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OUTFORMER: a fast, zero-shot foundation model for tabular outlier detection. 
Synthetic-prior pretraining: diverse synthetic priors to simulate outliers.
Self-evolving curriculum training (SEC): adaptive data sampling strategy to
improve foundation model pre-training.
NEW Large-scale OD benchmarks: over 1,500 real-world datasets and 800+
synthetic datasets for outlier detection evaluation.

Results & Time Analysis

Advancing Zero-Shot Foundation Models for Tabular Outlier Detection

Table 1. OUTFORMER advances FMs for tabular OD and outperforms FOMO-0D (Shen et al.,
2025) and other baselines on ADBench. Best and second-best are highlighted. Reported
are five relative performance metrics across baselines, and Win/Lose/Tie is the fraction of
datasets where OUTFORMER wins/loses/ties against baseline, while p-values →0.05 of the paired
permutation test between baseline and OUTFORMER indicate OUTFORMER’s performance is
significantly better. See Appx. Table 22 for similar results w.r.t. AUPRC, and Appx. Tables 38
(AUROC) and 37 (AUPRC) for performances on individual datasets for all methods.

Model Avg. Rank (→) ELO (↑) Winrate (↑) rAUC (↑) C! (→) Win/Lose/Tie p-val.
DTE-NP 5.12± 2.3 1043 0.61 0.939± 0.08 0.39 0.46/0.39/0.16 0.06
kNN 5.05± 2.6 1001 0.61 0.938± 0.09 0.36 0.49/0.32/0.19 0.06
LOF 6.04± 3.6 961 0.53 0.913± 0.11 0.43 0.56/0.26/0.18 0.00
IForest 8.46± 3.1 794 0.32 0.879± 0.12 0.52 0.75/0.18/0.07 0.00
DTE-C 6.00± 3.1 937 0.53 0.932± 0.08 0.42 0.63/0.23/0.14 0.00
ICL 5.63± 3.7 1005 0.57 0.925± 0.14 0.35 0.54/0.32/0.14 0.02
DDPM 7.12± 2.9 943 0.43 0.904± 0.09 0.48 0.72/0.12/0.16 0.00
GOAD 9.32± 2.9 981 0.23 0.805± 0.19 0.58 0.81/0.11/0.09 0.00
DeepSVDD 9.81± 2.9 788 0.20 0.796± 0.16 0.63 0.84/0.07/0.09 0.00
TabPFN-OD 4.74± 3.1 1227 0.65 0.945± 0.07 0.34 0.44/0.35/0.21 0.12

FOMO-0D 6.00± 3.4 1084 0.54 0.928± 0.08 0.41 0.54/0.26/0.19 0.01
OUTFORMER 4.02± 2.6 1235 0.71 0.956± 0.06 0.32 – –
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Figure 1. Total time (train&inference)
quantiles (q10, q90) over all 1500+
datasets across benchmarks. OUT-
FORMER maintains speedy infer-
ence while achieving competitive per-
formance. green: shallow, blue: deep,
red: foundation models. Deeper color:
best model in each category.

ing zero-shot tabular OD FMs to SOTA performance with
desirable inference latency, as shown in Table 1 and Fig. 1.

At the heart of our advance are two key innovations as high-
lighted in Fig. 2: (1) mixed data priors; a novel and diverse
mixture of synthetic data distributions for both inliers and
outliers, and (2) self-evolving curriculum training; a novel
multi-armed bandit based curriculum to train over hetero-
geneous datasets of diverse distribution and dimensionality,
without any manual specification of dataset order. Impor-
tantly, (1) and (2) are synergistic: Vanilla pretraining on our
data mixture that subsumes GMMs can hurt (!) as compared
to training only on GMMs (see Table 3). Additional levers
that further improve performance are a larger model size to
accommodate a wider pretraining data distribution, as well
as ensembling with varying context samples and dimensions
to alleviate the limited context size. Together, our proposed
OUTFORMER significantly outperforms FOMO-0D and
reaches state-of-the art performance not only on the de
facto OD benchmark ADBench (Han et al., 2022) but also
on two new large-scale OD benchmarks that we introduce
with over 1400 datasets in total. The following summarizes
our main contributions.

• New FM for Tabular OD: We introduce OUT-
FORMER, a foundation model (FM) enabling zero-shot
in-context outlier detection (OD). Provided with un-
labeled in-context samples, OUTFORMER labels test
instances through mere forward pass, removing the
need for not only model training but also the bespoke
unsupervised model selection (both method and hyper-
parameters) without any labeled outliers.

