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Abstract—Log-based anomaly detection is a essential task for
ensuring the reliability and performance of software systems.
However, the performance of existing anomaly detection methods
heavily relies on labeling, while labeling a large volume of logs is
highly challenging. To address this issue, many approaches based
on transfer learning and active learning have been proposed.
Nevertheless, their effectiveness is hindered by issues such as
the gap between source and target system data distributions
and cold-start problems. In this paper, we propose LogAction, a
novel log-based anomaly detection model based on active domain
adaptation. LogAction integrates transfer learning and active
learning techniques. On one hand, it uses labeled data from a
mature system to train a base model, mitigating the cold-start
issue in active learning. On the other hand, LogAction utilize free
energy-based sampling and uncertainty-based sampling to select
logs located at the distribution boundaries for manual labeling,
thus addresses the data distribution gap in transfer learning
with minimal human labeling efforts. Experimental results on
six different combinations of datasets demonstrate that LogAction
achieves an average 93.01% F1 score with only 2% of manual
labels, outperforming some state-of-the-art methods by 26.28%.
Website: https://logaction.github.io

Index Terms—Anomaly Detection, Log Analysis, Active Learn-
ing, Domain Adaptation.

I. INTRODUCTION

Software systems are becoming increasingly large and com-
plex and are subject to more failures. As system logs record
system states and significant events of running processes, they
are an excellent source of information for anomaly detection.
Log-based anomaly detection is promising for system reliabil-
ity and has been widely studied.

x
Work was done when Chiming was an intern at Bytedance.

‡ Equally Contribution.
∗ Corresponding author.

Existing log-based anomaly detection models can be
broadly divided into two categories: unsupervised models
and supervised models. Unsupervised models [1]–[8] utilize
sequential neural networks such as LSTM, GRU, etc. to
learn the occurrence possibility of log events in normal event
sequences to predict subsequent log events and identify the
unmatched log event as an anomaly. Their effectiveness is
very limited due to the lack of supervision of anomalous logs
[9]. Supervised models [10]–[13] build classification models
to identify anomalous logs and are more effective compared
to unsupervised models. However, their effectiveness heavily
relies on large amounts of labeled logs.

In real-world software systems, identifying anomalous logs
poses a significant challenge due to the vast volume of
system logs in which such anomalies are deeply buried.
Consequently, obtaining accurate data labels, especially for
anomalous logs, is a rare and difficult task [14]. To solve this
problem, two different ideas are proposed. First, transferring
abundant historical labeled logs from other mature systems
(source systems) to new systems (target systems) with a
few labeled logs for model training, namely transfer-learning-
based methods [15], [16]. These methods first use the log
sequences from the source systems to train an anomaly-
detection model and then fine-tune it using log sequences
from the target systems. These works have two main issues.
First, their applicability is confined to scenarios where the
data distribution gap of log sequences in source and target
systems is small. For instance, LogTransfer [15] can only
handle scenarios that the source system and target system
belong to the same type of switch logs or software family (e.g.,
Hadoop application and Hadoop file system) which severely
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limit its availability. Second, their utilization of labels from
the new system is inadequate. For instance, MetaLog [17]
utilizes a meta-learning paradigm to enhance the model’s
generalization ability, constructing anomaly detection models
for new systems. However, due to the lack of effective label
utilization, substantial human labeling efforts is required to
learn the complete data distribution in the new system.

Second, automatically and actively selecting the most im-
portant logs for humans to label, namely active-learning-
based methods [18]–[21]. These works leverage active learn-
ing, enabling models to actively select samples for human
annotations, in order to achieve highly efficient anomaly de-
tection models with minimal human labeling efforts. However,
existing active-learning-enabled works suffer from a cold start
problem. This implies that the model’s ability is heavily
dependent on the accumulation of online human labels, par-
ticularly those associated with anomalous logs. For instance,
ACLog [18] necessitates 205 online labels of logs from
the BGL dataset [22]. Accumulating a sufficient number of
labels requires a significant amount of time, during which the
model’s performance remains limited.

In our view, transfer-learning-based methods aim to increase
the amount of labeled data by leveraging external labeled data
from other systems, while active-learning-based methods aim
to increase the quality of labeled data by carefully selecting
data instances to be labeled. They consider solving the label
lacking problem from different aspects and can benefit each
other. From the perspective of transfer-learning-based meth-
ods, active learning can help use data labels of key data in-
stances to bridge the gap between different systems. From the
perspective of active-learning-based methods, transfer learning
can help solve the cold start problem.

Fig. 1: Two log sequences from different systems (BGL
and ThunderBird). Although they express the same error -
file or directory does not exist, their formats show distinct
differences.

As a result, we pose an idea that transfer learning and active
learning should be combined together to solve the label lacking
problem. We define this scenario as consistent cross-system
anomaly detection (CCAD), that is, leveraging the features
extracted from abundant historical labeled logs of mature

systems (source systems) to build anomaly detection models
for new systems (target systems) and consistently optimize
the models with online human labels on the target systems. In
this paper, we focus on the CCAD scenario and aim to build
a high performance anomaly detection model without or with
very few anomalous labels.

However, achieving this is not easy. First, bridging the
huge data distribution gaps between source system and target
systems is challenging. Logs generated by different systems
exhibit varying formats and content. As illustrated in Figure
1, logs originating from two distinct service systems both
convey the same error, ’file not exist,’ yet they significantly
differ in their log formats and content. Moreover, the types
and frequencies of anomalies vary across different systems,
further amplifying the data distribution gaps. Second, accu-
rately selecting the least but most useful logs for human
labeling from huge amount of system logs is challenging.
Throughout system operations, thousands of logs can be
generated per second. The human effort to label every log
is remarkably high. Furthermore, these logs frequently exhibit
substantial redundancy, with the information contained within
this redundancy often tracing back to previously labeled logs.
So, the selection of the most useful logs for human labeling
is crucial. These logs should encompass distributional infor-
mation that hasn’t been captured in any historically labeled
logs, aiming to minimize the human labeling efforts. Facing
these challenges, in this paper, inspired by [23], we propose
LogAction, a consistent cross-system anomaly detection model
via active domain adaptation. Active domain adaptation, a
fusion of active learning and transfer learning techniques, has
demonstrated its effectiveness in various studies, particularly
in reducing the human labeling efforts [23]–[26].

