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Abstract

This study addresses the challenge of detecting anomalies in
multivariate time series data. Considering a bag (e.g., multi-
sensor data) consisting of two-dimensional spaces of time
points and multivariate instances (e.g., individual sensors),
we aim to detect anomalies at both the bag and instance level
with a unified model. To circumvent the practical difficulties
of labeling at the instance level in such spaces, we adopt a
multiple instance learning (MIL)-based approach, which en-
ables learning at both the bag- and instance- levels using only
the bag-level labels. In this study, we introduce time-aware
and instance-learnable MIL (simply, TAIL-MIL). We propose
two specialized attention mechanisms designed to effectively
capture the relationships between different types of instances.
We innovatively integrate these attention mechanisms with
conjunctive pooling applied to the two-dimensional struc-
ture at different levels (i.e., bag- and instance-level), en-
abling TAIL-MIL to effectively pinpoint both the timing and
causative multivariate factors of anomalies. We provide the-
oretical evidence demonstrating TAIL-MIL’s efficacy in de-
tecting instances with two-dimensional structures. Further-
more, we empirically validate the superior performance of
TAIL-MIL over the state-of-the-art MIL methods and mul-
tivariate time-series anomaly detection methods.

Introduction

Anomaly refers to data that deviates from normal patterns,
and abnormal patterns in data typically arise when the re-
lationships between instances in the data deviate from the
norm (Chandola, Banerjee, and Kumar 2009). Anomalies
can manifest in various forms across domains such as health-
care, finance, smart grids, manufacturing, and education,
appearing as diseases, fraud, system malfunctions, opera-
tional errors, defects, violence, and more (Wong et al. 2002;
Sailusha et al. 2020; Wang, Masoud, and Khojandi 2020;
Liebert et al. 2022; Pang et al. 2021; Bermejo Nievas et al.
2011). Due to these diverse manifestations, active research
efforts have been undertaken in each domain to detect and
prevent anomalies.

This study deals with the problem of detecting anoma-
lies in multivariate time series. In the problem of detect-
ing which variate at which time point caused an anomaly
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Figure 1: A two-dimensional time-aware bag (TAB) for mul-
tivariate time series data (blue: normal data, red: abnormal
data). Since all VI-TPIMs, including X3 2y, in a TPIM X5
are normal, X5 is normal. On the other hand, because a
TPIM Xy includes an abnormal VI-TPIM, X 7y, X is
abnormal. Consequently, the TAB including X is also con-
sidered abnormal.

in multivariate time series data, the space can be consid-
ered two-dimensional, as illustrated in Fig. 1. Here, the en-
tire dataset is composed of a collection of time-aware bags
(TABs), where each bag consists of time-point instances
with multivariate (TPIMs). Each TPIM, in turn, is composed
of multivariate instances in TPIM (VI-TPIMs). When an
anomaly occurs in a TAB, it means that one or more TPIMs
within the TAB have anomalies, as illustrated in Figure 1.
An anomaly in a TPIM indicates that one or more VI-TPIMs
within the TPIM have anomalies. This study aims to design
a unified model that can effectively detect anomalies for 1)
TABs, 2) TPIMs, and 3) VI-TPIMs. Specifically, instance-
level anomaly detection for 2) and 3) has the effect of ex-
plaining the cause of the detected anomaly bag in a two-
dimensional time-aware data structure. Labeling anomalies,
known for their extremely rare occurrence in the overall
data, usually requires substantial time and resources from



experts. Multiple instance learning (MIL) is a feasible so-
lution to these problems. MIL is a methodology that learns
from bag-level labels to predict the labels of individual in-
stances. It is effective when a single bag is composed of
multiple instances, and individual labels for each instance
are not provided (Javed et al. 2022; Carbonneau et al. 2018).
In other words, it learns from the labels of TABs and pre-
dicts the labels of TPIMs. Due to these characteristics, MIL
has recently been used in the field of time series (Early et al.
2024; Chen et al. 2024), where actual anomalies in a sliding
window of data occur at specific time points.

