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Abstract

Intelligent fault-tolerant (FT) computing has recently demon-
strated significant advantages in predicting and diagnosing
faults proactively, thereby ensuring reliable service delivery.
However, due to the heterogeneity of fault knowledge, dy-
namic workloads, and limited data support, existing deep
learning-based FT algorithms face challenges in fault detec-
tion quality and training efficiency. This is primarily because
their homogenization of fault knowledge perception diffi-
cuties to fully capture diverse and complex fault patterns. To
address these challenges, we propose FT-MoE, a sustainable-
learning fault-tolerant computing framework based on a dual-
path architecture for high-accuracy fault detection and clas-
sification. This model employs a mixture-of-experts (MoE)
architecture, enabling different parameters to learn distinct
fault knowledge. Additionally, we adopt a two-stage learning
scheme that combines comprehensive offline training with
continual online tuning, allowing the model to adaptively op-
timize its parameters in response to evolving real-time work-
loads. To facilitate realistic evaluation, we construct a new
fault detection and classification dataset for edge networks,
comprising 10,000 intervals with fine-grained resource fea-
tures, surpassing existing datasets in both scale and gran-
ularity. Finally, we conduct extensive experiments on the
FT benchmark to verify the effectiveness of FT-MoE. Re-
sults demonstrate that our model outperforms state-of-the-art
methods.

Code — https://github.com/1291632523/FT-MoE
Extended version —

https://arxiv.org/submit/7074274/view

Introduction
With the development of Internet of Things (IoT) technol-
ogy, the number of computation tasks at network edges has
increased dramatically (Tuli et al. 2023). When edge devices
simultaneously process multiple computation tasks, the lim-
ited resource of edge network leads to high device failures
and low quality of experience (Xiao et al. 2025a). Tradi-
tional restoring methods of replicating or resubmitting tasks
is to take action after failure has been observed, and can-
not prevent expensive repair costs caused by system fail-
ures (Shaikh and Jammal 2024). Thus, to prevent losses
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of event failure and system downtime, proactive methods
that predict failures before they occur have received increas-
ing attention (Ahmed, Terefe, and Hailemariam 2024). Re-
cently, model-based fault tolerant (FT) computing adopts
specialized algorithms for intelligent task scheduling to ad-
dress event failure problems and receives increasing atten-
tion (Xu et al. 2024) (Cai, Qin, and Huang 2025). Among
them, deep learning-based FT schemes that do not require
any assumptions or specialized algorithms have become the
most popular solution (Assiri and Sheneamer 2025) (Amin,
Sajid Iqbal, and Hamza Shahbaz 2024). Under the guidance
of large amounts of labeled data, deep neural networks cap-
ture the feature of abnormal signals well for fault prediction
and judgment. However, due to limited computing and com-
munication capacity in edge network (Xiao et al. 2025b),
deep learning-based schemes still face difficulties in guar-
anteeing fault diagnose quality of service systems (Hazra
et al. 2024), facing several challenges: (1) High Knowledge
Heterogeneity: As a multi-task learning, FT task features
both fault detection and fault classification. Their sub-tasks
have completely different feature learning paths, and their
domain knowledge varies from fault to fault (Ledmi, Bend-
jenna, and Hemam 2018). However, existing approaches (Na
et al. 2025) (Qian et al. 2025) (Negi et al. 2021) typically use
same parameters and ignore the heterogeneity of fault types
and learning tasks, resulting in performance inefficiency. (2)
Highly Dynamic Environment: Since tasks in edge net-
work are complex and variable, fault detection must adapt
to the dynamic environment. This requires the FT model
to be not only robust, but also flexible enough to adapt
dynamic environments in real time. (3) Lack of Realistic
FT Datasets: Most existing datasets used in related stud-
ies have coarse-grained resource features. These datasets do
not reflect the real operating conditions of multitask schedul-
ing and resource-constrained scenarios. As a result, models
trained on them struggle to generalize to real-world deploy-
ments, which limits the research of edge fault detection al-
gorithms.

