spread, which measures how broadly the gener-

ated anomalies deviate from normals by averaging
the ratio of anomaly range to normal range across
features, and (ii) a semantic diversity score Φ

(t)
sem,

which captures variety by embedding anomaly con-
dition texts with TF-IDF, computing pairwise co-
sine similarities, and taking one minus the average
similarity. After identifying the best accumulated
iteration t∗, we obtain the final pseudo evaluation
set D̃eval, which combines the normal evaluation
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set Deval with the generated anomaly set D(t∗)
abn .

We then rigorously evaluate all candidate models
M = {M1, . . . ,Mm} on D̃eval. For each model
Mi, we compute Score(Mi, D̃eval) using a stan-
dard evaluation metric (e.g., AUROC or AUPRC)
and select the best-performing model, M∗, accord-
ing to Equation 1.

4 Experiments

In this section, we address a key challenge in tabu-
lar AD: How can we evaluate tabular AD models in
the absence of anomalies, even within the evalua-
tion set? To comprehensively answer this question,
we investigate the following research questions:

• RQ1: Does AutoAnoEval outperform at best
model selection in tabular AD?

• RQ2: Does AutoAnoEval improve the model
rankings alignment with real evaluation?

• RQ3: Does AutoAnoEval reduce the perfor-
mance gap between pseudo and real evaluation?

4.1 Experiments Settings

Datasets. We conduct our evaluation with 20
benchmarks on ReTabAD (Yoon et al., 2025),
which provide tabular AD benchmark including
rich textual semantics. Each dataset includes com-
prehensive descriptions at both the dataset and col-
umn levels, encompassing diverse domains such as
manufacturing, healthcare, finance, and telecom-
munications. In our experiments, we follow a strict
protocol: the training datasetDtrain and the evalua-
tion set Deval consists solely normal samples. The
test set Dtest containing real anomalies is strictly
reserved for final evaluation—never accessed dur-
ing training or model selection.

Baselines. Our evaluation encompasses three dis-
tinct approaches to the tabular AD model selection:
(a) No model selection. This approach deploys
single detectors without selection—reflecting com-
mon practice when evaluation set is unavailable.
(b) Model selection without pseudo evaluation.
These methods select models using dataset statis-
tics or meta-features. MetaOD trains a meta-learner
on historical task similarity. PyOD2 prompts LLMs
with statistical summaries and model characteris-
tics. AD-Agent uses simple metadata for LLM-
based selection.
(c) Model selection with statistical pseudo eval-
uation. These methods constructs pseudo evalua-
tion sets using synthetic anomalies—local, global,

Figure 4: Average AUROC ranking of selected best
models. Evaluated across 20 tabular AD datasets, Au-
toAnoEval achieves the lowest (best) average rank of
2.25, substantially outperforming all baseline methods.

Figure 5: Comprehensive ranking and AUROC per-
formance across all baselines. Boxplots over 20
datasets: Color groups indicate different approaches:
pink (no model selection), blue (model selection with-
out pseudo-evaluation), green (model selection with
statistical pseudo-evaluation), purple (AutoAnoEval).
AutoAnoEval achieves the best performance with low
variance.
dependency, and cluster—derived from statistical
properties AD-Bench. We additionally evaluate a
mixed strategy combining all four types to better
reflect real-world heterogeneity.

Evaluation Metrics. We evaluate model selec-
tion performance by ranking best models based on
their Area Under the Receiver Operating Character-
istic Curve (AUROC), where a lower rank indicates
better performance (rank 1 = best). To assess rank-
ing consistency, we compute the Spearman rank
correlation between the model rankings obtained
from the pseudo-evaluation set and the test set. Fi-
nally, to measure the accuracy of performance esti-
mation, we report the Mean Absolute Error (MAE)
between AUROC values. To ensure robustness,
each experiment is repeated five times with dif-
ferent random seeds, and the reported scores are
averaged across runs.
Implementation Details. We evaluate 18
anomaly detection models spanning classical and
deep learning approaches (full list in Appendix 5).
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Figure 6: Win-rate of ranking preservation perfor-
mance across 20 benchmarks. (a) Spearman rank
correlation between pseudo- and real-evaluation rank-
ings. (b) Pairwise win-rate showing how often relative
model orderings are correctly preserved. AutoAnoEval
achieves the highest scores in both metrics, demonstrat-
ing strong and consistent ranking fidelity.