Existing MIL algorithms (Early et al. 2024; Chen et al.
2024) for processing time series data focus on predicting
TPIMs based on the labels of TABs. As a result, these al-
gorithms cannot explain which VI-TPIMs are responsible
for anomalies within the anomalous TPIMs. This limita-
tion arises because most MIL algorithms, including MIL for
time series data, focus on aggregating instances within a sin-
gle dimension. However, most real-world data are not one-
dimensional, i.e., multivariate time series data, as shown in
Figure 1. Recently, MIL methodologies supporting multi-
dimensional instances have been proposed (Tibo, Jaeger, and
Frasconi 2020; Fuster, Eftestgl, and Engan 2022), called
MD-MIL. MD-MIL can utilize instance-level information,
resulting in better performance in instance-level anomaly
detection compared to most existing MIL methods. How-
ever, existing MD-MIL approaches have a limitation in that
they do not account for relationships between instances from
different bags. That is, in Figure 1, while VI-TPIMs should
ideally be predicted by considering their temporal relation-
ships with VI-TPIMs in different TPIMs, the existing MD-
MIL methods fail to leverage these relationships.

To address this issue, this study proposes time-aware
and instance-learnable multiple instance learning (TAIL-
MIL). We first present two kinds of attention mechanisms,
which are specially designed for effectively capturing the
relationships between different types of instances. Next,
based on the theoretical foundations, we innovatively em-
ploy conjunctive-pooling with two kinds of attention mecha-
nisms into two-dimensional instances at different levels (i.e.,
TPIM and VI-TPIM). Therefore, TAIL-MIL can effectively
detect the anomaly occurrence time points and its casual
multivariate. We theoretically prove that TAIL-MIL can ef-
fectively detect instances with two-dimensional structures.
We also demonstrate the superior performance of TAIL-
MIL in detecting anomalies in multivariate time series data
through experiments compared to existing state-of-the-art
MIL methods and multivariate time-series anomaly detec-
tion methods in terms of three targets: 1) TABs, 2) TPIMs,
and 3) VI-TPIMs. Consequently, by revealing the instance-
level aspects of the black-box problem at the bag level,
TAIL-MIL is expected to improve the interpretability of the
problem, ultimately improving the bag-level prediction per-
formance.
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Background
Multiple Instance Learning

The typical MIL is trained using only the labels Y of a
given bag X = {X1, Xs,..., Xn_1, XN} consisting of N
instances. It then predicts the labels Y and, concurrently, the
labels corresponding to individual instances. Y is considered
anomalous if there is at least one anomalous instance, as il-
lustrated in Fig. 1. Conversely, if all instances are normal,
it is considered normal. Based on this assumption, the MIL
problem is defined as in Problem 1.

Problem 1. (Anomaly Detection with MIL): The MIL
model g(X) generates the output based on the instance fea-
tures extracted by the encoder f(X). The prediction follows
two cases: 1) If any instance prediction p(-) based on f(X)
is abnormal, then must be predicted as abnormal. 2) If all
instances are predicted as normal, then g(X) must be pre-
dicted as normal.

g(X)={

Pooling Types in Multiple Instance Learning

ifdz e X: (pof)(z)=1
otherwise

€y

To solve Problem 1, MIL models perform aggregation of
f(X), m(-), and p(-) to obtain g(X). This process is repre-
sented by the aggregation function Agg(+), which combines
these components to produce g(X). Based on the pooling
techniques used in Agg(-), existing studies can be classified
into five categories:

1. Imstance-pooling (Wang et al. 2018):

g(X) = Agg(pinst © f(X)) 2

Embedding-pooling (Wang et al. 2018; Tibo, Jaeger,
and Frasconi 2020):

9(X) = Prag © Agg(f (X)) 3)

3. Attention-pooling (Ilse, Tomczak, and Welling 2018;
Shao et al. 2021; Fuster, Eftestgl, and Engan 2022):
9(X) = poag © Agg((mo f(X)) - f(X))
4. Additive-pooling (Javed et al. 2022):
9(X) = Agg(pinst((mo f(X)) - f(X))) (5

. Conjunctive-pooling (Angelidis and Lapata 2018; Early
et al. 2024):

9(X) = Agg((mo f(X)) - (Pinst - £(X)))  (6)

MIL Categorization by Instance Dimensions

MIL can be classified into 1-Dimensional MIL (1D-MIL)
and Multi-Dimensional MIL (MD-MIL) based on the di-
mensionality of the instances that make up the data in MIL.



