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Abstract

Outlier detection (OD) aims to identify abnormal instances,
known as outliers or anomalies, by learning typical patterns
of normal data, or inliers. Performing OD under an unsu-
pervised regime—without any information about anomalous
instances in the training data—is challenging. A recently ob-
served phenomenon, known as the inlier-memorization (IM)
effect, where deep generative models (DGMs) tend to memo-
rize inlier patterns during early training, provides a promising
signal for distinguishing outliers. However, existing unsuper-
vised approaches that rely solely on the IM effect still strug-
gle when inliers and outliers are not well-separated or when
outliers form dense clusters. To address these limitations, we
incorporate active learning to selectively acquire informative
labels, and propose IMBoost, a novel framework that explic-
itly reinforces the IM effect to improve outlier detection. Our
method consists of two stages: 1) a warm-up phase that in-
duces and promotes the IM effect, and 2) a polarization phase
in which actively queried samples are used to maximize the
discrepancy between inlier and outlier scores. In particular,
we propose a novel query strategy and tailored loss func-
tion in the polarization phase to effectively identify informa-
tive samples and fully leverage the limited labeling budget.
We provide a theoretical analysis showing that the IMBoost
consistently decreases inlier risk while increasing outlier risk
throughout training, thereby amplifying their separation. Ex-
tensive experiments on diverse benchmark datasets demon-
strate that IMBoost not only significantly outperforms state-
of-the-art active OD methods but also requires substantially
less computational cost.

Introduction

Outlier Detection An outlier, or anomaly, refers to a data
point that deviates significantly from the majority of typical
observations (Pang et al. 2021). Such instances can contam-
inate data integrity and negatively impact downstream anal-
yses, such as regression and classification tasks. Therefore,
identifying and removing outliers is essential for ensuring
reliable data-driven modeling. Outlier detection (OD) is the
task of detecting these abnormal instances. In addition to
serving as a pre-processing step for downstream supervised
learning applications, OD itself plays a critical role across
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various domains, including fraud detection, network intru-
sion detection, medical diagnosis, and sensor data monitor-
ing (Nassif et al. 2021).

OD tasks can be broadly categorized into three settings
based on the availability of anomaly-related information in
the training data. Supervised OD (SOD) assumes access to
labeled data, where each instance is explicitly annotated as
either an inlier or an outlier. Semi-supervised OD (SSOD),
also referred to as out-of-distribution (OOD) detection, as-
sumes that all training data are inliers and builds models
using only these normal samples. And unsupervised OD
(UOD) operates without any label information, relying on
training data that may include both inliers and outliers with-
out explicit annotation. In general, many real-world anomaly
detection tasks belong to UOD because outliers in large
datasets are usually unknown beforehand.

To address UOD tasks, a couple of recent studies have
leveraged the so-called inlier-memorization (IM) effect, a
phenomenon where DGMs tend to learn inlier patterns ear-
lier than outlier patterns during training. This arises because
inliers are typically more prevalent and densely distributed,
making it more effective to reduce their loss values first
when minimizing the overall loss. This early-phase mem-
orization provides a useful signal for distinguishing inliers
from outliers without supervision. ODIM (Kim et al. 2024)
is the first to exploit this effect by identifying an optimal
training point and using per-sample loss as an outlier score.
ALTBI (Cho et al. 2025) further enhances the IM effect
through adaptive mini-batch-size scheduling and trimmed
loss optimization with a dynamic threshold.

Despite their effectiveness, these methods operate in a
fully unsupervised manner, which leads to several limita-
tions. First, when inliers and outliers are closely distributed,
it becomes inherently difficult to distinguish them without
any label supervision. Second, if outliers are more densely
clustered than inliers, DGMs may incorrectly memorize out-
liers before inliers during early training, reversing the in-
tended IM effect and resulting in performance degradation.
This issue is especially pronounced when outliers originate
from a single point due to a measurement error, causing the
model to focus on them prematurely. These limitations un-
derscore the need for a new paradigm that can address such
failure modes of unsupervised learning.
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Figure 1: An illustration of IMBoost: (Top) warm-up phase and (Down) polarization phase.