In response to the above issues, we propose FT-MoE, a
dynamic fault prediction model for fault-tolerant schedul-
ing, which aims to improve the fault detection performance.
Unlike existing DL-based approaches, we propose a sus-
tainable learning fault-tolerant model based on a dual-path
architecture to achieve efficient FT computing of multiple
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tasks. Specifically, to learn heterogeneous knowledge from
detection data, we propose a mixture-of-experts(MoE) net-
work with efficient gating modules as the first path, en-
abling dynamic tuning by adjusting the number of experts
based on the activation differences (Guo et al. 2025). To ef-
ficiently capture the impact of task migration on device sta-
tus, we adopt efficient dynamic graph attention network as
the second path. Then, we use a cross multi-head attention
to model the relationship of heterogeneous knowledge and
task scheduling effects extracted from the two paths. Fur-
ther, to adapt dynamic service environments, FT-MoE em-
ploys continual learning. We use a two-stage model opti-
mization scheme, consisting of offline training and online
tuning. The Offline training provides enough time to adjust
and optimize parameters. The online tuning supports contin-
ual learning of FT-MoE, allowing it to dynamically add or
remove parameters to adapt to dynamic environments. In ad-
dition, to address the lack of realistic fault tolerance datasets,
we propose a dataset with fine-grained host resource features
and scheduling decisions that better capture the dynamics
of real-world environments. Overall, our main contributions
are summarized as follows:

• We propose FT-MoE, a dual-path fault-tolerant model
that integrates task-adaptive expert selection MoE and
dynamic graph attention. The first path uses a task-
adaptive MoE to handle heterogeneous knowledge and
the second path employs a dynamic graph attention net-
work to capture the effects of task migration. The two
paths are connected through a cross multi-head attention
mechanism.

• Combining with continual learning, we design a two-
stage training scheme for FT-MoE, consisting of offline
training and online tuning. Offline training aims to opti-
mize parameters. Online tuning aims to dynamically add
or remove parameters to adapt to dynamic environments.

• We construct a new dataset for fault detection and classi-
fication. Our dataset includes more fine-grained host re-
source features and scheduling decisions, making it bet-
ter reflect the dynamic environment than existing ones.

Related Work
Fault Tolerant Computing Methods
Most contemporary state-of-the-art FT computing meth-
ods employ some form of specialized algorithms or ma-
chine learning models. Specialized algorithms methods
usually rely on predefined models to achieve FT tasks.
DFTM (Sivagami and Easwarakumar 2019) detects faults
by monitoring the load and network traffic of virtual ma-
chines (VM). The faults are classified as single VM faults
and multi-node faults. PCFT (Liu et al. 2018) predicts in ad-
vance which physical machines are likely to fail based on
CPU temperature. ECLB (Sharif, Nickray, and Shahidine-
jad 2020) technique uses Bayesian methods and neural net-
works to classify host machines into different categories.
CMODLB (Negi et al. 2021) uses k-means and deep learn-
ing to cluster nodes and identify overloaded hosts. In a
recent work, PreGAN (Tuli, Casale, and Jennings 2022a)

uses gated recurrent units and graph attention networks to
construct a deep learning model for fault prediction. Pre-
GAN+ (Tuli, Casale, and Jennings 2024) combines the
transformer structure, further improving the accuracy of
fault prediction. However, existing methods cannot handle
heterogeneous fault knowledge, using the same model for
all fault types and ignoring knowledge diversity. Most are
offline trained, cannot adapt after deployment and perform
worse with changing system conditions. In our experiments,
we compare FT-MoE against the state-of-the-art baselines
DFTM, ECLB, PCFT, CMODLB, PreGAN and PreGAN+.

Mixture of Experts Model
Mixture of experts (Dai et al. 2024) is a machine learning
method based on multiple expert models. Its core idea is to
select suitable models for different inputs. Compared to tra-
ditional single models, MoE uses multiple experts to han-
dle different types of faults, which helps to improve over-
all detection accuracy. Due to the flexibility and efficiency,
many recent studies have attempted to apply MoE to han-
dle time-series data. MoLE (Ni et al. 2024) trains multiple
linear-centric models and a router model that weighs and
mixes their outputs to predict time series. MEO (He et al.
2023) proposes combining multiple experts into a single
shared expert to significantly improve the computational ef-
ficiency of the MoE while maintaining performance. Time-
MoE (Shi et al. 2025) combines a series of decoder-only
transformer models with MoE, supporting flexible predic-
tion ranges with different input context lengths. However,
most existing MoE methods rely on statically trained archi-
tecture, which limits their adaptability to changing input dis-
tributions and dynamic environments.