To handle the first challenge, we use global embedding
and contrastive learning. We employ a pretrained BART
model [27] to extract meaning from diverse log formats, con-
verting them into word vectors in a unified space. These word
vectors are then turned into log sequences using time windows.
Subsequently, we utilize contrastive learning to encode log
sequences from diverse systems into log vectors with similar
distributions, effectively minimizing the data distribution gaps
across different systems. This allows knowledge from the
source system to be applied to the target system, enabling us
to create a base anomaly detection model for the target using
the source’s log vectors.

For the second challenge, we turn to active learning. This
helps us select the most informative yet fewest log vectors
in the target system for human labeling to improve the base
model. We employ two sampling methods, free energy-based
sampling and uncertainty-based sampling, to collect log vec-
tors that are distinct from both historically labeled source log
vectors and those previously labeled during selection. In our
view, these log vectors holds the most informative content. On
the one hand, these log vectors contain information the model
hasn’t encountered before, making them more valuable for the
model’s learning. On the other hand, these log vectors, distinct
from those of the source system, encapsulate information
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regarding the gap in data distribution between the source
and target systems. Learning from this subset of log vectors
facilitates further mitigation of the distributional gaps between
the source and target systems.

We validated the efficacy of LogAction across three distinct
public datasets, each representing a completely different sys-
tem. The experiments demonstrate that our approach surpasses
93% F1-score performance with the utilization of only 2% la-
beled data in target system. Besides, our approach outperforms
state-of-art models that can use for CCAD task by 26.28% on
average. The contribution of this paper are as follows:

1) We propose LogAction, a novel generalizable anomaly
detection approach via active domain adaptation.

2) We utilize global embedding and contrastive learning
techniques to mitigate the data distribution gap, while
employing active learning to reduce human labeling ef-
forts, effectively addressing the two primary challenges
in CCAD task.

3) Evaluation results on three open datasets show the sig-
nificant effectiveness of our approach.

II. RELATED WORK

A. Log-based anomaly detection

Timely anomaly detection plays a vital role in ensuring
system reliability [28]–[33]. Analyzing logs for problem de-
tection and identification has been an active research area
[1]–[4], [10], [34]–[42]. These work first parse logs into log
events, and then build anomaly detection models. Some state-
of-art approaches [34]–[42] extract event sequence at first,
and then generate a graph-based model to compare with log
sequences in production environment to detect conflicts. Other
approaches often build deep learning-based models [1]–[5],
[10], [13] to capture the sequence features of log events.
Deeplog is a typical work [1] that utilizes LSTM network
[43] to model the sequence of log events and the sequence
of variables in log text. LogAnomaly [2] utilizes a word2vec
model to transform events into vectors with semantic features
to improve the anomaly detection result. LogRobust [10]
utilizes TF-IDF and word vectorization to transform logs
into semantic vectors. In this way, updated new logs can be
transformed into semantic vectors and participate in model
training and deduction. LogTransfer [15] and LogTAD [16]
use transfer learning to achieve the cross-system anomaly
detection. MetaLog [17] use meta-learning paradigm to en-
hance the model’s generalization ability, constructing anomaly
detection models for new systems. However, their effectiveness
is constrained by the data distribution gap between domains
and the insufficient utilization of labels. As a result, they are
not suitable for addressing the CCAD task.

B. Active domain adaptation

Active domain adaptation (ADA) combines the principles of
active learning and transfer learning, enabling a model to ac-
tively select the valueable samples during transfer to the target
domain, thereby reducing the need for human labeling efforts.

Rai et al. [24] were the first to demonstrate the synergistic rela-
tionship between active learning and transfer learning, prompt-
ing various related works. Recently, AADA [44] has employed
adversarial training and ADA to address domain shift issues.
Bo et al. [26] utilized Transferable Query Selection (TQS) for
sample selection, aiming to overcome the limitations of single-
domain active learning in ADA. Han et al. [25] improved the
performance of active domain adaptation by employing loss-
based querying for sample selection. EADA [23] employed
an energy-based model for sampling, considering both sample
entropy and uncertainty. These approaches have exhibited
promising performance in tasks such as image classification
and successfully inspire us to integrate active learning and
transfer learning to address the CCAD tasks.

III. APPROACH

In this paper, we introduce LogAction, an innovative ap-
proach based on active domain adaptation, specifically de-
signed to address the two key challenges in CCAD tasks as
defined in Section I. Existing works often inadequately address
these challenges, resulting in their subpar performance. In
contrast, after log parsing, LogAction utilizes global embed-
ding and contrastive learning to map the log sequences of the
source and target systems into similar distributions, aiming to
mitigate the data distribution gaps. Then, LogAction leverages
a substantial amount of labeled data from the source system to
train the anomaly detection model and fine-tunes it on a high-
information subset selected through active learning. In this
way, we can obtain a generalized model and make it applicable
to anomaly detection tasks in the target system with minimal
human labeling efforts. In this section, we will introduce our
model. In Section III-A, we provided an overview of our
model. In Sections III-B and III-C, we will separately discuss
the two primary components of our model: Encoding and
Active Domain Adaptation.