For LLM-based anomaly generation, Gemini-
1.5-Flash employed. We generate synthetic
anomalies equal to the number of normal samples
in the evaluation set, ensuring balanced pseudo
evaluation sets. The iterative refinement process
runs for T = 5 iterations, with k = 10 normal
paths extracted per iteration.

4.2 Main Results

RQ1: Does AutoAnoEval outperform at best
model selection in tabular AD? AutoAnoEval con-
sistently achieves superior performance in best
model selection compared to all baselines. Fig-
ure 4 presents the average AUROC rankings on the
test setDtest for the best models identified by each
selection method. Our approach achieves the low-
est (i.e., best) average ranking of 1.85, substantially
outperforming all baseline methods. Moreover, the
boxplot comparison in Figure 5 illustrates both the
overall rankings and AUROC distributions across
all datasets, including the no model selection set-
ting. AutoAnoEval not only achieves the highest
average AUROC and the lowest average rank, but
also exhibits markedly lower variance (i.e., shorter
whiskers) than other methods. These results in-
dicate that AutoAnoEval enables more stable and
reliable model selection, maintaining consistent
effectiveness across diverse tabular AD scenarios.
RQ2: Does AutoAnoEval improve the model rank-
ings alignment with real evaluation? AutoA-
noEval demonstrates the strongest ranking align-
ment with real test evaluations, achieving the high-
est Spearman rank correlation and pairwise win-
rate among all methods, as shown in Figure 6.
These results are computed across 20 benchmark
datasets with 5 random seeds each, and the win-

Figure 7: Average performance gap of selected best
models. AutoAnoEval achieves the lowest MAE, sub-
stantially reducing the discrepancy between pseudo- and
real-evaluation sets compared to all baselines.

rate represents how often each method wins others
in ranking preservation. In detail, the Spearman
rank correlation (Figure 6a) quantifies the overall
consistency between pseudo-evaluation and real-
evaluation rankings, while the pairwise win-rate
(Figure 6b) measures how reliably each method
maintains the relative orderings between model
pairs. AutoAnoEval significantly surpasses all
baselines in both metrics, with a clear margin over
the second-best method. This robust rank preserva-
tion is particularly valuable in real-world deploy-
ment scenarios: even when the top-performing
model cannot be adopted due to practical con-
straints, practitioners can still confidently select
from among the top-ranked alternatives within a
reliable ranking hierarchy.
RQ3: Does AutoAnoEval accurately approximate
each model’s real performance? AutoAnoEval sig-
nificantly reduces the performance gap (MAE) be-
tween pseudo and real evaluations of selected best
models (Figure 7). This represents a 39% reduction
compared to the second-best method, demonstrat-
ing AutoAnoEval’s ability to generate synthetic
anomalies that closely reflect real-world charac-
teristics. Such accurate performance approxima-
tion is critical in high-stakes domains, where even
small mispredictions can incur substantial costs.
By providing reliable pre-deployment performance
estimates, AutoAnoEval empowers practitioners to
make informed decisions that ensure both opera-
tional effectiveness and safety.

4.3 Analysis

Ablation on Semantic Context C. To assess the
contribution of each context component, we con-
duct an ablation study across different combina-
tions of context types. As described in Section 3.1,
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Table 1: Performance Comparison across Different
Context Types on the AutoAnoEval. Adding richer
semantic context consistently improves both AUROC
and MAE.

Context Information Metrics

Cstat Cfeat Cdataset Avg. AUROC ↓ Avg. MAE ↓
✓ ✗ ✗ 0.755 0.278
✓ ✓ ✗ 0.789 0.154
✓ ✓ ✓ 0.809 0.127

Table 2: LLM Reasoning Quality Evaluation across
Iterations. Comparison of five reasoning metrics and
overall score across iterations.