• Mixed Synthetic Priors for Tabular OD: We con-
struct novel families of prior distributions for tabular
data to synthesize diverse inliers and outliers. Our mix-

ture consists of Gaussian Mixture Models (GMMs),
Structural Causal Models (SCMs) and Copulas, yield-
ing diverse outlier archetypes.

• Self-evolving Curriculum for Mixed Prior Training:
Based on the intriguing finding that vanilla-trained
models on our mixed prior that subsumes GMMs un-
derperform GMM-only models, we employ a new cur-
riculum training strategy based on a multi-armed ban-
dit, where heterogeneous data categories w.r.t. the
generating prior and dimensionality depict separate
arms. Notably, our curriculum is self-evolving, requir-
ing no manual intervention or any apriori specification
of dataset order by difficulty.

• SOTA Performance w/ Low Latency: We evalu-
ate OUTFORMER extensively against established base-
lines; shallow, deep and foundation models including
the prior FOMO-0D (Shen et al., 2025) and their re-
ported SOTA DTE-NP (Livernoche et al., 2024), on
three real-world OD benchmarks. OUTFORMER sig-
nificantly outperforms all baselines on ADBench (Ta-
ble 1) and reaches SOTA across 1500+ datasets from
all benchmarks (Table 4), establishing the first OD
foundation model with SOTA performance. Further,
OUTFORMER offers speedy inference by completely
bypassing any model training or selection (Fig. 1).

Reproducibility. We open-source (1) OUTFORMER
check-points, (2) code for our synthetic prior generators,
(3) our two new large OD benchmarks (1446 datasets),
and (4) individual dataset performances at https:

//github.com/psorus/Outformer.git and
https://huggingface.co/MacrOData-CMU.

Conflict of Interest. We declare that we have no competing
financial interests related to the research in this paper.
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How should one utilize point-wise rewards into a category-
level reward to guide dataset sampling for the next batch?

We use the centered cross-entropy loss li as point-wise re-
ward ri, and define category-level reward r(c) as

r(c) =
1

nc
r2i =

1

nc
(li → mean({l1, . . . , lnc})2 , (1)

which is effectively the variance of point-wise rewards. It
is easy to see that r(c) is maximized when ri = 0 for half
of the points (i.e., highly certain but wrong predictions) and
ri = → log(↑0) for the other half (i.e., highly certain and
accurate predictions). In essence, it prioritizes datasets with
highly (1) dispersed point-wise rewards and (2) confident
prediction probabilities. Datasets where most samples re-
ceive consistently low rewards (overly difficult), consistently
high rewards (overly easy), or non-extreme rewards due to
uncertainty in probability estimates are downweighted.

In fact, category-level reward r(c) becomes zero when the
class probabilities across all points are 0.5. While avoiding
high-uncertainty datasets during training may initially ap-
pear counterproductive, we note that this arises from data
uncertainty rather than model uncertainty. Since inherent
data ambiguity or noise cannot be mitigated by more training
data, our reward function effectively downweights datasets
with high data uncertainty. This highlights why continuous
point-wise loss is preferable to binary loss, as the latter lacks
probabilistic information. (See Appx. G.3.2.)

5. Experiments
Existing and New OD Benchmarks. We extensively evalu-
ate OUTFORMER on hundreds of datasets from 3 real-world
benchmarks: (1) ADBench (Han et al., 2022) is the de facto
OD benchmark with 57 datasets. We introduce two new OD
benchmarks, (2) OddBench and (3) OvRBench, with 690
and 756 datasets respectively, enabling a more comprehen-
sive evaluation with greater statistical power. In a nutshell,
OddBench curates real-world tables from Tablib (Eggert
et al., 2023) with metadata indicating semantic anomalies
(“fraud”, “failure”, “defect”, etc.). OvRBench re-purposes
classification benchmarks (TabArena (Erickson et al., 2025),
TabRepo (Salinas & Erickson, 2024), TabZilla (McElfresh
et al., 2023), etc.) by selecting one class as inliers and
subsampling the rest as outliers. Together, they provide a
large-scale testbed comprising diverse real-world domains.
See Appx. E.1 for details. We also report results on (4) Syn-
Bench with 800 in-distribution datasets from our priors.