A. Overview

Figure 2 illustrates the overview of the LogAction. Lo-
gAction includes three main phases: Log Parser, Encoding
and Active Domain Adaptation. In the Log Parser phase, we
employ the advanced log parsing method Drain [45] to obtain
templates of log events. Subsequently, we utilize the pre-
trained BART model [27] to extract the semantic informa-
tion from these log event templates, transforming them into
word vectors. Pre-trained models have demonstrated superior
semantic extraction capabilities compared to word embedding
models like GloVe [46] and Word2Vec [47]. Afterward, we
employ a sliding time window to split the log event templates
represented by word vectors, forming the log sequences. As
illustrated in Figure 2, each log sequence is a two-dimensional
matrix, where each row represents a word vector of a log event.
In the Encoding phase, we encode the log sequences from both
the source system and the target system, mapping them to
similar distribution. The resulting encoded log sequences are
referred to as log vectors. We utilize contrastive learning to
train the encoder, treating normal log sequences from both the

702



source system and the target system as one class and anoma-
lous log sequences as another. During the LogAction process,
the encoder is trained jointly with the downstream anomaly
detection model, and the labels come from active learning
processes. A detailed description of our encoder implemen-
tation will be provided in Section III-B. In the Active Domain
Adaptation phase, we initially use labeled log vectors from the
source system to train an anomaly detection model called the
”Classifier(source)”. Because it is trained on log vectors from
a source system with similar distributions to target system, the
Classifier(source) possesses a certain degree of generalization.
However, to further tailor it for the target system, we require
some labeled data from the target system to fine-tune it. To
minimize the need for human labeling during fine-tuning, we
utilize active domain adaptation techniques to accomplish this
phase. We primarily employ two modes of sampling using
active learning: free energy-based sampling and uncertainty-
based sampling. In the free energy-based sampling phase, we
choose log vectors with the highest free energy deviation from
the source system. In the uncertainty-based sampling phase,
we select log vectors situated at the boundary between normal
and anomalous log vector classifications. Subsequently, we
manually label the log vectors chosen through active learning
and fine-tune Classifier(source) into Classifier(target) using
them to complete the domain adaptation process. Detailed
insights into our Active Domain Adaptation approach will be
provided in Section III-C.

B. Encoding

After log parsing, diverse formats of raw logs are parsed
into log sequences within the same feature space. However,
the fault-tolerance mechanisms and structural differences con-
tribute significantly to variations in error categories and fre-
quencies across different systems. As a result, significant data
distribution gaps still exist in the log sequences between the
source system and the target system. So, we utilize contrastive
learning to map the log sequences from the source system and
the target system into log vectors, aligning their distributions
to further mitigate the data distribution gaps.

Figure 3 illustrates the encoding process, wherein we con-
sider the normal log sequences from the source system and
the target system as one class (Class 0), while treating the
anomalous log sequences from the source and target systems
as another class (Class 1). By employing contrastive learning,
we aim to minimize the intra-class distance and maximize
the inter-class distance. Specifically, the input to the encoder
is a log sequence S = {s1, s2, ..., st}, which has undergone
word embedding processing. Here, s represents a embedded
log event, and t denotes the time window size. The class of
each log sequence is annotated by y ∈ {0, 1}, when y = 0,
it indicates that the log sequence S belongs to Class 0, and
when y = 1, it signifies that the log sequence S belongs to
Class 1. We employ the encoder to encode the log sequence
S into a log vector V = {v1, v2, ..., vr}, effectively modeling
the distribution V = pθ(S), where θ denotes the parameters of
the encoder and r denotes the encoding dimensionality. During

training, we construct a discriminator to identify the class to
which the encoded result V belongs, modeling the distribution
y′ = qϕ(V ). The objective of the discriminator is to correctly
identify the class to which the encoded log vector belongs. Our
intuition is that if the encoded results V can concentrate in the
feature space based on their respective classes, they should be
more easily distinguishable by the discriminator. As illustrated
in Figure 4, the encoder’s architecture comprises two LSTM
layers and a fully connected layer. The log vector V serves
as the input, and the output being y′ ∈ [0, 1], where y′ and
1−y′ represent the probabilities of V belonging to Class 0 and
Class 1, respectively. We utilize cross-entropy loss to assess
the encoding performance, given by

L =
1

N

N∑
i

− [yi · log(y′i) + (1− yi) · log(1− y′i)] , (1)

In this context, N represents the number of training log
sequences. We employ L to update our parameters θ and ϕ.
Specifically, our training objective is to minimize the following
objective function:

θ, ϕ = argmin
θ,ϕ

{L},

= argmin
θ,ϕ

{ 1

N

N∑
i

−
[
yi · log(y′

i) + (1− yi) · log(1− y′
i)
]
},

= argmin
θ,ϕ

{ 1

N

N∑
i

− [yi · log(qϕ(pθ(Si)))

+(1− yi) · log(1− qϕ(pθ(Si)))]} ,
(2)

After training, we utilize the encoder to encode the log se-
quence S, and employ the encoded log vector V to accomplish
the active domain adaptation process.

C. Active Domain Adaptation

After encoding, we utilize the log vectors from the source
system to train a base anomaly detection model, referred to as
Classifier(Source). Subsequently, we consistently optimize the
Classifier(Source) using online human labels from the target
systems. In order to reduce the human labeling efforts, we
employ an active learning approach, selecting subsets that
provide the most useful information. In our view, the most
valuable log vectors would be those that have not been learned
by the model. The information within them should differ from
the historically labeled log vectors from the source system
and those already labeled during the active learning process.
Accordingly, we employ two selection strategies to meet
this requirement: free energy-based sampling and uncertainty-
based sampling, as shown in Algorithm 1.