Overview of Our Method As mentioned above, access to
anomaly-related information is essential for accurately iden-
tifying outliers; however, obtaining such labels is often ex-
pensive and time-consuming. To address this challenge, we
adopt the idea of active learning and propose IMBoost, a
novel active outlier detection framework that reinforces the
IM effect to enhance detection performance. IMBoost op-
erates in two phases: 1) an warm-up phase that induces and
promotes the IM effect, and 2) a polarization phase in which
actively queried samples are used to maximize the discrep-
ancy between inlier and outlier scores. In particular, during
the polarization phase, we introduce a new querying strategy
and a loss function to effectively select informative labeled
samples and fully exploit their benefits. An illustration of the
IMBoost is shown in Figure 1.

The IMBoost offers a couple of appealing features. It con-
sistently outperforms existing methods by a significant mar-
gin in identifying outliers. Through extensive experiments
on nearly 60 benchmark datasets, we demonstrate that the
IMBoost achieves the best performance among recent ap-
proaches with large margins. We also provide a rigorous
theoretical analysis, showing that our method progressively
increases the separation between inlier and outlier scores,
particularly during the polarization phase. Furthermore, by
leveraging the IM effect, IMBoost achieves this performance
with considerably lower computational cost, as it does not
require full model training. These findings highlight the IM-
Boost as a promising approach for practical OD tasks.

The remainder of this paper is organized as follows. First,
we review related work on outlier detection, with a par-
ticular focus on approaches that incorporate active learn-
ing. We then present a detailed description of the proposed
IMBoost framework and discuss its theoretical properties.
Next, we report extensive experimental results, including
performance comparisons and ablation studies. Finally, we
conclude with a summary of our findings and outline poten-
tial directions for future work.

Related Works

We review algorithms for both SSOD and active OD, as the
former are often used as base frameworks in active OD tasks.
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A representative SSOD approach is support vector data de-
scription (SVDD, Tax and Duin (2004)), which models nor-
mal data by enclosing it within a hypersphere in feature
space. Deep SVDD (DSVDD, Ruff et al. (2018)) extends
SVDD by mapping data into a latent space and learning a
hypersphere that encloses normal samples. Anomalies are
identified as samples that fall outside this sphere. Deep SAD
(DSAD, Ruff et al. (2020)) extends Deep SVDD by incor-
porating a few labeled anomalies, pushing them away from
the center while keeping normal samples close.

In real-world scenarios, obtaining a clean dataset com-
posed only of normal samples is challenging due to the
high cost of human annotation. Active learning strategies
have been introduced to selectively query anomaly labels
for informative samples and improve outlier detection per-
formance (Trittenbach, Englhardt, and Bohm 2021). Many
existing strategies adopt a greedy query rule, selecting the
top-1 or top-K samples with the highest anomaly scores
(Lamba and Akoglu 2019; Das et al. 2016). However, such
approaches may be suboptimal in active OD tasks, as some
lower-ranked instances may provide more valuable informa-
tion (Zha et al. 2020).

Instead, adaptive query strategies that prioritizes highly
uncertain samples have been proposed to provide more in-
formative guidance. Kim et al. (2023) introduced an ac-
tive OD framework based to DSVDD with an uncertainty-
based querying mechanism. The method adaptively updates
the latent boundary using feedback from previously queried
samples, reducing sensitivity to hyperparameters. They also
employed noise contrastive estimation (NCE, Gutmann and
Hyvérinen (2010)) to iteratively refine the decision bound-
ary using both labeled normal and abnormal samples.

Proposed Method
Preliminaries

Mathematical Notations We begin by introducing the
notations and definitions used throughout the paper. Let
Xi,...,X, € X ~ P be n independent input samples
drawn from the true data distribution P, and let DY
{x1,...,x,} denote their observed realization, i.e., train-



ing data. We assume that inlier-outlier labels are unavailable
unless they are explicitly acquired through oracle queries.

The data distribution P is modeled as a mixture of inlier
and outlier distributions, i.e., P = (1 — p,) - P; + po - Po,
where P; and P, denote the inlier and outlier distributions,
respectively, and p, € (0,1) is the outlier ratio. We define
the supports of P; and PP, as X; and &, respectively, so that
the total input space is X = &; U X,. We assume disjoint
supports for inliers and outliers, i.e., X; N X, = 0, which is
a natural assumption in OD problems.