Dynamic Fault Detection and Recognizing
Algorithm

We propose FT-MoE, a sustainable-learning mixture-of-
experts framework for fault-tolerant computing, aiming to
improve fault prediction performance. As shown in Fig. 1,
FT-MoE consists of three components: a schedule-aware
graph encoder to capture task propagation across hosts, a
fault-adaptive MoE layer to handle fault heterogeneity and
a cross multi-head attention layer to fuse heterogeneous fea-
tures with scheduling information. In addition, we adopt a
two-stage training strategy, including offline optimization
for diverse fault scenarios and online tuning for continual
adaptation to dynamic environments.

FT-MoE System Model and Problem Statement
In this work, we consider a standard heterogeneous envi-
ronment, where all computational nodes are interconnected
through a Local Area Network (LAN) 1.
Definition 1. (Host Set and Feature Matrix) We assume that
there are M hosts in the environment, denoted as H =
{h1, . . . , hm}, where m ∈ M . Each host has N resource
utilization features. The feature vector of the host at interval
t is represented as Xt ∈ RM×N .

1We provide more details for system model in appendix 1
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Figure 1: FT-MoE, including the schedule-aware graph encoder, the fault-adaptive mixture-of-experts layer, the cross multi-
head attention layer, the offline training module and the online tuning module.

Definition 2. (Task Scheduling Matrix) At the beginning
of each interval t, a set of new tasks arrives at the system,
and the scheduler generates a scheduling decision simulta-
neously. We assume that there are δ tasks running simulta-
neously in the system. The scheduling decision at the inter-
val t, denoted as St ∈ Rδ×2, shows the task migration from
the source host to the target host. Each migration creates an
edge between two different hosts.

Schedule-aware Graph Encoder
We design the schedule-aware graph encoder to model the
propagation dynamics of task scheduling behaviors across
hosts. Specifically, the feature vector of m-th host is denoted
as Xm ∈ RN . The hosts that are connected to the m-th
host in the scheduling decision S are called the neighbor-
hood hosts of the m-th host. The set of neighborhood hosts’
indices for the m-th host is denoted as Hneighbor

m . Following
previous study (Brody, Alon, and Yahav 2022), we calcu-
late attention weights A 2. A(m,m′) represents the attention
weight of the edge (m,m′). Then, we aggregate the atten-
tion weights of all neighborhood hosts to get the updated
feature vector of the i-th host X ′

i . The aggregation process
can be represented as follows:

X ′
i =

∑
j∈Hneighbor

i

A(i,j) ·Wt ·Xj , (1)

where Wt is trainable parameter. X ′ denotes the set of up-
dated feature vector, X ′

i ∈ X ′.

Fault-Adaptive Mixture-of-Experts
To handle the heterogeneity of FT tasks, we design a fault-
adaptive mixture-of-experts layer. It consists of multiple ex-
perts that capture diverse fault patterns and a gating network
that selects the most relevant experts based on the input.

2We provide more details for calculating the attention weights
A in appendix 2

Experts-Adaptation Gating Traditional MoE uses a
fixed number of active experts, but this often leads to in-
efficiency in practice (Muqeeth, Liu, and Raffel 2024). To
solve this, we introduce Experts-Adaptation Gating (EA-
Gate), which automatically chooses and adjusts the number
of experts based on input features for fault prediction. Next,
we describe the specific process of the EAGate. EAGate first
calculates the cosine similarity between the input and each
expert. These similarity scores are then used to decide which
experts should be activated. Let Eg denote the g-th expert of
the MoE. Let Wg denote the g-th expert’s representation ma-
trix of the MoE, which is trainable in EAGate. g ∈ G and
G is the number of experts in an MoE model. Hence, the
similarity sg between X and expert Eg is represented as:

sg =
⟨X,Wg⟩
∥X∥∥Wg∥

(2)

where ⟨x1, x2⟩ function denotes the dot product between x1

and x2 and ∥ · ∥ is the L2 norms function. By normalizing X
and Wg , we obtain all standardized similarity scores which
are denoted as S = {sg}.