Reasoning
Metrics Iter 1 Iter 2 Iter 3 Iter 4

Realism 0.6425 0.7094 0.7128 0.6763
Specificity 0.6992 0.7494 0.7408 0.7150
Boundary Align. 0.5867 0.6600 0.6625 0.5975
Complexity Bal. 0.7450 0.8256 0.7917 0.7575
Anomaly-ness 0.6100 0.6763 0.6655 0.6373

Overall Score 0.6450 0.7209 0.7170 0.6633

our framework utilizes three types of context: sta-
tistical summaries Cstat, feature-level descriptions
Cfeat, and dataset-level descriptionsCdomain. Ta-
ble 1 shows that using only Cstat results in limited
performance, indicating that statistical information
alone is insufficient. Incorporating feature-level
context improves performance significantly and the
full context setting achieves the best results. This
progression demonstrates that rich semantic infor-
mation is crucial for generating realistic anomalies
that capture intricate anomaly scenarios.

Tree-guided LLM Reasoning Quality Evalua-
tion. To assess the effectiveness of our iterative
anomaly condition generation process, we quan-
titatively evaluate the quality of generated condi-
tions at each iteration using five complementary
reasoning metrics: realism, specificity, boundary
alignment, complexity balance, and anomaly-ness.
We employ Gemini-2.0-Pro as an independent eval-
uator, a more advanced model than the Gemini-
1.5-Flash used for generation, to ensure unbiased
assessment. As shown in Table 2, the results reveal
that condition quality peaks at iterations 2-3, align-
ing with our ACDS-based best iteration selection
results. These findings provide further empirical
support for selecting the best iteration rather than
defaulting to the final one, preventing the use of
sub-optimal synthetic data and enabling a truly ro-
bust model evaluation.

Table 3: Average AUROC and ranking with training-
time exposure of AutoAnoEval generated anomalies.
AutoAnoEval yields the best performance, demonstrat-
ing the effectiveness of its synthetic anomalies for de-
tector training.

Method Metrics

Avg. AUROC ↑ Avg. Rank ↓
IForest 0.778 7.55
OCSVM 0.803 5.45
LOF 0.761 7.5
DeepSVDD 0.796 6.45
NeuTraL 0.818 4.35
SLAD 0.817 5.45
DIF 0.742 7.7
MCM 0.825 3.95
DRL 0.801 6.25
AnoLLM 0.769 7.35

AutoAnoEval 0.842 3.0

Effect of Synthetic Anomalies on Training. We
explore whether our synthetic anomalies can en-
hance detector performance through training-time
exposure. To this end, we incorporate the gener-
ated anomalies into the training process using a
contrastive learning framework, where synthetic
outliers serve as negative samples to help detec-
tors learn more discriminative decision boundaries.
Table 3 demonstrates that this approach yields con-
sistent improvements. Specifically, AutoAnoEval
achieves the highest average AUROC and the low-
est average rank with synthetic anomaly exposure,
indicating more robust performance across diverse
datasets. These gains validate that our generated
anomalies enable detectors to learn more compre-
hensive representations of anomalous behaviors
when exposed during training. Detailed per-dataset
results across all 20 benchmarks are provided in
Appendix D.2.

5 Conclusion
This work presented AutoAnoEval, the novel
framework that addresses the challenge of model
selection in tabular AD when anomalies are ab-
sent in both training and evaluation sets. Our key
idea lies in constructing pseudo evaluation sets by
synthesizing semantic-aware anomaly conditions
through iterative decision tree-guided LLM reason-
ing. This approach effectively captures the com-
plexity of real-world anomalous patterns. Through
iterative refinement, AutoAnoEval progressively
enriches anomaly conditions from easily detectable
cases to subtle boundary scenarios, thereby en-
abling robust model selection. Experiments on
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20 benchmarks confirm that pseudo evaluation sets
generated by AutoAnoEval preserve both model
ranking alignment and performance fidelity com-
pared to real anomaly evaluation. These results
demonstrate that pseudo evaluation can serve as a
reliable alternative when real anomalies are unavail-
able, supporting robust deployment of anomaly de-
tection systems in practical settings.

Limitations. While our framework demonstrates
strong performance across diverse tabular bench-
marks, it assumes the availability of meaningful
semantic context. In domains with limited meta-
data or poorly structured features, the quality of
LLM-generated anomalies may degrade. Addition-
ally, our iterative refinement process incurs com-
putational costs from repeated LLM queries and
decision tree training.