Baselines and Hyperparameters (HPs). We compare OUT-
FORMER with a long list of OD baselines (Appx. Table 12),
comprising classical shallow, modern deep, and the latest
foundation models (FM). Appx. Table 13 lists all HP set-
tings. While FOMO-0D (Shen et al., 2025) is the only
FM for tabular OD, we also re-purpose TabPFN (Hollmann

et al., 2023) for OD, by designating each feature as a predic-
tion target and averaging prediction errors across features to
derive an outlier score. See Appx. E.2 for details.

OUTFORMER Architecture, Training and Inference. We
use a 10-layer Transformer (Vaswani et al., 2017), 512 hid-
den dimensions, 8 attention heads, and a linear input em-
bedding layer; comprising 45.1M parameters in total. It is
trained on 4 NVIDIA RTX A6000 GPUs for 1,500 batches
of 1K synthetic datasets each, sampled according to our cur-
riculum. Each dataset contains up to 5K inliers as context,
and 10K query points with an equal number of inliers and
outliers with up to 100 dimensions. At inference, we en-
semble outlier scores over 50 randomly subsampled context
points and dimensions. We validate SEC HPs on hold-out
synthetic data. See Appx. E.3 for further details.

Metrics and Tests. We evaluate methods w.r.t. both AU-
ROC and AUPRC on each dataset. As aggregating perfor-
mance is not meaningful across hundreds of datasets that
vary in difficulty, we report five metrics that better capture
relative performance across datasets: average rank, ELO
(Elo, 1967), Winrate, rescaled AUROC (rAUC), and Cham-
pion delta (C!) (Zhang et al., 2025a). All results w.r.t.
AUPRC are in Appx. F.5. We also perform pairwise tests to
statistically compare two methods and report p-value based
on the permutation test. See Appx. E.4 for details.

Table 4. Compared on ALL 1500+ datasets from all 3 OD
benchmarks, OUTFORMER performs on par with the SOTA.
We show the overall merged results and give separate benchmark
results in Appx. F.2: Table 15 (ADBench), Table 16 (OddBench),
Table 17 (OvRBench) due to space limits. Best and second-best
are highlighted. Reported are five performance metrics across all
baselines on all datasets w.r.t. AUROC; Win/Tie is the fraction of
datasets where OUTFORMER wins/ties against baseline. p-values
→0.05 of the paired permutation test (Appx. F.3) between the
baseline and OUTFORMER indicate OUTFORMER’s performance
is significantly better. Notably, corresponding results in Appx.
Table 25 w.r.t. AUPRC show that OUTFORMER significantly
outperforms ALL baselines (p→0.00).

Model Avg. Rank ELO Winrate rAUC C! Win/Tie p-val.
(↓) (↔) (↔) (↔) (↓)

DTE-NP 5.04± 2.9 1100 0.61 0.905± 0.13 0.35 0.43/0.16 0.63
kNN 5.41± 2.9 1129 0.57 0.899± 0.13 0.35 0.45/0.14 0.09
LOF 6.17± 3.4 864 0.51 0.869± 0.15 0.42 0.53/0.12 0.00
IForest 6.57± 3.6 917 0.49 0.883± 0.12 0.43 0.55/0.07 0.00
DTE-C 5.94± 3.2 1167 0.38 0.885± 0.14 0.37 0.51/0.14 0.00
ICL 6.40± 3.3 1000 0.49 0.871± 0.14 0.39 0.54/0.13 0.00
DDPM 9.18± 2.6 770 0.24 0.796± 0.14 0.53 0.77/0.08 0.00
GOAD 8.72± 3.6 696 0.28 0.752± 0.23 0.51 0.71/0.09 0.00
DeepSVDD 6.34± 3.2 994 0.49 0.869± 0.15 0.40 0.55/0.15 0.00
TabPFN-OD 5.39± 3.4 1141 0.58 0.901± 0.13 0.34 0.45/0.15 0.21

FOMO-0D 6.45± 3.9 1012 0.49 0.869± 0.15 0.39 0.55/0.13 0.00
OUTFORMER 5.06± 3.3 1209 0.60 0.903± 0.12 0.32 – –
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⬆Compared on ALL 
1500+ datasets from all 3 
OD benchmarks, 
OUTFORMER performs on 
par with the SOTA.

⬅ OUTFORMER 
maintains speedy 
inference while achieving 
competitive performance. 
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Our Contributions

Problem Statement: Can we build a zero-shot foundation model for tabular outlier 
detection (OD) that generalizes across datasets without retraining?