Then, we apply the sigmoid function to map the similar-
ity score to [0,1] to represent the activation probability of
experts, that is Ŝ = {ŝg}. We define the activation threshold
vector as ϵ ∈ Rg and they are trainable parameters. ϵg rep-
resents the g-th expert’s activation threshold. We apply the
sigmoid function to map the activation threshold to [0,1],
that is ϵ̂. By comparing ŝg with the activation threshold ϵ̂g ,
we can determine whether g-th expert Eg should be acti-
vated during a particular computation round. Let ωg denote
the activation state of expert Eg and Ω = {ωg} denote the
activation state of all experts, its formula is represented as:

ωg = sign(ŝg − ϵ̂g), (3)

where sign(x) function is used to convert x to 0 or 1. If
x > 0, then sign(x) =1; else, sign(x) =0. Thus, if ωg = 1,

16006



it indicates that expert Eg can be activated; otherwise, it can
not be activated. We set the activatable expert indices as Ĝ

and the activatable expert as Êĝ, where ĝ ∈ Ĝ. We set the
activatable experts as Ê = {Êĝ}.

Then, to enhance the model’s adaptability and flexibility,
we present a Top-any function to select a set of experts to ac-
tivate, which enables each input to autonomously determine
the number of experts to activate. The output of the Top-any
function is a set of experts’ indices. We set the maximum
number of selectable active experts for one input as Gmax.
Specifically, if sum(Ω) > Gmax, we select the Gmax ex-
perts with the highest similarity scores to be activated, ex-
perts’ indices are denoted as Top-Gmax(ŝ); if sum(Ω) = 0,
we select an expert with the highest similarity scores to be
activated, expert’s index is denoted as Top-1(ŝ); else, we se-
lect the set of activatable experts Ê, experts’ indices are Ĝ.
Its formula is represented as:

Top-any =


Top-Gmax(ŝ) if sum(Ω) > Gmax,

Top-1(ŝ) if sum(Ω) = 0,

Ĝ else.
(4)

Based on Top-any, we can obtain experts selected to be acti-
vated, whose indices are denoted as Gactive.

Multiple Experts Module The multiple experts module
of an MoE consists of multiple sparse activation experts.
To avoid model learning bias caused by unusually strong
or weak outputs from some experts, we adopt a weighted
sum approach to integrate the outputs of all activation ex-
perts (Sakib, Mustajab, and Alam 2024). Let Gactive denote
the set of experts’ indices selected to be activated. The out-
put of the multiple experts module is denoted as Y , which is
calculated as follows:

Y =
1

|Gactive|
∑

g∈Gactive

Egsg, (5)

where |Gactive| denotes the number of activation experts’
indices in Gactive.

Cross Multi-head Attention Module
The cross multi-head attention (CMHA) module is used to
model the relationship between the task scheduling behavior
and the heterogeneous resource knowledge. Specifically, the
attention is represented as:

Attention(Q,K,V) = softmax
(
QKT

√
dk

)
V, (6)

where Q is the query, K is the key and V is the value. dk is
the dimension of K. CMHA computes attention in parallel
using multiple sets of Q, K and V. Each set has its own
weight matrix, is called a head and captures different input
aspects. β is the number of heads. heada is the result of the
computation for a-th head and a ∈ A, represented as:

heada = Attention(QWQ
β ,KWK

β ,VWV
β ), (7)

MultiHead(Q,K,V) = [head1; . . . ;headβ ]WO, (8)

where WQ
β , WK

β , WV
β and WO are all trainable parame-

ters. We set Q = Y and K = V = X ′. Let each host’s
features actively search the graph to find which scheduling
relationships affect them most, and use this to make better
fault predictions. O represents the context vector obtained
from CMHA, which is represented as:

O = MultiHead(Y,X ′, X ′), (9)

To adjust the feature dimensions and scale the output, we
use two separate feed-forward networks: one for fault detec-
tion and one for fault classification. For fault detection, we
apply a linear layer LinearD followed by a softmax to pro-
duce probabilities. For fault classification, we use another
linear layer LinearC followed by a sigmoid. These two FFNs
are referred to as FFND and FFNC , respectively. FFND and
FFNC are represented as:

FFND = Softmax(LinearD(O)). (10)

FFNC = Sigmoid(LinearC(O)). (11)
Finally, FFND and FFNC output the fault detection result

D ∈ RM×2 and fault classification result C ∈ RM×Q, re-
spectively. Here, D gives the fault prediction for all M hosts,
where Dm represents the prediction for the m-th host. A
fault is predicted in host m if Dm[1] > Dm[0]. The clas-
sification output C gives each host’s fault feature vector,
where Q is the feature dimension and Cm is the vector for
host m. We assume there are Z fault types, with each type
z ∈ Z represented by a prototype vector Pz in a matrix
P ∈ RZ×Q. These prototype vectors are trainable and ini-
tialized randomly in the range [0, 1]. To classify a fault, we
compute the Euclidean distance between Cm and each Pz ,
and select the fault type whose prototype is closest to Cm.

Offline Training and Online Tuning
In this section, we describe the offline training and the online
fine-tuning. The offline training describes how to train the
model with datasets acquired in a real environment. The on-
line fine-tuning describes how to fine-tune the model based
on real-time data when running the simulation platform.

Offline Training In this section, we describe the offline
training process for the FT-MoE to detect and classify faults.
Datasets of FT computing consist of time-series data X ,
scheduling decisions S and fault type labels y. ym repre-
sents m-th host’s fault class, where ym = 0 denotes no fault.
For the fault detection, we use cross-entropy loss as the loss
function and sum the loss over all hosts to get the final loss,
its formula is represented as:

LD =
M∑

m=1

(1ym=0 log(Dm[0]) + 1ym>0 log(Dm[1])),

(12)
where 1cond is an indicator function, represented as:

1cond =

{
1, if cond is true,
0, if cond is false,

(13)

where cond denotes the condition.
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For the fault classification, we use the triplet loss as the
loss function (Dong and Shen 2018). We calculate the eu-
clidean distance between the model-generated fault type pre-
diction for m-th host Cm and each prototype vector in P .
Then the euclidean distance between Cm and the real cat-
egory prototype vector Pym

is minimized while increasing
the euclidean distance between Cm and the incorrect z-th
class prototype vector Pz . Therefore, the fault classification
loss LC for all hosts with system faults is represented as:

LC =
M∑

m=1

1ym>0(∥Cm − Pym∥22 +
∑
z ̸=ym

∥Cm − Pz∥22).

(14)
Besides, we also introduce the expert selection loss, en-

suring balanced activation frequencies for each expert (Yang
et al. 2024). Specifically, the similarity scores of experts are
regularized using the L2 norms function. Let λslt be the reg-
ularization weight and Lslt denote the expert selection loss.
its formula is expressed as:

Lslt = λslt

G∑
g=1

∥sg∥2 (15)

Thus, the final loss function Lfinal combines LD, LC and
Lslt, which is represented as:

Lfinal = α1LD + α2LC + α3Lslt (16)
where α1, α2 and α3 are the weight parameters.

Performance-aware Online Tuning To adapt to dynamic
service environments, we design a performance-aware on-
line tuning strategy for FT-MoE. It fine-tunes the fault-
adaptive MoE using the host features of the previous inter-
val Xt−1, scheduling decisions of the previous interval St−1

and fault labels of the current interval yt. For simplicity, we
denote the input as {X,S, y}. We still use Lfinal to update
the parameters. During online tuning, all components of FT-
MoE are frozen except for the MoE module. Its key idea is to
remove experts with low contribution and add new ones to
handle previously unseen data, enabling efficient continual
learning under changing conditions.

In detail, we record the active state of all experts to keep
track of which experts are frequently activated, denoted as
RE ∈ RG. RE,g represents the times the g-th expert is acti-
vated during this inference. Its formula is represented as:

RE = RE +Ω (17)

Furthermore, we can also record the activated experts num-
ber of each input, denoted as RS . So we can find inputs that
did not activate any experts. Its formula is represented as:

RS = RS + 1|Gactive|=0 {X,S, y} (18)

We use flags and flagf to determine when to start and stop
the routing recording. We initialize flags = 1 and flagf =
0 and set an epoch threshold I . If the current epoch number
is a multiple of I , we set flagf = 1. Based on these history
states, we can fine-tune fault-adaptive MoE according to the
following strategy:

(1) If RE,g = 0, it means that the g-th expert has not
been activated by any input during the training process. The
g-th expert will be removed from the network to reduce the
computational resources and improve the training efficiency.