Ethical Considerations. The deployment of
anomaly detection systems, even when evaluated
using our framework, requires careful ethical con-
sideration. While our pseudo evaluation approach
reduces the barrier to AD system deployment, prac-
titioners should remain aware that synthetic evalua-
tion cannot capture all real-world complexities and
biases. Additionally, We recommend that practi-
tioners should establish monitoring systems to track
actual performance post-deployment and compare
it with pseudo evaluation estimates to ensure re-
sponsible use.
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A Experimental Setting Details.

A.1 Dataset Details.
We conduct our experiments on 20 tabular datasets
from ReTabAD (Yoon et al., 2025), a compre-
hensive benchmark specifically designed for tab-
ular anomaly detection with rich textual seman-
tics. The benchmark spans diverse domains in-
cluding healthcare (7 datasets: cardiotocography,
cirrhosis, glioma, stroke, gallstone, vertebral, wbc),
finance (campaign, credit, churn), cybersecurity
(backdoor), manufacturing (automobile, equip),
and scientific areas such as biology (yeast), as-
tronomy (quasar), and geophysics (seismic). Ta-
ble 4 provides detailed statistics for each dataset.
Each dataset includes comprehensive textual de-
scriptions at both dataset and column levels, pro-
viding domain context, feature semantics, and unit
information. This semantic richness enables LLMs
to leverage their language understanding capabil-
ities for domain-aware reasoning about anomaly
patterns.

A.2 Tabular AD Models.
We evaluate 17 diverse anomaly detection methods
spanning both classical machine learning and deep
learning approaches (Table 5). The classical meth-
ods (11 models) include density-based approaches
(LOF, COF, CBLOF), distance-based methods
(KNN, ABOD), tree-based isolation techniques
(IForest), statistical approaches (PCA, MCD, CO-
POD, HBOS), and ensemble methods (LODA).
The deep learning methods (6 models) employ neu-
ral architectures to learn complex representations
of normal data. These include reconstruction-based
approaches (AutoEncoder), methods combining
deep learning with traditional one-class classifi-
cation (DeepSVDD), self-supervised techniques
(LUNAR), and generative adversarial networks
(ALAD, MO-GAAL, SO-GAAL) that learn to dis-
tinguish normal from anomalous patterns through
adversarial training. Table 5 provides detailed de-
scriptions of each method. All methods follow
the unsupervised paradigm, training exclusively on
normal or predominantly normal dataset.

B Core Algorithm of AutoAnoEval.

Algorithm 1: AutoAnoEval: Tree-Guided
LLM Reasoning for Model Selection

Input: Tabular dataset X , Training set
Dtrain, Evaluation set Deval,
Semantic context C, Candidate
modelsM, Iterations T

Output: Best model M∗

// Phase 1: Semantic-Aware
Initialization

Xsub ← RandomSample(Deval, n);
Cstat ← ComputeStatistics(X );
C ← Cdataset ∪ Cfeat ∪ Cstat;
A0 ← LLM(Pinit(Xsub, C));
D(0)

abn ← Sampling(A0);
A ← A0;
// Phase 2: Iterative Tree-Guided

Refinement
for t = 1 to T do
Tt ← CART(Deval ∪ D(t−1)

abn );
Nt ← ExtractNormalPaths(Tt, k);
Ht ← ComputeConditionalEntropy(Tt,
Nt);
At ← LLM(Pext(Xsub, C,Nt,Ht));
A ← A∪At;

D(t)
abn ← Sampling(A);

// Phase 3: Model Evaluation and
Selection

t∗ ← argmaxt∈{1,...,T} ACDS(t);

D̃eval ← Deval ∪ D(t∗)
abn ;

foreach Mi ∈M do
si ← Score(Mi, D̃eval);

M∗ ← argmaxMi∈M si;
return M∗;
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Table 4: Dataset statistics and domain information. Summary of the 20 tabular datasets from ReTabAD (Yoon
et al., 2025) used in our experiments. Each dataset includes rich textual metadata at both the dataset and column
levels, enabling domain-aware semantic reasoning for anomaly condition generation.