1ID-MIL 1D-MIL assumes a single dimension for the in-
stances that make up the bag and performs predictions for
the bag by aggregating the predictions or features for all in-
stances at once. Considering a two-dimensional time-aware
bag in Figure 1, 1D-MIL needs to predict both TAB and
TPIM based on the predictions VI-TPIM. Predicting TPIM
through 1D-MIL is feasible by treating a TPIM as a bag and
VI-TPIMs in TPIM as instances. However, it is challenging
to predict TAB through 1D-MIL because all VI-TPIMs be-
longing to different TPIMs are considered in the same space
without the information of TPIMs to which the VI-TPIMs
belong.

MD-MIL MD-MIL is a recent MIL type that performs
predictions for the top-level bag by recursively aggregating
predictions for instances across multiple dimensions. Con-
sidering a two-dimensional time-aware bag, MD-MIL per-
forms MIL pooling for VI-TPMI for each TPMI, making
predictions or extracting features for each TPMI. Recur-
sively, MIL pooling is performed again on these results to
make predictions for TAB. Unlike 1D-MIL, MD-MIL has
the advantage of being able to model the structure of multi-
dimensional data in Figure 1, and it is known to achieve bet-
ter performance for such data (Tibo, Jaeger, and Frasconi
2020; Fuster, Eftestgl, and Engan 2022).

MIL for Multivariate Time Series

The existing MIL algorithms for multivariate time series
predict TAB from the learned TPIMs. Specifically, MIL-
LET (Early et al. 2024), which uses conjunctive-pooling,
demonstrated anomaly detection performance compara-
ble to supervised learning with excellent interpretability.
TimeMIL (Chen et al. 2024), which uses attention-pooling,
achieved the best predictive performance compared to state-
of-the-art models. These approaches 1) applied 1D-MIL to
TPIMs, not considering the level of VI-TPIM, and 2) uti-
lized additional information for representing time series,
such as recurrent neural networks (RNNs) or positional en-
coding.

Motivation
Limitations of Existing MIL-Pooling Types

Existing MIL pooling types have the following limitations
in predictions for instances: 1) Instance-pooling (Wang
et al. 2018) fails to capture the relationships between in-
stances. 2) Embedding-pooling and attention-pooling per-
form anomaly detection by calculating features for the bag
through pooling without using predictions for instances.
This approach predicts bags based on the contribution of
these features, making it prone to overfitting to the decision
boundary of the bag and ignoring the decision boundary at
the instance level (Raff and Holt 2024). 3) Additive-pooling
is significantly influenced by attention weights rather than
instance features, which can lose original and meaningful
instance features (Javed et al. 2022).

These limitations become more pronounced when dealing
with multivariate time series data with a two-dimensional
structure as follows. 1) Instance-pooling fails to capture
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the relationships between TPIM and VI-TPIM, leading to
significant performance degradation. 2) Embedding-pooling
and attention-pooling ignore the two types of instances
during the learning process for the bag, leading to per-
formance degradation in instance-level detection. 3) In
additive-pooling, the instance feature’s contamination in VI-
TPIMs affects the predictions on both TPIM and TAB levels
in turn.

Limitations of Existing MD-MILs The temporal rela-
tionship between VI-TPIMs in different TPIMs should be
considered in multivariate time-series data. However, the ex-
isting MD-MIL algorithms are limited in that they cannot
learn the relationships with instances in other bags. Specif-
ically, Multi-Multi-MIL (Tibo, Jaeger, and Frasconi 2020)
assumes that the relationships between all instances in a bag
are independent and perform embedding-pooling based on
this assumption. In Nested MIL (Fuster, Eftestgl, and En-
gan 2022), which is an attention-pooling-based MD-MIL,
VI-TPIM can only learn the relationships within the same
TPIM, but it cannot learn the relationships with VI-TPIMs
in other TPIMs.