(2) If RS = NULL, it means that there are inputs that
do not have suitable experts and the system will automati-
cally add a new expert. In addition, the new expert threshold
ϵ̂new is initially set to 0 to ensure that the inactive input can
activate the newly added expert.

After adding experts and deleting experts, we set flagf =
0 and restart the routing recording.

Our Dataset
We build a new dataset to enable accurate and adaptable
fault prediction in dynamic environments. It supports both
supervised learning and continual adaptation. Compared to
datasets like Google Cluster Trace, Alibaba Cluster Trace
v2021, and Bitbrains GWA-T-12 VM Trace, ours uniquely
includes full resource metrics, detailed scheduling logs, and
host-level fault labels 3.

To simulate realistic and dynamic workloads, we design
a task generator using the Bitbrains GWA-T-12 dataset. We
select the ’rnd’ subset with 500 VMs and filter those whose
CPU usage at the 10th interval is between 500 and 3000
MIPS to build a candidate VM pool. In each simulation step,
we randomly generate containers based on a Gaussian distri-
bution. Each container uses a VM trace from the pool, and
its full resource usage over time is used to simulate con-
tainer behavior. We use the COSCO framework (Tuli et al.
2022) to simulate our fault-tolerant system with a 16 node
distributed cluster. Eight nodes have 4 GB of RAM, and
the other eight have 8 GB. The default scheduler, Gradient
Based Optimization task scheduling strategy (GOBI) (Tuli
et al. 2022), assigns containers based on host load and task
demands. During execution, we log scheduling decisions
and resource usage. Based on this simulator, we obtain host
resource status data in various service environments as the
training dataset. Anomaly Detection Engine for Linux Logs
(ADE) tool (Agyemang 2024) is used to generate ground-
truth labels for our dataset. Fault types consist of CPU fault,
RAM fault and disc fault 4. Our dataset contains 115,010
no fault samples, 8,001 CPU faults, 22,771 RAM faults and
14,218 Disk faults.

Experiment
Experimental Setting
For FT-MoE, we set the dimensionality of the prototype vec-
tor Q at 8. For gradual updating of prototype vectors P , we
adopt a hybrid learning prototype vector updating scheme 5.
The number of experts in an MoE model G is numbered 12
and the maximum number of selectable active experts for

3We provide more details for public datasets and comparison
between them and ours in appendix 3 and 4

4We provide more details on how to determine the type of fault
in appendix 5

5We provide more details for hybrid-learning prototype vectors
updating scheme in appendix 6
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Method Detection Classification
Accuracy Precision Recall F1 Score HR NDCG

DFTM 0.8210 ± 0.0200 0.7100 ± 0.0700 0.8100 ± 0.0200 0.7560 ± 0.0350 0.4800 ± 0.0200 0.4400 ± 0.0020
ECLB 0.8800 ± 0.0180 0.7350 ± 0.0650 0.8500 ± 0.0200 0.7880 ± 0.0400 0.5050 ± 0.0100 0.4700 ± 0.0020
PCFT 0.8500 ± 0.0120 0.7600 ± 0.0500 0.8700 ± 0.0180 0.8110 ± 0.0300 0.5650 ± 0.0090 0.5200 ± 0.0020
CMODLB 0.8700 ± 0.0100 0.7750 ± 0.0300 0.8750 ± 0.0150 0.8225 ± 0.0250 0.5950 ± 0.0030 0.5300 ± 0.0030
PreGAN 0.9000 ± 0.0080 0.8200 ± 0.0220 0.8950 ± 0.0120 0.8555 ± 0.0200 0.6050 ± 0.0060 0.5650 ± 0.0050
PreGAN+ 0.9060 ± 0.0070 0.8290 ± 0.0060 0.9180 ± 0.0080 0.8710 ± 0.0180 0.6250 ± 0.0030 0.5800 ± 0.0040
FT-MoE 0.9053 ± 0.0028 0.8273 ± 0.0079 0.9322 ± 0.0094 0.8766 ± 0.0061 0.6496 ± 0.0055 0.6021 ± 0.0027