Dataset Name Domain Datapoints Columns Normal Count Anomaly Count Anomaly Ratio (%)

automobile Manufacturing 159 26 117 42 26.42
backdoor Network 50,000 42 48,780 1,220 2.44
campaign Finance 7,842 16 6,056 1,786 22.77
cardiotocography Healthcare 2,126 21 1,655 471 22.15
census Demographics 50,000 41 47,121 2,879 5.76
churn Telecommunications 7,032 20 5,163 1,869 26.6
cirrhosis Healthcare 247 17 165 82 33.20
covertype Environment 50,000 12 49,520 480 0.96
credit Finance 30,000 23 23,364 6,636 22.12
equip Manufacturing 7,672 6 6,905 767 10.00
gallstone Healthcare 241 38 161 80 33.20
glass Forensics 214 9 163 51 23.83
glioma Healthcare 730 23 487 243 33.29
quasar Astronomy 50,000 8 40,520 9,480 18.96
seismic Geophysics 2,584 18 2,414 170 6.58
stroke Healthcare 4,909 10 4,700 209 4.26
vertebral Healthcare 310 6 210 100 32.26
wbc Healthcare 535 30 357 178 33.27
wine Chemistry 178 13 130 48 26.97
yeast Biology 1,484 8 1,389 95 6.40

Table 5: Summary of baseline anomaly detection methods. Classical and deep learning models are grouped
separately. All methods are unsupervised, trained only on normal or unlabeled data.

Model Description

IForest (Liu et al., 2008) Isolation Forest; isolates points via random partitions, anomalies have shorter paths.
KNN (Ramaswamy et al., 2000) k-Nearest Neighbors; anomalies lie far from dense neighbor clusters.
LOF (Breunig et al., 2000) Local Outlier Factor; detects points with low local density vs neighbors.
PCA (Shyu et al., 2003) Principal Component Analysis; uses reconstruction error in low-dimensional space.
COF (Tang et al., 2002) Connectivity-based Outlier Factor; considers chaining distance for density-robust detection.
COPOD (Li et al., 2020) Copula-based; estimates tail probabilities without parameters.
HBOS (Goldstein and Dengel, 2012) Histogram-based; uses inverse histogram density, assumes feature independence.
MCD (Hardin and Rocke, 2004) Minimum Covariance Determinant; detects outliers via robust Mahalanobis distance.
LODA (Pevný, 2016) Lightweight Online Detector; ensemble of sparse 1D projections with histograms.
CBLOF (He et al., 2003) Cluster-Based LOF; combines clustering and local density for anomaly scores.
ABOD (Kriegel and Zimek, 2008) Angle-Based Outlier Detection; identifies outliers via variance of point angles.

AutoEncoder (Aggarwal, 2015) Learns compressed representation; high reconstruction error signals anomaly.
DeepSVDD (Ruff et al., 2018) Maps data into minimum-volume hypersphere; distant points are anomalous.
LUNAR (Goodge et al., 2022) Self-supervised + GNN; captures normal/abnormal representation without labels.
ALAD (Zenati et al., 2018) GAN-based bidirectional mapping; misaligned mappings indicate anomalies.
MO-GAAL (Liu et al., 2019) Multiple GAN generators; produce diverse synthetic outliers for robust detection.
SO-GAAL (Liu et al., 2019) Single GAN generator; adversarially refines normal–abnormal boundary.
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C Prompt Templates and Response
Examples

Figure 8: Prompt–Response pair for anomaly con-
dition initialization. (Prompt A) guides the LLM to
generate initial anomaly conditions based on semantic
and statistical context, while (Response A) presents
representative LLM-generated anomaly conditions fol-
lowing this guidance on Cirrhosis dataset.

Figure 9: Prompt–Response pair for path extension-
based anomaly generation. (Prompt B) guides the
LLM to extend decision tree paths using conditional
entropy, and (Response B) illustrates representative re-
fined anomaly conditions generated through this process
on Cirrhosis dataset..
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D Full Performance Results.

D.1 Full Best Model Selection Results.