For a given sample x, we define the per-sample loss
with respect to a DGM as [(6; ), such as the negative log-
likelihood, where 6 € © represents the model parameters
of the DGM. We assume that [(f; x) is differentiable and
bounded within the interval [0, 1] forall z € X and 6 € O.

We denote by E; and E, the expectation operators with
respect to P; and PP, respectively. The corresponding risk
functions are defined as R;(0) = E; [I(0; X)] and R,(0) =
E, [I(0; X)], which represent the expected loss over inlier
and outlier distributions, respectively. Finally, we denote the
minimizer of the inlier risk as 6., i.e., 6, = argmin,R;(6).
We assume R;(6.) = 0.

Inlier-Memorization Effect The inlier-memorization
(IM) effect is a phenomenon observed in likelihood-based
DGMs, where the model tends to learn inlier patterns earlier
than outlier patterns during training (Kim et al. 2024). As
training progresses, outliers are eventually learned as well,
but the initial gap in memorization offers a useful signal for
distinguishing them without supervision.

Kim et al. (2024) is a pioneering work that first observed
the IM effect and applied it to develop an UOD method
called ODIM. ODIM trains a DGM for a limited number
of updates and uses the per-sample loss as the outlier score,
selecting the optimal update step where the IM effect is
most prominent. To find this point, ODIM monitors the bi-
modality of the loss distribution over time by fitting a two-
clustered Gaussian mixture model (GMM) and measuring
the separation between clusters.

As a follow-up study, ALTBI (Cho et al. 2025) adopts a
more dynamic approach by continuously enhancing the IM
effect throughout training. It gradually increases the batch
size and employs trimmed loss optimization to filter out
high-loss (potentially outlier) samples. This strategy helps
enlarge the memorization gap between inliers and outliers
during training and improves detection performance.

Loss Function Description of IMBoost

Our procedure consists of two phases: 1) warm-up and 2)
polarization. In the warm-up phase, we pre-train a DGM to
induce the IM effect and further refine it to promote this ef-
fect, in an unsupervised manner. In the polarization phase,
we employ an active learning scheme to amplify the discrep-
ancy between the inlier and outlier loss distributions.

Phase 1 (Warm-up) We begin by training a DGM using a
conventional loss function to induce the IM effect. At each
iteration, we draw a mini-batch Dy of size ng and compute
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the loss function as follows:

Ro(0) = ﬁ S 1(02).

xc€Dy

(D

The update process using (1) is iterated for T} times.

Next, we train the DGM to further promote the IM effect.
We adopt using the strategy proposed in ALTBI (Cho et al.
2025), which gradually increases the mini-batch size and
employs a trimmed mean loss with an adaptive threshold.
At each iteration ¢, we sample a mini-batch D; C D" whose
size increases exponentially with ¢, i.e., |D;| = ngy!~* for
some constant v > 1. Instead of computing the loss over all
samples in Dy, we use a trimmed loss function defined as:

Seco, 0:2) 1002 <7)

2w, [U(0;2") < 7)
where 7, > 0 is an adaptive threshold. We train the DGM
with this trimmed loss (2) for 77 updates.

Ry(0) =

Phase 2 (Polarization) After the warm-up phase ends, we
adopt an active learning scheme. Specifically, at each itera-
tion, we query a small subset of samples to the oracle, result-
ing in two disjoint labeled subsets: Z; for inliers and O; for
outliers. In practice, we do not query new samples at every
iteration; instead, we query them occasionally and reuse the
labeled ones, gradually expanding both the inlier and out-
lier sets. Along with a randomly drawn unlabeled mini-batch
D; C D" of size |D;| = ngy'~! (with the same ngy and
used in the phase 1), we use the following loss function:

R{(0) = Ry(0) + Ao - Ri(0) = hoy - BI(O),  (3)
where
. 1 ~ 1
R:(0) = — (0;x), RI0O)=—— 1(0;x),
t( ) |It‘ wezzt ( ) t( ) ‘Otl w;t ( )

and Aq ¢, A2; > 0 are hyperparameters controlling the rela-
tive emphasis on inliers and outliers. We perform 75 update
steps using the loss function (3). After training, we compute
the outlier score for a given input x as its per-sample loss,
i.e., 1(6; x). A sample is regarded as an outlier if it has a high
score, and as an inlier otherwise.