Limitations of Existing MILs for Multivariate Time Se-
ries The MIL algorithms for multivariate time series are
as follows: 1) inputting TPIMs into an RNN-based model
to extract dependency between them (Angelidis and Lap-
ata 2018), or 2) utilizing additional positional encoding to
the instances (Early et al. 2024; Chen et al. 2024). Both ap-
proaches have the following limitations. First, they include
features extracted from other time points rather than just
their own features. This additional information potentially
improves the prediction performance for the bag but hinders
that for the instance because it contaminates the original in-
stance’s features. The theoretical evidence for these points
is detailed in Appendix. Second, they have been studied as
1D-MIL types focusing on TPIM. As a result, to perform VI-
TPIM prediction, these methods must either 1) acquire addi-
tional labels for TPIM to train on VI-TPIM or 2) implement
a MIL algorithm that predicts TAB as a bag by mapping VI-
TPIMs belonging to different TPIMs to one dimension. The
first approach faces the challenge of difficulty in obtaining
actual TPIM labels, sacrificing the advantage of MIL. The
second approach encounters the limitation of multicollinear-
ity problems when analyzing the relationships between VI-
TPIMs belonging to different TPIMs in the same space.

Research Objectives

To overcome the limitations described from the three per-
spectives mentioned earlier, this study aims to achieve the
following research objectives:

* (R1) The attention mechanism must be able to consider
the relationships between VI-TPIMs in different TPIMs.

* (R2) Bag-level prediction must be made using instance-
level prediction, enabling instance-level detection and
enhancing bag-level detection.

* (R3) For predictions for instances, the original features

extracted from the instances must be maintained without
modification.
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Figure 2: The proposed architecture of TAIL-MIL.

R1 aims to ensure that attention mechanisms reflect the tem-
poral dependencies between VI-TPIMs located in different
TPIMs. R2 focuses on preventing overfitting to the deci-
sion boundary of the bag when predictions are made us-
ing aggregated features, such as in Embedding or Attention-
pooling (Raff and Holt 2024). Lastly, R3 aims to prevent the
use of external information, like RNNs or Positional Encod-
ing, from influencing the prediction of individual instances.

Proposed Method

In this study, we propose Time-Aware Instance Learning
with Multiple Instance Learning (TAIL-MIL) to overcome
the limitations of existing MIL and effectively learn both
anomalous TPIM and VI-TPIM in TAB. TAIL-MIL con-
sists of two main components: 1) two attention mechanisms,
each of which adequately considers the relationship between
TPIMs in a TAB or VI-TPIMs in a TPIM, and 2) a two-
dimensional structure that supports anomaly detection for
both TAB and two kinds of instances based on the two at-
tention mechanisms.

Problem Formulation

This study targets the multivariate time-series anomaly de-
tection in two-dimensional spaces (simply, MTAD), where
each TAB consists of N TPIMs. Each ¢-th TPIM consists of
T VI-TPIMs: {X(i71)7 X(i72)7 vy X(i,T—l)v X(v,T)} It aims
to train on labels Y for the entire dataset X and predict
the labels for TPIM, Y, {Y1,Ys, ..., YN_1,Yn}, as well as
the labels for VI-TPIM, {}/—(ivl)’ }/(7:72)7 ceey Y—(LT_D7 Y—(i,T) }
TAIL-MIL only requires labels Y for the bag level during
the learning process (i.e., it does not require labels for in-
dividual TPIM and VI-TPIM). Only with the labels for the
bag level can our model predict both TPIM and VI-TPIM by
learning them while learning bags. MTAD with MIL can be
defined as in Problem 2.
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Problem 2. (MTAD with MIL): To address the MTAD prob-
lem, the instance-level aggregation module g;(X;) and the
bag-level aggregation module g(X) in MIL are defined as
follows.

1) For the i*" TPIM X;, if at least one of the predic-
tions p(X ;) for the VI-TPIMs X ; ;) within X; is anoma-
lous, then the prediction g;(x;) for the TPIM is considered
anomalous; if all are normal, then it is predicted as normal:

gi(X,) = { i3 € Xay: pilful@ag)) =1

otherwise
2) For a TAB X, if at least one of the predictions g;(x;) for
the TPIMs x; within X is anomalous, then the prediction
9(X) is considered anomalous; if all are normal, then it is
predicted as normal:

g(X)—{

Time-Aware and Instance-Learnable MIL

In this section, we propose TAIL-MIL to solve MTAD with
MIL. To overcome the limitations of existing MIL-based ap-
proaches, we design TAIL-MIL to satisfy the requirements
outlined in R1, R2, R3.