Table 1: Overall comparison of methods across the fault detection and the fault classification.

one input Gmax is numbered 8. For the offline training FT-
MoE model, we use the AdamW optimizer to train FT-MoE
offline (Saleh and Mashaly 2019), with an initial learning
rate of 0.001 and decays by 0.1 every 10 epochs. We set the
weights of the loss function Lfin: α1, α2 and α3 to 0.35,
0.5 and 0.15, respectively. The update weight η is set to 0.9.
Note that we run all experiments for 100 scheduling inter-
vals and average over 5 runs as final performance results.
We use the COSCO framework as the service simulator for
our experimental.

Evaluation Metrics
Fault Prediction. Our framework includes two tasks of the
fault detection and the fault classification. They have differ-
ent evaluation metrics: (1) For the fault detection, we use
precision, recall and F1 score as prior work (Anwar et al.
2025). (2) For the fault classification, we use two metrics,
that is HitRate (HR) (Tuli, Casale, and Jennings 2022b) and
Normalized Discounted Cumulative Gain (NDCG) (Järvelin
and Kekäläinen 2002) 6.

Fault-Tolerant Scheduling. Quality of Service (QoS)
scores are some metrics for evaluating the quality of user
service. Here, we adopt the CPU utilization, the RAM uti-
lization, the energy consumption and the response time met-
rics to measure the system performance 7.

Experimental Results
To evaluate the performance of FT-MOE, we con-
ducted comparative experiments with the latest baselines:
DFTM (Sivagami and Easwarakumar 2019), ECLB (Sharif,
Nickray, and Shahidinejad 2020), PCFT (Liu et al. 2018),
CMODLB (Negi et al. 2021), PreGAN (Tuli, Casale, and
Jennings 2022a) and PreGAN+ (Tuli, Casale, and Jennings
2024). First, we evaluate the performance of the fault detec-
tion and the fault classification, which have different evalua-
tion metrics. Then, to verify the effect of FT-MoE on avoid-
ing system overload, we further evaluate the task migration
performance after a successful fault detection.

Following (Tuli, Casale, and Jennings 2024), we use
the Generative Adversarial Networks (GAN) to decide tasks
scheduling decisions based on predicted faults, which con-
tains a generator and a discriminator network. We analyze

6We provide details for experimental metrics in appendix 7
7We provide additional QoS results in appendix 8
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Figure 2: QoS performance of FT-MoE with baselines.

the QoS scores after task scheduling decisions based on the
prediction results of our model. Comparison of Fault Pre-
diction Methods. The experimental results are shown in Ta-
ble 1. (1) In the fault detection, FT-MoE outperforms other
baseline methods in recall and F1 score respectively. FT-
MoE achieves 0.9041 in accuracy, which outperforms most
other baseline methods. This is due to FT-MoE capturing
high-dimension features of input Xt and St better than other
methods. (2) In the fault classification, FT-MoE’s HR and
NDCG showed an improvement of 3.936% and 3.81% re-
spectively, over the best baseline method. This is due to FT-
MoE considering knowledge heterogeneity and using differ-
ent sets of parameters for inputs with different types of fea-
ture. While baseline models use identical parameters.

System Scheduling QoS Breakdown. Fig. 2 compares
some QoS scores of all models, including the original GOBI
without any fault-tolerant method. For all the fault predic-
tion models, we use the same scheduling decision genera-
tor (Tuli, Casale, and Jennings 2024) to generate scheduling
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decisions based on the fault prediction results. (1) Fig. 2(a)
and Fig. 2(b) indicates that FT-MoE has lower average CPU
and RAM utilization compared to the baselines. This is due
to the higher fault detection and fault classification accu-
racy of our model, which helps the generator generate better
scheduling decisions. (2) Due to the lower average CPU and
RAM utilization, FT-MoE also has the lowest average en-
ergy consumption of 14.1641 KW-hr, followed by PreGAN+
with 16.4324 KW-hr, as Fig. 2(c) shows. (3) Fig. 2(d) shows
a comparison of FT-MoE and the baselines with the response
time. It shows that FT-MoE has the minimum response time.
This is due to FT-MoE, which has a faster inference speed
compared to the baseline methods.