The loss function in (3) can be viewed as an extended ver-
sion of (2), augmented with additional two terms computed
from labeled inliers and outliers, respectively. Minimizing

the inlier loss ﬁi(&) is expected to promote a decrease in

the inlier risk, while maximizing the outlier loss Ef(&) is
intended to increase the outlier risk. In the theoretical anal-
ysis, we rigorously validate that when the hyperparameters
A1t Ag ¢ are set proportional to v~ %, the resulting optimiza-
tion process indeed enlarges the gap between inliers and out-
liers, thereby enhancing the discriminative power of the per-
sample loss as an outlier score.

Practical Training Techniques for IMBoost

In this section, we discuss several practical considerations
that improve the performance and stability of our method
during implementation. The effectiveness of each technique
is evaluated through detailed experiments, as presented in
the ablation studies.



Implementation of [(6;x) Motivated by the empirical
success of IM-effect-based approaches such as ODIM (Kim
et al. 2024) and ALTBI (Cho et al. 2025), we adopt the
negative log-likelihood as our loss function [(6; ). Vari-
ous likelihood-based DGMs have been proposed, includ-
ing VAE-based methods (Kingma and Welling 2013), nor-
malizing flow (NF)-based models (Kingma and Dhariwal
2018), and diffusion-based models (Song et al. 2021).
Among them, we employ the importance-weighted autoen-
coder (IWAE) framework (Burda, Grosse, and Salakhutdi-
nov 2016), a VAE-based that provides a tight and tractable
lower bound on the log-likelihood and has demonstrated
strong empirical performance in prior work.

Unlike the theoretical assumption that [(6; ) lies within
the range [0, 1], the upper bound of the IWAE loss often
remains unsaturated in practice. As a result, directly using
—1(0; x) as the outlier loss may lead to instability during
training. To address this issue, we adopt the CUBO frame-
work (Dieng et al. 2017), which provides a stable upper
bound on the log-likelihood. As a result, we use the IWAE
loss for the first two terms in (3), and apply the CUBO loss
for the last term, which corresponds to the outlier loss. The
detailed formulation is provided in Appendix A.

Threshold Modification Theoretically, the adaptive
threshold 7 is set to be the inlier risk, i.e., 7z = R;(0;—1).
However, when no labeled data are available, this quantity
cannot be computed directly. In such cases, using a quantile
of the per-sample loss values has been shown to yield
good empirical performance (Cho et al. 2025). Therefore,
we adopt this quantile-based strategy during the warm-up
phase. In contrast, during the polarization phase, labeled
data are partially available. We incorporate this information
into the computation of the adaptive threshold as follows:

=(1=8)-q(0_1)+ & RO, 1), )

where ¢, denotes the p-quantile of the per-sample loss val-
ues [(0;—1;x), and £ € (0,1) is a weighting parameter. We
note that both hyperparameters, p and £, are predetermined.

Quering Strategies In the polarization phase, selecting
which samples to query based on per-loss values is crucial.
We consider three strategies:

* Random (RD): randomly selecting samples for labeling.

* Confidence Poles (CP): selecting samples with the
smallest and largest loss values, which are likely to be in-
liers and outliers, respectively. Half of the queried sam-
ples are chosen from the lowest-loss instances, and the
other half from the highest-loss ones.

Decision Boundary Using Mixture Model (MM): tar-
geting ambiguous samples. To this end, we fit a two-
component GMM to the current loss values and compute
each sample’s posterior probability of belonging to the
inlier cluster (the one with the smaller mean). We then
select samples whose posterior probability is closest to a
predefined threshold o € (0, 1).

Among the three, we adopt the MM approach with o = 0.4
as our final query strategy.
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Algorithm 1: IMBoost
In practice, we set
(no, v, p, &, 0, A, Aay) = (128,1.03,0.92,0.4,0.4,2,1).