T-Attention: Attention Mechanism for TPIMs in a TAB.
To consider the correlation between TPIMs in a TAB for
R1, we propose an attention mechanism (7-Attention) as de-
scribed in Eq. 9. When the dimension of the features for each
instance is L, W € RL*1 and V' € RY*N are parameters.
Here, sigm(-) and softm(-) denote the sigmoid activation
and the softmax activation functions, respectively. W and V'
generate features of size 1 representing each instance and a
scalar feature of size IV, respectively. These are then com-
bined with features extracted from other instances, and the
attention weights for each instance are computed through

@)

if 3z € X: gi(x:) =1
otherwise

®)



Model mi-NET AMIL MILNET Additive MILLET TimeMIL Nested TAIL-MIL

l:;:rl;?fr Instance  Attention Conjunctive Additive Conjunctive Attention Attention Conjunctive

ot ID ID ID 1D 1D 1D 2D 2D
imension

Position Instance, Instance, Instance, .

Dependency None None Attention None Attention Attention None Attention

Table 1: Comparison of MIL models.

the dot-product operation. T-Attention is designed to better
reflect the relationships between TPIMs by crossing the fea-
tures extracted from W and V.

sigm(W ' £(X)) "sigm(V " f(X)) " )
VN
V-Attention: Attention Mechanism for VI-TPIMs in a
TPIM. To consider the correlation between VI-TPIMs for
R1, we propose an attention mechanism (V-Attention) as de-
scribed in Eq. 11. Notably, VI-TPIMs at previous TPIMs in-
fluence them at subsequent time points. To reflect these char-
acteristics, V-Attention incorporates the features of previous
TPIMs into the attention mechanism by using the recurrent

features (RF) calculated in Eq. 10, which are used as inputs
for Eq. 11:

RE; ;) = {

, where n is a configurable variable; in this study, it is set
to 2 to calculate the average value.

The final calculation is expressed in Eq. 11. V-Attention
m; computed from VI-TPIMs of i** TPIM uses the number
of VI-TPIMs, T, as a scaling factor:

m(X) = softm(

&)

fXip) ifi<n
FX ) +E0 T RFG 4 gy

n

4 (10)
otherwise

sigm(W " RF(; ;)" sigm(V" f(X(i.5)) "
VT

m;(Xi) = softm( )

an

TAIL-MIL with T-Attention and V-Attention To sat-
isfy R1, we utilize two kinds of attention mechanisms, T-
Attention and V-Attention, through m(X) to reflect the re-
lationships among instances at the different levels. To satisfy
R2 and R3, TAIL-MIL should directly input the features of
an instance f(X) into p;ps¢(X) for prediction. In this study,
we adopt conjunctive-pooling to aggregate instances at two
different levels (i.e., bag level and instance level) to address
these issues while satisfying R1, R2, and R3. The pooling
operation process at each level of the MIL module g(X),
which aggregates instances from a specific dimension to pre-
dict the higher-dimensional bag, is as follows.

N
9(X) =Y (mi(f(X0)p(f(X:)))
=1
The MIL module g(X) at each level, if there is a higher
level, is used again as the p(X) for that higher level.
Figure 2 shows the overall framework for TAIL-MIL.

(12)
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1. Extract features from the VI-TPIMs in each TPIM con-

stituting each TPIM using f;(X).

Compute the V-attention and prediction for each VI-

TPIM individually based on its features via m;(-) and

pi(-)-

. (Instance-level prediction) Perform conjunctive-
pooling (Eq. 12) on the predictions and V-attention
weights of VI-TPIMs that make up each time point to
compute the prediction for the TPIM.

. Utilize the features of each TPIM to calculate the at-
tention for each TPIM through T-Attention using m(-)
(Eq. 9).

. (Bag-level prediction) Aggregating the predictions and
attention weights of TPIM to predict for TAB (Eq. 12).

Through this process, TAIL-MIL can perform end-to-end
predictions, i.e., TABs, TPIMs, and VI-TPIMs, solely from
TAB’s labels. TAIL-MIL is optimized for MTAD through its
two-dimensional architecture and overcomes the limitations
of traditional MIL methods by enabling predictions that re-
flect only the necessary relationships for each level of in-
stances through T-Attention and V-Attention. Notably, un-
like conventional conjunctive-pooling, which only considers
the relationships between TPIMs in each TAB, TAIL-MIL
applies conjunctive-pooling across two levels, leading to a
well-suited model to MTAD.