Table 6 reports the full AUROC performance of
all baseline methods and our proposed approach
on the AutoAnoEval benchmark. The results are
obtained by evaluating the best model selected
by each method on the ground-truth test set con-
taining both normal and anomalous samples. For
AutoEncoder and DeepSVDD, we directly report
their single-model performance without model se-
lection, as they are widely used one-class baselines.
The other methods—MetaOD, PyOD2, AD-Agent,
ADBench (mixed), and AutoAnoEval —perform
model selection for each dataset. In particular,
ADBench uses a mixture of local, global, cluster,
and dependency-type synthetic anomalies as val-
idation signals. From the table, we observe that
our method, AutoAnoEval, achieves the best av-
erage AUROC score and the lowest average rank
across all datasets, outperforming existing model
selection approaches. This demonstrates the effec-
tiveness of our synthetic anomaly generation strat-
egy, which enables more reliable model selection
and ultimately yields stronger anomaly detection
performance on real-world test data.

D.2 Full Training-time Anomaly Exposure
Results

To evaluate the utility of synthetic anomalies for
detector training, we incorporate the generated
outliers using a contrastive learning framework.
Specifically, we maintain the same ratio of normal
samples to synthetic outliers as used in our evalua-
tion protocol. During training, synthetic anomalies
serve as negative samples in the contrastive objec-
tive, enabling detectors to learn more discrimina-
tive representations by exposure to diverse anomaly
patterns. Each experiment is conducted with five
independent runs using different random seeds to
ensure statistical reliability.

Table 7 presents the complete dataset-level re-
sults for all 20 datasets and 11 methods. The con-
sistent improvements across diverse datasets vali-
date that our synthetic anomalies capture domain-
specific failure modes rather than arbitrary statis-
tical deviations. The synthetic outliers effectively
serve as an auxiliary anomaly set, providing de-
tectors with exposure to realistic failure scenarios
.

E Comparison of the LLMs
Table 8 summarizes the average AUROC and over-
all ranking across the evaluated LLMs. Overall,
all models demonstrate reasonably strong perfor-
mance, with average AUROC scores, indicating
that large language models can effectively sup-
port anomaly detection in our setting. Among
them, Gemini-2.0-pro achieves the best overall
performance, obtaining the highest average AU-
ROC (0.828) and the lowest average rank (1.72).
Gemini-1.5-flash shows the second-best perfor-
mance. Given its efficiency-oriented design, this
suggests a favorable balance between computa-
tional cost and predictive performance.

Table 8: Average AUROC and ranking comparison
across different LLMs used in AutoAnoEval.

LLM Metrics

Avg. AUROC ↑ Avg. Rank ↓
GPT-4o-mini 0.795 2.55
GPT-4.1 0.792 2.89
Claude-3.7-sonnet 0.755 3.21
Gemini-1.5-flash 0.815 1.85
Gemini-2.0-pro 0.828 1.72

F Comparison of the DTs
Many tabular prediction tasks show that deci-
sion trees (DTs) often outperform deep learn-
ing models by capturing fine-grained local pat-
terns in structured data. Prior work (Nam et al.,
2024) also demonstrates that DTs can effectively
transfer structural knowledge to LLMs through
interpretable decision paths. Motivated by this,
our method leverages DT-derived paths to ground
anomaly generation in local feature interactions
and decision boundaries. We adopt the CART vari-
ant due to its binary splits, which yield short and
interpretable if–else paths aligned with LLM rea-
soning. In contrast, J48 (C4.5) produces more com-
plex multi-way splits. As shown in Table 9, CART
consistently achieves higher average AUROC and
better rankings.

Table 9: Average AUROC and ranking comparison
across decision tree algorithms used in AutoAnoEval.

Method Metrics

Avg. AUROC ↑ Avg. Rank ↓
MetaOD 0.768 3.63
PyOD2 0.760 4.29
AD-Agent 0.739 4.62
ADBench 0.760 3.89

AutoAnoEval (J48) 0.798 2.32
AutoAnoEval (CART) 0.815 1.97
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Table 6: AUROC performance of best-selected models on the AutoAnoEval. The best results per dataset are in
bold, and the second-best are underlined. Results are reported on ground-truth test sets containing both normal and
anomalous samples, averaged over five independent runs. Our method AutoAnoEval achieves the highest average
AUROC score and the best average rank across datasets.