Input: Training data: D", parameters of a DGM : 6, initial
mini-batch size: ng, mini-batch increment: v, quantile value:
p, optimizer: £, four hyperparameters: (£, o, A1 ¢, Az ¢), four
time steps: (Ty, 11, 1o, T,).
1: Initialize 6.
2: Phase 1: Warm-up
3: for (t =1to Tp) do
4:  Draw a mini-batch with the fixed size of ng, Dy
{zm®}70,  from D.
Calculate the loss function Ry(6y) in (1).
to < L(Ro(6o), 0o)
5: end for

6: for (t =1toT}) do
7:  Draw a mini-batch with a size of n, = nogy*~ !, D; =
{zI®}7, from D"
Calculate the loss function Et(Gt_l) in (2).
0 < L(R(0¢=1),6t-1)
8: end for
9: Phase 2: Polarization
10: It, Ot < @,@
11: for (t = (Th + 1) to (11 + T5)) do
12:  Draw a mini-batch with a size of ny = ngy!~!, Dy =
{zT®}7, from D'
13:  if (¢t — T1) mod (T2 /T,) is 0) then
14: /I Query labels and update inlier and outlier sets.
Update Z;, O, using the MM strategy based on en-
sembled losses in (5).
15:  endif

Calculate the loss function R%(6;_1) in (3).

O < E(E?(Gt—l)a =y
16: end for
Output (IMBoost score): Per-sample loss (0, 7,; )
computed on the training (or test) data

For the CP and MM strategies, per-sample loss values
over the training data are required, which can be unsta-
ble during training. To mitigate this instability, we use loss
scores averaged over several recent iterations before each
query round. Specifically, at the beginning of query round
t4, we compute the ensembled loss for each input x as:

te—1
1 q
() =— D U0 m), 5)
€ t=t,—t.

and use these scores to apply the CP or MM strategies. In
practice, we set t, = T»/T,, where T, denotes the total
number of query rounds, which is set to 5 in the experiments.

The complete pseudo-code of our proposed method, IM-
Boost, incorporating all the aforementioned techniques, is
presented in Algorithm 1.



Theoretical Analysis

In this section, we provide a theoretical analysis of how IM-
Boost progressively enhances the separation between inlier
and outlier risks during training. For simplicity in the theo-
retical analysis, we assume that Z; and O, are independently
drawn from P; and P, respectively, and that their sizes are
fixed (possibly dependent on t). We also set the adaptive
threshold to the inlier risk, i.e., 7 = R;(6¢—1).

We begin by presenting three mathematical assumptions,
following the setup introduced in Cho et al. (2025).

Assumption 1 (IM Effect) There exist 0 < a1 < as < 1
and a3 € (0,1—aq) such that for any parameter 6 satisfying
RZ(Q) S [al,ag], RO(Q) — Rl(9) Z as.

Assumption 2 (Bounded and Smooth Gradient) Denote
the gradients of 1(0;x) and R;(0) as Vyl(0;x) and
VoR;i(0), respectively. Then the followings conditions are
satisfied:

1) Foranyx € X and 0 € O, there exists a constant G > (),
such that

IVol(6; )| < G.

2) R;(0) and R,(0) are smooth with a L-Lipschitz contin-
uous gradient, i.e., there exists a constant L > 0 such
that

IVoRi(6) — VoRi(6")] < L]0 — '],
||v0Ro(9) - VORO(GI)H < LH(9 - elHa
3) There exists pn > 0 such that for any 6 € ©,
20(R;(0) — Ri(6.)) = 2uRi(0) < [|[VoRi(0)].

Assumption 3 (Uniform Margin) There is a constant 0 <
¢ < 1 such that, for any 0, the following inequality holds:

and
V0,0 € ©.

E; [V X)] < (1 - ) VRi(0).

Assumption 1 describes a state of the DGM in which a gap
has emerged between the risk values of inliers and outliers.
Assumption 2 refers to the smoothness properties of the loss
function and the associated risk functions. And Assumption
3 ensures that Jensen’s inequality holds with a uniform mar-
gin for any parameter 6.