Explanability of TAIL-MIL Theorem 1 demonstrates
that the predictions for instances in a MIL algorithm using
conjunctive-pooling contribute to the prediction for the bag.

2.

Theorem 1. The marginal instance contribution from a
conjunctive-pooling-based MIL, ¢'(x;), is proportional to
the Shapley value of that instance, ¢;:

g'(z:) < ¢s(V, ) (13)
Proof: The proof of Theorem 1 is provided in Appendix.

Theorem 2 demonstrates that the predictions for VI-
TPIMs by TAIL-MIL contribute not only to the predictions
for TPIMs but also to the predictions for TABs.

Theorem 2. The contribution gsuy(X(; j)) of the j-th sub-
instance X ; ;) for the i-th instance calculated by TAIL-MIL
is proportional to the Shapley value ¢; jy(V,X) of X(; j
with respect to X;.

9(Xi.5) o 6.5 (V. X) (14)

Consequence: The contributions of sub-instances in
TAIL-MIL are proportional to the Shapley values of sub-
instances for data predictions, making them interpretable
values for instance-level predictions.



Proof: The proof for Theorem 2 is conducted in Appendix.

Performance Evaluation
Experimental Setup & Datasets

In this study, we evaluate the performance of TAIL-MIL in
the multivariate time-series anomaly detection problem from
three aspects: 1) anomaly detection in TABs, 2) anomaly de-
tection in TPIMs, and 3) anomaly detection in VI-TPIMs.
Experiments are performed using the following two types
of datasets: 1) State of Health (SOH) dataset, 2) energy
consumption anomaly detection dataset (5-ECK-2022 (Kim,
Jang, and Kwon 2024))

Experimental Datasets Both TAIL-MIL and other MIL
methodologies are consistently trained using labels at the
TAB level for performance evaluation. 1D-MIL models can-
not be directly applied to learning instances with a two-
dimensional structure, and existing MIL algorithms for time
series have primarily focused on predictions for TPIM.
Therefore, to ensure a fair evaluation, this study first com-
pares the performance with 1D-MIL models for time se-
ries, assuming TPMI as instances. Additionally, to mea-
sure prediction performance for VI-TPMI, 1D-MIL models
are further adapted to consider multivariate time series data
as single instances at each time point, using the maximum
anomaly score of the instances at that time point for predic-
tions. The used performance metrics are AUROC and F1-
Score.

Experimental Methods To evaluate the performance of
TAIL-MIL in comparison with other MIL models, exper-
iments were conducted with 1D-MIL models such as mi-
NET (Wang et al. 2018), Attention MIL (AMIL) (Ilse, Tom-
czak, and Welling 2018), MILNET (Angelidis and Lapata
2018), Additive MIL (Additive) (Javed et al. 2022), MIL-
LET (Early et al. 2024), and an MD-MIL model, Nested-
MIL (Nested) (Fuster, Eftestgl, and Engan 2022), under the
same structure of encoders and hyperparameters. The fea-
tures of each model are presented in Table 1. Additionally,
for SOH and 5-ECK-2022 datasets, to measure the upper
bound of prediction performance, supervised learning mod-
els that directly learn from the instance-level labels were
used for comparison. The details regarding the model archi-
tectures, hyperparameter settings, and evaluation metrics for
each scenario are described in Appendix.

Comparison with Existing MIL Models

Comparison with 1D-MIL for time series The experi-
mental results for the MIL algorithms for time series, in-

TABs TPIMs

AUROC F1-Score AUROC FI1-Score
MILNET 0.9533 0.9721 0.9029 0.9120
MILLET 0.9439 0.9698 0.9225 0.9321
TimeMIL 0.9563 0.9832 0.7623 0.7312
TAIL-MIL 0.9574 0.9844 0.9539 0.9812

Table 2: Performance comparison with 1D-MIL for time se-
ries (SOH dataset)
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SOH 5-ECK-2022
AUROC FI-Score AUROC FI1-Score
1D mi-Net 0.5000 0.5282 0.5000 0.9260
AMIL 0.9155 0.9783 0.8811 0.8651
MILNET 0.9463 0.9824 0.9038 0.8935
Additive 0.8982 0.9678 0.7805 0.7849
MILLET 0.8982 0.9653 0.8713 0.8636
TimeMIL 0.9321 0.9782 0.8926 0.8951
2D Nested 0.9513 0.9811 0.8651 0.8965
TAIL-MIL 0.9574 0.9844 0.9709 0.9529
Superivsed  0.9570 0.9825 0.9374 0.9374

Table 3: Abnormal TABs Detection Performance Measure-
ment Results

cluding MILNET, MILLET, and TimeMIL, are shown in
Table 2. The results demonstrate that TAIL-MIL performed
best in both TAB and TPIM predictions. This is because,
unlike other MIL algorithms that did not adhere to R1, R2,
and R3, TAIL-MIL followed these requirements through a
model and computational process tailored to the structure of
TAB.