Ablation Study
In this section, we conduct ablation studies to analyze the
effects of different components in FT-MoE 8.

(a) Wo/EAGate (b) W/EAGate

Figure 3: Training curves for the fault detection and classifi-
cation.

Analysis of EAGate In this section, we evaluate the im-
pact of the proposed EAGate. Fig. 3 presents the accuracy
trends for both the fault detection and the fault classifica-
tion during training, comparing FT-MoE models with the
EAGate (W/EAGate) and without it (Wo/EAGate). In the
Wo/EAGate configuration, the EAGate is replaced by a static
gating. We could observe that: (1) The fault classification ac-
curacy of the Wo/EAGate fluctuates drastically and the op-
timal accuracy only reaches 87.956%. This is because static
gating treats all diverse fault type inputs uniformly, ignor-
ing their differences. (2) In contrast, the W/EAGate config-
uration exhibits a steady improvement in classification ac-
curacy, ultimately reaching 90.479%. Because the EAGate
can adaptively select experts based on input features, en-
abling more fine-grained training and capturing heteroge-
neous knowledge of different types of fault. In general, these
results show that the EAGate plays a key role in stabilizing
training and improving the model’s ability to extract mean-
ingful features for accurate fault classification.

Analysis of Online Tuning In this section, our aim is to
demonstrate the effects of online tuning. Fig. 4 shows the
changes in FT tasks accuracy during running in the edge en-
vironment of the FT-MoE with online tuning (W/OnlineTun-
ing) and without it (Wo/OnlineTuning). Fig. 4(a) shows that
after a period of running, the performance of Wo/Online-
Tuning decreases greatly and finally reduces to 52.624% for

8We provide more experiment results in appendix 9

(a) Wo/OnlineTuning (b) W/OnlineTuning

Figure 4: Fine-tuning curves for the fault detection and clas-
sification.

the fault detection and 57.223% for the fault classification.
This is because Wo/MoE uses unchanged parameters, so its
ability to generalize decreases as new data comes in. This
phenomenon is common in continual learning and is called
plasticity loss (Zang et al. 2025). Fig. 4(b) shows the running
results for W/OnlineTuning. Although there is also a perfor-
mance loss for a while after the start of the fine-tuning, it
then stabilizes. After that, the performance is maintained at
a high level. This is because W/OnlineTuning has a stronger
generalization ability compared to Wo/OnlineTuning.
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Figure 5: T-SNE plot for the fault classification using
Wo/CMHA and W/CMHA.

Analysis of CMHA In this section, our aim is to demon-
strate the necessity of the CMHA module. Fig. 5 includes
t-SNE visualizations of the predicted class prototypes for
the fault classification. We observe that the embeddings pro-
duced by the model with CMHA (W/CMHA) are more
compact and well separated by fault type. This indicates
stronger intra-class consistency and higher inter-class dis-
crimination. In contrast, the embeddings of the model with-
out CMHA (Wo/CMHA) are more dispersed, leading to
poorer classification performance. Additionally, W/CMHA
also achieves significantly better alignment with the ground
truth than Wo/CMHA, particularly in accurately localizing
faults across different hosts and time periods. These results
show that CMHA improves feature interaction and fault pre-
diction by better associating task behavior with host status.

Conclusion
In this paper, we propose FT-MoE, a multitask learning
framework for fault awareness and adaptive fault-tolerant
learning. It leverages a MoE network with efficient gating to
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capture diverse fault patterns, and adopts a two-stage train-
ing strategy, including offline optimization and online con-
tinual tuning, to adapt to dynamic environments. Experi-
ments on a simulated edge setting show that FT-MoE out-
performs existing methods. Ablation studies confirm the ef-
fectiveness of each module in supporting multitask fault tol-
erance. In future work, our goal is to validate FT-MoE in
real-world deployments and incorporate federated learning
for privacy to assess its robustness and scalability.
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