Additionally, we introduce an assumption stating that, un-
der the presence of the IM effect, a gradient discrepancy ex-
ists between inliers and outliers.

Assumption 4 (Gradient Discrepancy) There are two
constant c1,co > 0 such that, for any 0 satisfying the IM
effect (i.e., Assumption 1), the following inequalities hold:

IVoRo(0)||> > c1 and VoR;(0)TVoR,(0) < —ca.

Assumption 4 implies that, during the IM effect, the gra-
dients of inlier and outlier risks not only point in differ-
ent directions, but also cannot be minimized simultaneously.
Based on the above assumptions, we establish the follow-
ing two propositions. The proof of the second proposition is
provided in the Appendix B. We note that Proposition 1 is
identical to Proposition 2 in Cho et al. (2025), and therefore
we omit its proof in this paper.
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Figure 2: (1st and 2nd) Trace plots of inlier and outlier
risks during the warm-up and polarization phases on the
PageBlocks and Thyroid datasets, respectively.

Proposition 1 (Warm-up Property (Cho et al. (2025)))
Suppose that Assumptions 1 to 3 hold. During the warm-up
phase (i.e., when t < T1), assume that the current parame-
ter 0,_1 satisfies a; < Ri(6;,_1) < ayy~ ¢~V Then for any
given § > 0, there exists a learning rate 1, > 0 such that the
inlier risk is further reduced, i.e., R;(0;) < v 1R;(0;_1),
with probability at least 1 — 4.

Proposition 2 (Polarization Property) Suppose that As-
sumptions 1 to 4 are satisfied. During the polarization phase
(i.e., whent > T1), suppose that the current parameter 0;_1
satisfies a1 < Ri(0;_1) < agy~ 1. Then, for any given
0 > 0, there exists a learning rate 1, > 0 and A1 ; and
Aa,t, both proportional to === such that the follow-
ing holds with probability at least 1 — §:

Ri(ﬂt) < ’yilRi(Gt_l) and RO(Ht) > Ro(ﬁt_l).

Proposition 2 indicates that, during the polarization phase,
our proposed loss function (3) guarantees a continued reduc-
tion in inlier risk and simultaneously induces an increase in
outlier risk, thereby enlarging the discrepancy between inlier
and outlier risks.

Theoretical Implications These theoretical results pro-
vide key insights into our proposed method, with further
discussion available in Appendix B. First, a natural ques-
tion arises regarding the necessity of employing the ALTBI
loss function during the warm-up phase, as initiating ac-
tive learning immediately after the emergence of the IM
effect may appear more intuitive and efficient by reducing
the number of iterations. And this concern is addressed by
our theoretical results, particularly Lemma 4 in Appendix B.
Lemma 4 shows that repeated use of the trimmed loss func-
tion gradually reduces the proportion of outliers included in
it. In the early stages following the emergence of the IM ef-
fect, the trimmed loss function (2) still includes a relatively
high proportion of outliers. As a result, minimizing (2) at
this point may unintentionally lead to a reduction in outlier
risk, as illustrated in Figure 2. Therefore, applying active
learning at this stage does not guarantee a meaningful in-
crease in outlier risk.

Using a large value of A3 ; to amplify the effect of outlier
loss term seems to be a plausible alternative. However, this
approach may also adversely impact the inlier loss, poten-
tially increasing the inlier risk, which is an undesirable out-
come. Therefore, it is crucial to first reduce the influence of
outliers by minimizing (2) for several iterations—until it no
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Figure 3: Averaged test AUC results at the final (5th) round
across 57 datasets from ADBench, with standard deviations
over three independent runs. All implementations were done
by us. Color scheme: red (IMBoost), blue (OC-based), or-
ange (SB-based), and green (DSAD-based).

longer decreases the outlier risk—and then introduce active
learning to simultaneously enhance the reduction of inlier
risk and the increase of outlier risk.