In the phase based on free energy-based sampling, we
select the log vectors that differ from the historically labeled
log vectors in source system. Specifically, we model the log
vectors from the source system as a Gaussian distribution. In
this Gaussian distribution, log vectors with high free energy
imply that they deviate from the center and reside at the
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Fig. 2: The overview of LogAction. LogAction includes three main phases: Log Parser, Encoding and Active Domain Adaptation.
Firstly, the raw system logs are labeled and parsed into log event sequences. Secondly, LogAction encodes the log sequences
from both the source system and the target system, mapping them to similar distribution. Finally, LogAction is initially trained
using labeled log vectors from the source system. Subsequently, it is fine-tuned with a very limited amount of target system
logs via active learning to adapt to cross-system anomaly detection.

Fig. 3: The Encoding Phase. In the initial stage, log se-
quences from the source system and the target system originate
from distinct distributions (located in different hyperplanes).
Employing contrastive learning, the objective is to map the
distributions of normal log sequences from the source system
and normal as well as anomalous log sequences from the
target system to similar distributions (situated within the same
hyperplane).

boundary of the distribution. In other words, the rationale
behind free energy-based sampling is to use Gaussian dis-
tributions to model log vector distributions. By labeling and
subsequently training on log vectors that fall within the distri-
bution gap, LogAction can effectively reduce the distribution
gap between the source and target systems, thereby facilitating
model transfer. Therefore, we selecting the target system’s log
vectors that has the highest free energy in Gaussian distribution

Fig. 4: The overview of encoder.

for human labeling. These log vectors differ from historical
log vectors in source system. Moreover, this subset of log
vectors exhibits a distribution distinct from that of the source
system, occupying the data distribution gap between the source
and target systems. Learning from this specific set of data
facilitates further reduction in the distribution gap between
the systems. Inspired by EADA [23], we use the energy-
based model (EBM) [48] to build the Gaussian distribution
for source system log vectors. Generally, we employ an EBM
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Algorithm 1 Sample Selection

1: Input: The pool of unlabeled log vectors from the target
system Vt, Classifier(source) E

2: function CALCULATEFREEENERGY(V ,E)
3: F(V )← −log

∑
l∈{0,1} exp(−E(V, l)) ▷ Calculate

Free Energy
4: return F(V ) ▷ Output: Free Energy for vector V
5: end function
6: function CALCULATEUNCERTAINTY(V ,E)

7: P (V, 0)← E(V, 0)∑
l′∈{0,1} E(V, l)

8: P (V, 1)← E(V, 1)∑
l′∈{0,1} E(V, l)

9: U(V )← |P (V, 0)− P (V, 1)| ▷ Calculate uncertainty
10: return U(V ) ▷ Output: Uncertainty for vector V
11: end function
12: function SAMPLESELECTION(Vt,E,∆1,∆2)
13: Fset ← ∅
14: Uset ← ∅
15: for Vi in V do ▷ Iterate through log vectors
16: Fset[i]← CalculateFreeEnergy(Vi,E)
17: Uset[i]← CalculateUncertainty(Vi,E)
18: end for
19: V1

t ← Sampling the maximum free energy though
Fset within V at a sampling rate of ∆1

20: V2
t ← Sampling the maximum uncertainty though Uset

within V1
t at a sampling rate of ∆2

21: return V2
t

22: end function
23: Output: Sampling subset V2

t utilized for manual labeling

as Classifier(source) and train it using log vectors V from the
source system alongside corresponding labels l ∈ {0, 1}. Here,
l = 0 signifies a normal log vector, and l = 1 represents an
anomalous log vector. Classifier(source) takes log vectors V
as input and produces the energy E(V, 0) and E(V, 1) for the
normal and anomalous distributions, respectively. The training
objective of Classifier(source) aims to minimize the energy
assigned for correct classification. In other words, for an input
log vector V and label l, we aim to satisfy the condition:

l = argminl′∈{0,1}E(V, l′), (3)

After training, we can employ Energy-Based Models (EBMs)
to model the joint distribution, p(V, l), of the input vector V
and the corresponding label l:

p(V, l) = exp(−E(V, l))/Z,

Z =
∑
V ∈V

∑
l∈{0,1}

exp(−E(V, l)), (4)

Correspondingly, the marginal distribution of V can be ob-
tained as follows:

p(V ) =
∑

l∈{0,1}

p(V, l) =
∑

l∈{0,1}

exp(−E(V, l))/Z, (5)

Simultaneously, p(V ) can be represented by the free energy
F(V ) of V :

p(V ) =
exp(−F(V )∑

V ∈V exp(−F(x))
, (6)

So, according to Equations 5 and 6, we can calculate the free
energy of the Gaussian distribution for the input log vector V :

F(V ) = −log
∑

l∈{0,1}

exp(−E(V, l)), (7)

According to Equation 7, we calculate the free energy F(V )
within the target system’s unlabeled log vectors, and by
selecting a subset of log vectors with high free energies, we
accomplish the free energy-based sampling part.

The rationale behind uncertainty-based sampling is to label
log vectors for which the model exhibits the greatest dif-
ficulty in making accurate predictions. By learning through
these challenging log vectors, LogAction can improve the
performance of the anomaly detection model on the target
system. In the uncertainty-based sampling phase, we select log
vectors that are distinct from those already labeled in the active
learning process. More precisely, we choose the target system’s
log vectors positioned at the boundary between normal and
anomalous classifications for manual labeling. These instances
signify scenarios the model hasn’t encountered previously,
as the model would otherwise confidently classify them into
their respective categories. Specifically, for a log vector V in
the pool of unlabeled log vectors, the Classifier(source) can
provide the probabilities P (V, 0) and P (V, 1) for V belong-
ing to normal log sequences and anomalous log sequences,
respectively:

P (V, 0) =
E(V, 0)∑

l′∈{0,1} E(V, l)
,

P (V, 1) =
E(V, 1)∑

l′∈{0,1} E(V, l)
,

(8)

If P (V, 0) and P (V, 1) are closer, it indicates that the model
lacks confidence in classifying the log vector V . Therefore, we
calculate the absolute difference between P (V, 0) and P (V, 1)
to determine the uncertainty U(V ) of the model for the log
vector V :

U(V ) = |P (V, 0)− P (V, 1)| , (9)

We make selections based on log vectors’ uncertainty and
free energy, and employ fine-tuning of the selected vectors
for the Classifier(source). This adaptation aims to enhance
its performance in the target system’s log anomaly detection
task. Ultimately, we obtain a Classifier(target) with improved
generalization capabilities.