Dataset Baselines AutoAnoEval
MetaOD PyOD2 AD-Agent ADBench

automobile 0.758 0.682 0.618 0.748 0.765
backdoor 0.812 0.800 0.862 0.870 0.864
campaign 0.728 0.739 0.728 0.758 0.738
cardiotocography 0.762 0.794 0.826 0.726 0.759
census 0.643 0.652 0.633 0.611 0.707
churn 0.558 0.511 0.418 0.613 0.671
cirrhosis 0.820 0.823 0.841 0.867 0.784
covertype 0.995 0.990 0.963 0.990 0.991
credit 0.666 0.667 0.622 0.527 0.610
equip 0.983 0.924 0.981 0.970 0.987
gallstone 0.573 0.558 0.563 0.526 0.670
glass 0.975 0.971 0.980 0.595 0.984
glioma 0.652 0.639 0.652 0.690 0.740
quasar 0.672 0.700 0.500 0.974 0.972
seismic 0.715 0.699 0.735 0.744 0.740
stroke 0.739 0.663 0.679 0.661 0.742
vertebral 0.549 0.724 0.465 0.582 0.740
wbc 0.956 0.936 0.890 0.916 0.953
wine 0.982 0.937 0.982 0.980 0.986
yeast 0.822 0.789 0.846 0.852 0.889

Average AUROC 0.768 0.760 0.739 0.760 0.815
Average Rank 2.85 3.55 3.45 3.10 1.85

Table 7: AUROC performance with training-time exposure of AutoAnoEval-generated anomalies. The best
results per dataset are in bold, and the second-best are underlined. Results show performance gains when detectors
are trained with synthetic outliers produced by AutoAnoEval, averaged over five independent runs.

Dataset Baselines AutoAnoEval
IForest OCSVM LOF DeepSVDD NeuTraL SLAD DIF MCM DRL AnoLLM

automobile 0.648 0.645 0.688 0.845 0.810 0.780 0.647 0.801 0.762 0.625 0.887
backdoor 0.888 0.876 0.702 0.800 0.948 0.935 0.973 0.961 0.902 0.885 0.951
campaign 0.732 0.700 0.669 0.721 0.760 0.717 0.677 0.761 0.737 0.738 0.774

cardiotocography 0.830 0.868 0.826 0.813 0.791 0.764 0.740 0.843 0.847 0.845 0.955
census 0.620 0.647 0.596 0.712 0.686 0.687 0.726 0.729 0.728 0.737 0.753
churn 0.506 0.651 0.465 0.573 0.651 0.571 0.494 0.580 0.553 0.557 0.523

cirrhosis 0.849 0.823 0.843 0.807 0.831 0.810 0.820 0.830 0.814 0.850 0.922
covertype 0.968 0.998 0.980 0.971 0.998 0.999 0.998 0.998 0.995 0.990 0.995

credit 0.639 0.717 0.590 0.638 0.690 0.691 0.689 0.671 0.680 0.495 0.652
equip 0.980 0.987 0.987 0.984 0.985 0.981 0.987 0.986 0.984 0.986 0.995

gallstone 0.650 0.671 0.704 0.731 0.780 0.758 0.649 0.757 0.745 0.574 0.819
glass 0.944 0.959 0.974 0.963 0.968 0.952 0.936 0.966 0.949 0.907 0.969

glioma 0.722 0.725 0.711 0.766 0.784 0.886 0.686 0.790 0.764 0.708 0.822
quasar 0.915 0.930 0.966 0.804 0.954 0.952 0.793 0.950 0.897 0.957 0.963
seismic 0.710 0.710 0.615 0.729 0.716 0.727 0.736 0.716 0.714 0.746 0.743
stroke 0.679 0.716 0.625 0.722 0.703 0.678 0.705 0.753 0.727 0.687 0.828

vertebral 0.500 0.638 0.540 0.581 0.697 0.679 0.340 0.615 0.477 0.597 0.647
wbc 0.961 0.969 0.960 0.969 0.785 0.938 0.679 0.957 0.954 0.871 0.938
wine 0.987 0.957 0.974 0.974 0.988 0.980 0.760 0.979 0.958 0.933 0.958
yeast 0.838 0.875 0.803 0.820 0.841 0.846 0.815 0.856 0.841 0.882 0.882

Average AUROC 0.778 0.803 0.761 0.796 0.818 0.817 0.742 0.825 0.801 0.769 0.842
Average Rank 7.55 5.45 7.5 6.45 4.35 5.45 7.7 3.95 6.25 7.35 3
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