The second question is about the optimal ratio of labeled
inlier and outlier samples. The proof of Proposition 2 re-
veals that the increase in outlier risk is maximized when
the sizes of the inlier and outlier sets are proportional to
their corresponding hyperparameters, i.e., |Z;| « A;; and
|O| ¢ A2y Assuming that the two hyperparameters are
set to similar values, and the number of queried samples is
fixed (i.e., |Z;| + |Ot| = n, with a constant n,), the out-
lier risk increases the most when the sets are approximately
balanced (i.e., |Z;| = |0 ~ n,/2). This implies that we
should query as many outliers as inliers when acquiring la-
beled data. This finding provides a theoretical justification
for why using posterior probability thresholds close to 0.5
in the MM strategy generally yield the favorable results, as
shown in the ablation study in the experimental section.

Experiments

We validate the effectiveness of IMBoost through com-
prehensive experiments on 57 benchmark datasets across
image, text, and tabular domains. The results show that
IMBoost achieves state-of-the-art outlier detection perfor-
mance with notably higher accuracy and lower compu-
tational cost. For each experiment, we report the aver-
age results over three independent runs with different ran-
dom initializations. All experiments are conducted using the
PyTorch framework on two NVIDIA RTX 3090 GPUs.

Dataset Description We evaluate our method on all 57
benchmark datasets from ADBench (Han et al. 2022), fol-
lowing the same preprocessing and dataset settings used in
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Figure 4: Averaged test AUC results (with standard devi-
ations) of IMBoost using different querying strategies: 1)
Random (RD), 2) Confidence Poles (CP), and 3) Mixture
Model-based decision boundary (MM). Results are reported
at the end of each active learning round.

ALTBI (Cho et al. 2025). We first consider 46 widely used
tabular datasets covering diverse domains such as health-
care, finance, and astronautics. Additionally, we include five
text datasets using BERT (Devlin et al. 2019) or RoBERTa
(Liu et al. 2019) embeddings provided by ADBench. Fi-
nally, we evaluate on six image datasets using ViT-based
embeddings (Dosovitskiy et al. 2021), also from ADBench.
Full dataset details are provided in Appendix C.

All datasets are min-max normalized before training.
Each dataset is randomly split into training and test sets
with a 7:3 ratio. Following Kim et al. (2023), we perform
5 rounds of active learning, that is, T,, = 5, setting the query
budget 1% of each dataset. For small datasets (fewer than
500 samples), such as ionosphere, arrhythmia, and
glass, we instead query 6 samples per round.

Competing Methods To evaluate the effectiveness of the
proposed IMBoost framework, we compare it against re-
cent state-of-the-art deep learning-based active OD meth-
ods. In particular, we mainly follow the experimental set-
tings and baseline configurations analyzed in Kim et al.
(2023). As a baseline approach, we first consider DSVDD
(Ruff et al. 2018), originally developed for dealing with
SSOD tasks. Following Kim et al. (2023), we adopt two vari-
ants of DSVDD: one-class DSVDD (OC) and soft-boundary
DSVDD (SB). To enhance the discrepancy between inlier
and outlier scores, we additionally incorporate noise con-
trastive estimation (NCE) as a regularization technique. As
another baseline, we include DSAD (Ruff et al. 2020), an
advanced extension of DSVDD leveraging labeled samples.
We also consider a non—deep learning—based approach, XG-
BOD (Zhao and Hryniewicki 2018), known as one of the
strongest OD solvers.

Based on these models, we explore various query strate-
gies for active learning: 1) random sampling (RD), 2) high-
confidence sampling (HC) that prioritizes highly abnormal
instances, and 3) adaptive boundary (AB), which dynami-
cally searches for a querying region where the ratio of inliers
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Figure 5: (1st-5th) AUC results with varying values of hyperparameters: 1) A1 ¢,2) A2 ¢, 3) £,4) o, and 5) T7. (6th) Comparison
of running time between the IMBoost and other approaches. Each runtime is rescaled relative to that of IMBoost.

and outliers near the boundary is balanced. For XGBOD, we
only adapt the RD strategy. For SB, we further consider an
additional query strategy, called 4) decision boundary (DB),
which selects samples near the estimated decision bound-
ary. We follow all implementation configurations described
in Kim et al. (2023).