IV. EXPERIMENT

Ours experiments focus on the following research questions
(RQS):

• RQ1: How does LogAction performs in terms of effec-
tiveness?
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• RQ2: How does the varying number of labels impact the
effectiveness of the LogAction?

• RQ3: Does each main component contribute to LogAc-
tion?

A. Dataset and Experiment Settings

We conducted our experiments on three public log datasets
from Loghub [49]: BGL, Thunderbird, and Zookeeper. BGL
refers to an open dataset comprising logs gathered from a
BlueGene/L supercomputer system [22]. Thunderbird con-
tains logs obtained from a Thunderbird supercomputer sys-
tem [22], with 9,024 processors and 27,072GB memory.
ZooKeeper contains logs amassed by aggregating data from
the ZooKeeper service [50] within a lab at CUHK. These
log datasets originate from three entirely distinct systems.
We designate one dataset as the source system and another
as the target for experimentation, resulting in a total of six
combinations. We split each set of data into training and testing
sets with a 7:3 ratio. To prevent data leakage, we strictly split
the training and testing sets based on time, ensuring a certain
time gap between them to avoid any data leakage. When the
dataset serves as the target system, the training set becomes
the sample pool for selection. The detailed contents of each
dataset are outlined in Table I.

Our code can be accessed via https://anonymous.4open.
science/r/LogAction-B821. The experiments were carried out
on a Linux server equipped with an Intel(R) Xeon(R) Gold
6126T 2.60GHz CPU, 256GB of memory, and four RTX
A4000 GPUs with 128GB of GPU memory. During training,
we use the Adam optimizer with a learning rate of 1× 10−3.
The number of epochs is set to 60, and the batch size is
512. The dimensional settings of the model layers, such as
the hidden size of the LSTM in the encoder, are adopted from
previous seminal works [1], [17]. These parameters remain
fixed throughout all experiments without modification. In the
active domain adaptation process, the energy alignment weight
is set to 0.01, the energy-based sampling rate to 0.1, and the
active ratio to 0.01.

TABLE I: Summary of the BGL , ThunderBird, and Zookeeper
dataset

Dataset
Training Set / Sample Pool Testing Set

#Normal #Anomalous #Normal #Anomalous

BGL 26367 8633 11301 3699

ThunderBird 33205 1795 14231 769

Zookeeper 25412 614 10892 262

B. Competitors and Implementation Details

For RQ1, we opted for several state-of-the-art transfer-
learning-based methods, active-learning-based methods, and
some deep learning methods for comparison against LogAc-
tion. For RQ2, we investigated the sensitivity of LogAction to
varying levels of human labeling by setting different quantities
of manual labels. For RQ3, we delve into the specific roles

TABLE II: Hyperparameters

Parameter Category Parameter Name Value

Training Configuration

epoch 60

batch size 512

learning rate 10−3

Encoder
LSTM layer 2

LSTM hidden size 512

Anomaly Detection Model

Input Size 512

Hidden size 64

Layer size 64

Active Domain Adaptation

Energy align weight 0.01

First sample ratio 0.1

Active ratio 0.01

of each main componentwithin LogAction. We conducted a
dissection of LogAction by separately dismantling its transfer
learning, active learning and tow sampling strategy compo-
nents, resulting in four variants. Through comparison, we
explored the individual impacts of each component. Below
is an introduction to each of the competitors.

1) Transfer-learning-based methods:
• LogTransfer [15] is a supervised transfer learning

method. It involves training a model on the source system
using a shared network and fine-tuning the first half of
the network with the target system logs to complete the
transfer learning process.

• LogTAD [16] is an unsupervised transfer learning
method. It learns the hypersphere center of normal logs
from the source system’s logs and utilizes normal logs
from the target system to transfer hypersphere center,
thereby achieving the purpose of model migration.

• MetaLog [17] is a generalizable cross-system anomaly
detection approach, it utilizes a meta-learning paradigm
to enhance the model’s generalization ability, constructing
anomaly detection models for new systems with limited
labels.

2) Active-learning-based methods:
• ACLog [18] utilizes normal logs to train an unsupervised

model and employs active learning to select logs within
a ’fuzzy’ window for human labeling. These labeled logs
are used to denoise and enhance the original training
set, thereby boosting the performance of the unsupervised
model.

3) Deep learning methods:
• LogCluster [51] organizes and clusters historical logs to

extract information aimed at identifying anomalous logs.
• DeepLog [1] employs LSTM networks to predict the

concluding log event in a sequence of normal logs. It
detects anomalies by assessing the variance between the
predicted log event and the actual log event that occurs.

4) Variants of LogAction:
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• LogActionwt (LogAction without transfer learning) dis-
mantles the transfer-learning component, omitting the
utilization of logs from the source system to train the
base model. Instead, it directly employs active learning
to select samples to train the anomaly detection model
on the target system. LogActionwt is utilized to explore
the role of the transfer-learning component.

• LogActionwa (LogAction without active learning) re-
places the active sample selection strategy with a ran-
dom sample selection of equivalent size. LogActionwa is
employed to explore the function of the active learning
component.

• LogActionwu (LogAction without uncertainty-based sam-
pling) is employed to explore the function of the
uncertainty-based sampling strategy.

• LogActionwe (LogAction without free energy-based sam-
pling) is employed to explore the function of the energy-
based sampling strategy.