Experimental Results of Anomaly Detection for TABs
The prediction results for TAB by MIL algorithms de-
signed to predict both TPIM and VI-TPIM are shown in
Table 3. The experimental results indicate that TAIL-MIL
achieved the best anomaly TAB prediction performance
across both datasets. Additionally, MIL algorithms that use
attention mechanisms to analyze relationships between in-
stances, such as MILNET, TimeMIL, and Nested MIL, per-
formed well. In contrast, models like mi-Net, which do not
analyze these relationships, failed to make accurate predic-
tions.

Experimental Results of Anomaly Detection for TPIMs
& VI-TPIMs The prediction performance of MIL algo-
rithms designed to predict both TPIM and VI-TPIM is pre-
sented in Table 4 and Table 5, respectively. The main find-
ings are as follows: 1) TAIL-MIL consistently demonstrated
superior performance across all instances. 2) MD-MIL mod-
els outperformed 1D-MIL models in all aspects of perfor-
mance. Specifically, TAIL-MIL showed performance com-
parable to supervised learning models trained with labels for
all instances. 3) In this dataset, 1D-MIL performed poorly
in instance prediction due to increased multicollinearity

SOH 5-ECK-2022
AUROC FI-Score AUROC FI1-Score
1D mi-Net 0.5022 0.8794 0.5000 0.3012
AMIL 0.5156 0.8814 0.6179 0.3617
MILNET 0.5585 0.8895 0.5187 0.2204
Additive 0.6650 0.9031 0.5007 0.3015
MILLET 0.5912 0.8872 0.5007 0.3015
TimeMIL 0.5820 0.9137 0.6249 0.3472
2D Nested 0.9513 0.9808 0.7891 0.7078
TAIL-MIL 0.9539 0.9812 0.9075 0.8978
Superivsed  0.9620 0.9849 0.9199 0.9041

Table 4: Abnormal TPIMs Detection Performance Measure-
ment Results



SOH 5-ECK-2022
AUROC F1-Score AUROC FI1-Score
1D mi-Net 0.6496 0.6872 0.5000 0.1299
AMIL 0.5307 0.5705 0.6215 0.3015
MILNET 0.5643 0.5905 0.5164 0.2051
Additive 0.5876 0.5947 0.5010 0.2446
MILLET 0.5648 0.4626 0.5071 0.2327
TimeMIL 0.5831 0.5319 0.5739 0.2759
2D Nested 0.7272 0.5708 0.7386 0.7078
TAIL-MIL 0.9290 0.9454 0.9458 0.9204
Superivsed  0.9310 0.9472 0.9283 0.9171

Table 5: Abnormal VI-TPIMs Detection Performance Mea-
surement Results

while reflecting relationships among all instances in differ-
ent TPIMs within a single dimension.

To demonstrate the effectiveness of TAIL-MIL’s two-
dimensional structure and validate its efficacy, we conducted
an ablation study. The results showed that all modules pro-
posed in this study contributed to performance improve-
ment, as detailed in Appendix.

Conclusions

In this study, we proposed TAIL-MIL as the first MIL-
based model that supports time-aware two-dimensional data
instances, overcoming the limitations of existing models.
TAIL-MIL aims to improve the performance of anomaly de-
tection for the respective TAB, TPIM, and VI-TPIM lev-
els, providing explainability in the anomaly detection re-
sults. The experiments showed that our TAIL-MIL outper-
formed the existing MIL-based models and the SOTA mod-
els for multivariate time-series anomaly detection in all the
anomaly detection levels. These findings indicate reducing
the need for human labeling at the instance level while learn-
ing both instance and bag levels from only the bag-level la-
bels.
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