Implementation Details As the DGM framework, we use
IWAE, an ELBO-based model that has been shown to be
both effective and efficient for IM-based methods by Cho
et al. (2025). We adopt the same encoder and decoder archi-
tectures as in Cho et al. (2025), with detailed specifications
provided in Appendix A.

We use the Adam optimizer (Kingma and Ba 2014) with
a learning rate of 1 x 1072. Our method involves sev-
eral hyperparameters. For the warm-up phase, we use the
same settings as in Cho et al. (2025), namely (ng, v, p)
(128,1.03,0.92), and set (T, 71) = (10,40). In the polar-
ization phase, we retain the same values for (ng,~, p) and
set (A1, A2t €, 0) = (2,1,0.4,0.4). Each active learning
round is trained for 10 epochs, resulting in a total of 50
epochs for the polarization phase, i.e., T = 50. Note that,
given the relatively small number of rounds (five), we keep
the hyperparameters (A ¢, A2 ¢) constant across all rounds.
Among the three querying strategies, we adopt the mixture
model-based strategy (MM) as the default querying method.

Performance Results

We compare the anomaly detection performance of our
method with other baselines. For each dataset, we compute
the mean and standard deviation of the area under the ROC
curve (AUC) and average precision (AP) scores over three
independent runs. Figure 3 presents the average AUC scores
and their standard deviations on the test data, aggregated
across all datasets. Detailed results for each dataset, includ-
ing AP metrics and additional evaluations on the training
data, are provided in Appendix C.

We observe that our method achieves the best perfor-
mance with an average margin of nearly 5% over the second-
best baseline (XGBOD+RD). Moreover, it exhibits small
standard deviations, indicating that IMBoost is not only
superior in accuracy but also consistent in detecting out-
liers. Given that our method requires only a short warm-up
phase, whereas other baselines involve pre-training over 100
epochs, IMBoost offers a highly practical and efficient solu-
tion for a wide range of OD tasks.

We also compare the performance of the three query-
ing strategies—RD, CP, and MM-within the IMBoost frame-
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work. As shown in Figure 4, the MM strategy usually out-
performs both RD and CP throughout all rounds, while
CP yields the worst performance among the three. This re-
sult aligns with the intuition that samples near the decision
boundary—targeted by MM-are the most informative for im-
proving the model. In contrast, CP selects samples with the
highest and lowest losses, which are often already well-
classified and thus provide limited information gain—even
less than randomly selected ones.

Inspired by RD’s strong performance in the first round,
we apply RD for the first round and MM for the remain-
ing rounds, but this results in slightly degraded performance
(0.840 vs. 0.847 with MM only). From the perspective of
viewing RD and MM as exploration and exploitation, re-
spectively, designing an advanced querying schedule that
optimally combines the two would be an intriguing direc-
tion for future work.

Ablation Studies

We conduct additional experiments to examine the sensitiv-
ity of IMBoost to various hyperparameter choices, with the
results illustrated in Figure 5. To summarize: 1) Setting ei-
ther Ay or Ao to zero leads to a significant performance
drop. 2) Incorporating inlier risk from Z; when determin-
ing the adaptive threshold 7, improves performance. 3) Per-
formance remains stable as long as an appropriate posterior
probability « is chosen. 4) Setting T} = 40 for the warm-up
phase yields optimal results. 5) Our method has the highest
computational efficiency among the competitive baselines
(excluding XGBOD, which is highly inefficient for large
datasets). The detailed results are provided in Appendix C.

Concluding Remarks

In this paper, we proposed IMBoost, a novel active outlier
detection framework that leverages and enhances the IM ef-
fect in DGMs. Our method operates in two phases: a warm-
up phase that induces and promotes the IM effect, and a po-
larization phase that leverages actively queried samples to si-
multaneously reduce inlier risk and increase outlier risk. We
theoretically showed that our approach indeed increases the
separation between inlier and outlier risks, and empirically
demonstrated that IMBoost significantly outperforms exist-
ing methods while remaining efficient. A promising future
work is to explore optimal querying strategies, for instance
by incorporating advanced active learning techniques devel-
oped in other domains (Sener and Savarese 2018; Kirsch,
van Amersfoort, and Gal 2019; Yoo and Kweon 2019).
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