We consistently used the same labeled quantity for the target
system whenever required (2% relative to the sample pool).
For models with sample selection strategies (such as ACLog
and LogActionwt), we conducted two rounds of selection,
with 1% of the samples chosen in each round. For methods
lacking sample selection strategies (such as LogTAD and
LogActionwa), we utilized random sample selection to assign
labels, and the ultimate outcomes were derived by averag-
ing across 5 random iterations. For RQ2, we examined the
influence of manual labeling quantities ranging from 0% to
5% (at intervals of 0.5%) on six combinations of datasets
using the LogAction. The main adjustment involved varying
the quantity of human labeling by augmenting the selection
rounds, wherein each round involved the selection of 0.5% of
the samples.

C. Measurements

To evaluate the performance of LogAction in target test set,
we utilize three assessment metrics: Precision, Recall, and F1-
score. These metrics rely on four key parameters: True Positive
(TP), False Positive (FP), True Negative (TN), and False
Negative (FN). The Precision metric measures the accuracy
of anomaly detection within our system. It’s calculated as the
ratio of TP to the sum of TP and FP, expressed as TP

TP+FP .
Conversely, the Recall metric assesses the system’s capability
to detect all anomalous log sequences. It’s computed as the
ratio of TP to the sum of TP and FN, represented by TP

TP+FN .
The F1-score represents the harmonic mean of precision and
recall, providing a balanced evaluation incorporating both
precision and recall. Its computation follows this formula:
2·(Precision·Recall)
Precision+Recall .

D. Evaluation Results

1) RQ1: How does LogAction performs in terms of effec-
tiveness?:

We conducted experiments on six combinations of source
→ target systems involving LogAction and Competitors, with
the experimental results depicted in Table III. It is important to

note that DeepLog, LogCluster, and ACLog were not trained
using labels from the source systems, hence their performance
is solely dependent on the target systems. As illustrated in
the Table III, our approach yielded F1 scores surpassing all
competitors across all six datasets, demonstrating the superior
performance of LogAction.

Compared to the Deep learning methods, LogAction
requires only 2% of labeled data to achieve an average F1
score surpassing DeepLog and LogCluster by 39.63%. While
these unsupervised deep learning methods do not rely on any
human labeled data, their performance tends to be inadequate
due to the lack of learning from historical anomalous logs.
This deficiency arises from the continual emergence of new log
types alongside system changes. Because these unsupervised
methods detect anomalies based on historical normal logs,
encountering new log types often leads to false positives even
when such logs are normal. Reflected in the result, they often
exhibit lower precision (averaging only 51.74%) due to these
false positives. Conversely, LogAction learns the occurrence
of anomalous logs with minimal human labeling efforts to
detect anomalies. When encountering logs of new types, the
model does not classify them as anomalies because they do
not resemble historical anomalous logs. As a result, LogAction
exhibits a higher precision (averaging 96.91%).

Compared to the transfer-learning-based methods, Lo-
gAction outperforms the state-of-the-art transfer learning
method MetaLog by 15.42% in F1 score. MetaLog requires
1% of anomaly labels for training. Although this reduces the
number of labels needed, it imposes constraints on the type
of labels. Since anomalies occur infrequently, obtaining 1%
anomaly logs necessitates filtering them from a vast amount
of normal logs, which increases labeling costs. In contrast,
LogAction imposes no restrictions on label types and achieves
an F1 score of 93.01% with only 2% of the total labeled
data, further reducing labeling costs. LogAction outperforms
LogTransfer and LogTAD by 17.20% on average F1 score
across six combined datasets. As a supervised transfer learning
approach, LogTransfer suffers from the gap in data distribution
between the source and target systems’ logs, resulting in poor
performance. When the data distribution in the target system’s
logs is relatively simple (such as BGL or ThunderBird),
LogTransfer demonstrates a certain level of generalization
capability (averaging 87.66% F1 score). However, in instances
where the distribution of data in the target system logs is
intricate, such as in Zookeeper, substantial disparities arise
between the data distributions of the source and target sys-
tems. Consequently, the models trained on labeled logs from
the source system exhibit limited generalization capability,
leading to lower F1-scores, averaging at 56.51%. LogTAD, an
unsupervised transfer learning method, is also affected by the
lack of historical anomaly log learning (similar to DeepLog
and LogCluster), impacting its performance. It still requires
some manual labeling to continually update the model. In
contrast, LogAction mitigates the disparity in data distribution
by employing active learning to select samples with the highest
information content, thus minimizing the need for human
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TABLE III: Comparison results with baseline methods for Cross-system Anomaly Detection

Method ThunderBird → BGL Zookeeper → BGL BGL → Zookeeper
F1 Precision Recall F1 Precision Recall F1 Precision Recall

LogCluster 75.35% 69.63% 82.10% 75.35% 69.63% 82.10% 22.65% 17.87% 30.92%
DeepLog 82.02% 72.66% 94.16% 82.02% 72.66% 94.16% 29.04% 26.48% 32.14%
MetaLog 90.80% 90.24% 91.37% 89.33% 86.22% 92.68% 60.94% 65.21% 57.20%

LogTransfer 91.54% 89.03% 94.19% 94.39% 92.66% 96.19% 57.66% 70.33% 48.85%
LogTAD 89.20% 88.32% 90.10% 90.20% 90.96% 89.45% 50.96% 48.14% 54.12%
ACLog 90.37% 95.34% 85.90% 90.37% 95.34% 85.90% 40.50% 57.38% 31.29%

LogAction 96.03% 96.21% 95.84% 97.46% 97.06% 97.87% 80.66% 99.86% 67.65%

Method BGL → ThunderBird Zookeeper → ThunderBird ThunderBird → Zookeeper
F1 Precision Recall F1 Precision Recall F1 Precision Recall

LogCluster 71.23% 63.54% 81.03% 71.23% 63.54% 81.03% 22.65% 17.87% 30.92%
DeepLog 34.43% 54.19% 25.23% 34.43% 54.19% 25.23% 29.04% 26.48% 32.14%
MetaLog 82.87% 80.98% 84.85% 83.96% 75.71% 94.22% 57.60% 62.05% 53.75%

LogTransfer 80.60% 75.08% 87.00% 84.11% 80.74% 87.78% 55.35% 61.40% 50.38%
LogTAD 83.87% 93.45% 76.07% 79.91% 69.99% 93.11% 51.89% 58.88% 46.39%
ACLog 46.10% 70.01% 34.36% 46.10% 70.01% 34.36% 40.50% 57.38% 31.29%

LogAction 92.09% 95.16% 89.20% 95.52% 93.96% 97.14% 96.27% 99.19% 93.51%

labeling efforts.
Compared to the active-learning-based method, LogAc-

tion achieves an average F1 score improvement of 30.60% over
ACLog. ACLog, based on unsupervised methods, employs
active learning to continuously select samples for online model
updating, thereby enhancing the performance of the unsuper-
vised model while reducing the required amount of human la-
beling. However, ACLog utilizes manually labeled anomalous
samples for dataset denoising without fully exploiting these
anomalous samples. On datasets with higher levels of noise,
such as BGL, ACLog exhibits a substantial improvement
compared to unsupervised anomaly detection methods (with
an average F1 increase of 11.96%). However, on datasets
with lower noise levels, like Thunderbird and Zookeeper,
the utilization efficiency of samples chosen through active
learning is limited. Consequently, ACLog performs poorly
on these datasets (average 43.30% in F1 score). In contrast,
LogAction, based on supervised methods, can comprehensively
learn patterns from anomalous logs, resulting in more efficient
anomaly detection. Furthermore, LogAction mitigates the cold-
start issue of ACLog by leveraging labels from other mature
source systems for training the base model.

2) RQ2: How does the varying number of labels impact the
effectiveness of the LogAction?:

We investigated the impact of different levels of manual
annotations on LogAction, and the results are presented in
Figure 5. Overall, as the volume of labels increased, the
performance of LogAction showed a gradual improvement.
Notably, the most significant enhancement was observed be-
tween the 0% and 1% annotation levels, indicating poor
performance of LogAction when no labels were available.
At this stage, Classifier(source) operated without any fine-

tuning, solely relying on the logs from the source system
to detect anomalies in the target system. Despite encoding,
while the log vectors from the source and target systems
exhibited similar distributions, Classifier(source) demonstrated
some degree of generalization, achieving an average F1 score
of 64.10% on the target system. However, notable distribution
gaps persisted between the log vectors of the source and
target systems, impeding Classifier(source) from adequately
fulfilling the anomaly detection requirements of the target
system. Through energy-based sampling and uncertainty-based
sampling, LogAction selected a subset of the most informative
samples for human labeling on the target system. These sam-
ples contained non-redundant information and encapsulated
the distribution gaps between the log vectors of the source
and target systems. Following fine-tuning on this subset of log
vectors, Classifier(source) transformed into Classifier(target),
more suitable for anomaly detection in the target system.
Remarkably, a mere 1% of manual annotations led to an
average 22.06% improvement in the F1 score of the model on
the target system. Even with a very limited labeling proportion
(0.5%), LogAction can achieve an average F1-score of 89.95%.
This demonstrates LogAction ’s effective ability to balance
labeling cost and performance. In other words, the amount of
labeled logs input to LogAction can be adjusted according to
practical needs. For example, when logs are difficult to label,
LogAction can be initiated with 0.5% or even less labeled logs.
Conversely, if labeling costs are low, 2% labeled data can be
used to achieve the full performance of LogAction.

Furthermore, as depicted in the Figure 5, once the level of
manual annotations reached a certain threshold, the model’s
performance plateaued. Additional manual annotations at this
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Fig. 5: Human labeling efforts

Fig. 6: The difference of data distribution before and after
encoding in BLG → ThunderBird.

stage resulted in minimal improvement as the most valuable
samples had already been broadly selected, leaving mostly
redundant samples. Further model training on these redundant
samples yielded little additional benefit since the model had
already captured and learned from the information contained
within them.

3) RQ3: Does each main component contribute to LogAc-
tion?:

In this section, we perform an ablation study to assess the
effectiveness of main components in LogAction. The findings
of the ablation study are shown in Table IV. In compari-
son to LogActionwt and LogActionwa, LogAction surpasses
them in F1 scores by 21.98% (LogActionwt) and 9.00%
(LogActionwa) respectively. Upon removal of the transfer
learning, LogActionwt directly select samples in target system
without utilizing the logs of the source system to train the basic
model, thus encountering a cold start issue. During the initial
rounds of free energy-based sampling and uncertainty-based
sampling, lacking fundamental distributional knowledge of the
target system prevents LogActionwt from selecting the most

valuable samples for fine-tuning. In contrast, after encoding,
the log vectors from both the source and target systems
exhibit similar distributions. LogAction utilizes the log vectors
from the source system to train a basic anomaly detection
model, thereby possessing a certain degree of generalization
ability to the target system. Consequently, LogAction accu-
rately models the distribution of the target system, enabling
precise active selection and acquisition of the most valuable
samples. Compared to LogActionwt, the method without the
active learning segment, LogActionwa, demonstrates higher
efficiency. LogActionwa adopts a random selection approach
in lieu of the original active learning component, which to
some extent can identify valuable samples for fine-tuning.
However, its efficacy remains lower than LogAction since
random selection may include redundant samples. Labeling
these redundant samples does not enhance model efficiency
as the model has already grasped the knowledge they contain.
In comparison, LogAction leverages two sampling methods
to avoid generating redundant samples and further alleviate
data distribution gaps, thus exhibiting superior performance.
We further investigated the contributions of two sampling
strategies in active learning. As shown in Table IV, after
ablating each sampling method, the model’s performance de-
creased by an average of 3.05% and 3.35%, respectively. This
further highlights the importance of both sampling strategies.
On one hand, LogAction employs free energy-based sampling
to capture samples located at the distribution boundaries,
thereby further reducing the distribution gap between the
source and target systems and facilitating model transfer. On
the other hand, LogAction utilizes uncertainty-based sampling
to identify samples near the decision boundary between normal
and anomalous classes that the model finds difficult to detect,
thereby enhancing anomaly detection performance.

In addition, we further investigate the role of encoding in the
method. For the Encoding component, we utilized the t-SNE
dimensionality reduction method to visualize the data distribu-
tions of log vectors after encoding. We investigated the t-SNE
dimensionality reduction results of encoded representations
from several different encoders, including BERT, LogTAD,
MetaLog, and LogAction. Specifically, the visualization of the
BGL → Thunderbird dataset is depicted in Figure 6, where
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TABLE IV: Ablation of Proposed two Key Components of LogAction

Method ThunderBird → BGL Zookeeper → BGL BGL → Zookeeper
F1 Precision Recall F1 Precision Recall F1 Precision Recall

LogActionwt 90.53% 87.55% 93.73% 90.53% 87.55% 93.73% 32.60% 50.89% 23.98%
LogActionwa 89.33% 88.82% 89.86% 96.39% 96.40% 96.38% 62.60% 98.87% 45.80%
LogActionwu 92.07% 90.59% 93.60% 95.32% 95.29% 95.35% 77.18% 99.02% 63.23%
LogActionwe 91.75% 93.54% 90.03% 96.91% 98.03% 95.81% 73.66% 99.59% 58.44%
LogAction 96.03% 96.21% 95.84% 97.46% 97.06% 97.87% 80.66% 99.86% 67.65%

Method BGL → ThunderBird Zookeeper → ThunderBird ThunderBird → Zookeeper
F1 Precision Recall F1 Precision Recall F1 Precision Recall

LogActionwt 89.32% 99.52% 81.01% 89.32% 99.52% 81.01% 32.60% 50.89% 23.98%
LogActionwa 79.76% 89.82% 71.73% 90.30% 85.06% 96.23% 85.66% 80.74% 91.22%
LogActionwu 85.91% 93.11% 79.74% 92.31% 91.28% 93.36% 96.95% 96.90% 97.01%
LogActionwe 86.07% 92.47% 80.49% 92.98% 89.69% 96.51% 96.55% 96.63% 96.48%
LogAction 92.09% 95.16% 89.20% 95.52% 93.96% 97.14% 96.27% 99.19% 93.51%

blue and red represent normal log vectors and anomalous log
vectors, respectively. Triangles and circles denote log vectors
from the source and target systems. Among these, LogAction ’s
encoder performs most prominently, as the encoded log vectors
from different systems are the most tightly clustered. After
encoding the data distributions between the source and target
systems become analogous, leading to a reduction in the gaps
of their distributions. LogAction reduces the distribution gap
between the source system and target system logs through
contrastive learning, thereby better facilitating model transfer.
In comparison, the encoding performance of MetaLog and
LogTAD is suboptimal, with many normal and abnormal log
vectors intermixed. Moreover, the comparison with the BERT
encoder further highlights that the semantic distributions of
logs from different systems are inconsistent, making it insuf-
ficient to achieve distribution alignment solely by extracting
semantics.

E. Threats to Validity

Regarding the hyperparameters, except for the sensitivity
experiments, all other hyperparameters were held constant
throughout our experiments. A comprehensive sensitivity anal-
ysis of these hyperparameters is therefore lacking. Nonethe-
less, these parameters are not the primary focus of our study
and can be set according to the optimal configurations reported
in prior classical works [1], [17]. For instance, concerning
the LSTM hidden size in the encoder component, the en-
coder’s generalization capability is predominantly driven by
the contrastive learning framework, with the LSTM serving
as a standard feature extractor.

Regarding the fixed-size log windows, in the BGL, Thun-
derBird, and Zookeeper datasets, we employ fixed-size log
windows to segment logs into log sequences, which may affect
model performance. Since other baselines also use fixed-size
log windows for these three datasets, to ensure fairness, we

adopt the same approach and maintain window sizes consistent
with those used in prior studies.

Regarding the labeled logs used in LogAction, for fairness
considerations, we used 2% labeled logs in the comparative
experiments between the baselines and LogAction. In prac-
tice, obtaining even 2% labeled logs may incur high costs.
However, 2% labeled logs is not strictly necessary. Striving to
balance labeling cost and effectiveness, LogAction allows the
proportion of input labels to be adjusted according to practical
needs. As demonstrated in Section IV-D2, it maintains strong
performance even with as little as 0.5% of labeled data.

V. CONCLUSION

Accurately identifying log labels from a large volume of
logs is a highly challenging task, posing difficulties in training
anomaly detection models. Existing methods that tackle the
scarcity of labeled data primarily involve transfer learning
and active learning. Nevertheless, both approaches have their
limitations, yet they can be complementary and mutually re-
solved. In this paper, we propose LogAction, a novel anomaly
detection approach based on active domain adaptation to tackle
the issue of limited labeled data. LogAction combines transfer
learning and active learning techniques. On one hand, it
employs active learning to selectively label key logs, bridging
the gap between distinct systems in transfer learning. On the
other hand, LogAction employs transfer learning, training the
base model using labels from the source system, to mitigate the
cold-start issue in active learning. Compared to several existing
state-of-the-art transfer learning and active learning methods,
LogAction outperforms them by 26.28% while requiring only
2% of the amount of human annotation. In the future, we will
focus on researching new methods to achieve more precise log-
based anomaly detection models with minimal human labeling.
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