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TUAL 1 Introduction
Definition
A time series X; is a sequence of observations with T > 1 time steps, X; = {xijl, . ,xi,T},

where x; ¢ € R4, Depending on d, each observation can be a real-valued number (d = 1) or
a vector (d > 1).

Given a dataset of N time-series data y = {X1, ..., Xy}, where x; ¢ R®T, the process of
time series clustering is to partition y in K clusters C = {C, ..., Cx}, with K < N,

Based on the scope, time-series clustering is categorized into:
» Full time series clustering
» Subsequence clustering
» Time point clustering
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Classification

X Supervised learning

X Labels are known

X Assign data to predefined classes

X Model learns a decision boundary

Clustering . e s B

q q .f! . . \ "" I .
X Unsupervised learning 'e .. @ .o ~
. e ' ' © ® e \
No labels availabl @ A )
X No labels available e e % o o, Y
. . . & -

X Discover hidden groups or behaviours U9 2 - = RN ® l. \

@4 . ~a I
! . -
X Structure emerges from data / e .' e =
{ ) r _ %900 '
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TiiAl 1 Introduction

[ Time-series Clustering Taxonomy J
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*Source: Bridging the gap: A decade review of time-series clustering methods [1]

Donato Cerciello | Deep Clustering for Time Series




.\' a, .f. . . r LI-.'
ﬂg Proposal: Mamba for Time Series ": ~Al+DA

TAL 1 Introduction

Selective State Space Model
with Hardware-aware State Expansion

* High Impact: over 5,000 citations in a short time,
showing strong adoption and relevance. ] , = o

——H — —

——H ===

1> Advantages: linear-time complexity, scalable to long o B,
sequences, and lower memory usage.

==
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h: = Ah;_; + B¢x¢, Ye = C:h;

A Causal architecture: naturally supports online and
streaming inference.

» Real-World Applicability: efficient and lightweight
enough for industrial, streaming, or large-scale datasets, |
addressing scalability and computational constraints.

: o3EcTE
PROJECTION
SEQUENCE
TRANSFORMATION

® NONLINEARITY

[+24] GATED MLP ———»  MAMBA

*Source: Mamba: Linear-Time Sequence Modeling with Selective State Spaces [2]
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TUAL 2 FMMVCC: Fuzzy Mamba-based Multi-View Contrastive Clustering

Our approach integrates representation learning
and clustering into a unified framework for time
series data.

1. Multi-View Representation

Generate multiple views via augmenta-
tions and temporal masking.

2. Mamba-based Encoding
Efficient modeling of long-range de-
pendencies via State Space Models.

Cross — view
Decoders

Vi,jte. i#f

3. Contrastive + Fuzzy Clustering
Joint representation learning and soft
clustering for robust assignments.

LSl

Pretraining Stage

5/39 Donato Cerciello | Deep Clustering for Time Series



y 3, ¢ A . oL
ﬂg{ Multi-View Generation ": =Al+DA

TUAL 2 FMMVCC: Fuzzy Mamba-based Multi-View Contrastive Clustering

Joint Augmentation and Masking

IWW,J,,W= Multiple diverse views are generated by

Ty Sy | o applying a stochastic transformation AW
followed by element-wise multiplication
with a temporal mask M"):

Y X =M oA (x), v=1,....N

Mamba Mamba Mamba
where x e R™?, M™ ¢ {0, 1}7? is a mixed
mask with a 30% missing rate.
zl e o @ zN

None — lJittering — Scaling — Permutation
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Multi-Objective Representation Learning
Consistency Decoders:

1N w2
Erec—szx_x H2
NV=1

Ecross = ||Z(J) NU) ||
N(N 1) ;

Contrastive Alignment:

exp(sim(zi,z)/7)
Y1 exp(sim(zi, z) /)

Econtrust - - 10g

[ [fpre = Alfrcontrast + /\2£cross + )\SErec ]

pre
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TUAL 2 FMMVCC: Fuzzy Mamba-based Multi-View Contrastive Clustering

Fuzzy Clustering Optimization
Feature Aggregation & Soft Cluster Assignments:

1Y, exp(sim(uj, cx) /T
o130 g _ewlsim(u.c)/n
N = -1 exp(sim(ui, ¢;)/7)

Clustering Objectives:

r 1
Eentropy = N Zi,k qik log qik

! Loatance = Xy Prlogpr, Pk = 5 2i qi

1 2
£se aration = 7,71, a~ AT
\ parat K(K— 1) ZI#:J(MI IU*J)

ﬁﬁna! = )\rﬁrec + )\c(ﬁentmpy + )\bﬁbalance + )\sﬁseparation)
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TUAL 2 FMMVCC: Fuzzy Mamba-based Multi-View Contrastive Clustering
Metric TSK-DTW[3] HDBSCAN[4] PG-Mamba[5] FCACC[6] EMTC[7] FMMVCC
#Best Scores 12 o) 3 16 o] 29
#Second 8 5 5 23 2 17
Avg Rank 2.98 4.68 4.67 2.47 4.35 1.85
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TUAL 2 FMMVCC: Fuzzy Mamba-based Multi-View Contrastive Clustering
Sensitivity to the Number of Views (N) Scalability vs. Transformers
e MeanARl o MeamF1 [ Maan Model Sice (MD) sl = iembn
. Mefarence ofT)
__‘\. | 5 +- Reference O(T*2)
0.6 /A\ - _
0.5 - \ '655 .
o 1 LA u": §
E -///’/4/\ N 3 :
g 0.4 v \ -4 g 101
0.3 4 L, £
s I - J——1 T 10°4 : :
; ; : : . 7 ; °  remporat length

Number of Views

Compared with Transformers, FMMVCC achieves linear
complexity (O(T)) thanks to Mamba selective state-
space models, avoiding the quadratic cost of self-
attention.

Performance is evaluated through a Composite Score (ARI, ACC,
F1, NMI average). Results show a non-monotonic behavior, with
the best trade-off achieved at N = 4 views, balancing clustering
quality and model complexity.
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TUAL 2 FMMVCC: Fuzzy Mamba-based Multi-View Contrastive Clustering
The clustering effectiveness relies on the trade-off
between the fuzzy loss components: %=00 A=00 =00 A =05 =00 A =10
- R e | . *’z% ‘ . % ’
Balance ()\;): Prevents cluster collapse by R W T8 _i : i ?5 3
. . . - !“ _P'! . P R o
ensuring a non-degenerate distribution of : ‘ o £ L e §
samples across centers. | R . L . : "
1 . mi i - Fl= 0.1;“ RI = 0.82 Fl= 0.28““1” = 0,85 Fl= 0.18= ‘‘‘‘‘ RI = 0,72
S.epal‘al'lon (A.S)' MaX|mlzeS Inter CIUSFer_ ARI = 0.62 NMI = 0.61 ARI = 0.67 NMI = 0.64 ARI = 0.43 NMI = 0.56
distance, forcing the model to learn distinct
decision boundaries. =00 2,=00 X =052 =00 =10 A,=00
W e | . ] ' . f..#'“‘
g W‘%._&;:‘Eﬂ— 3 1 “ . F -5 % a . .5
Optimal Configuration J , | o, , | .
LT et ‘A:..l i 6
R - vel &1
— — F1=0.17 RI=0.82 F1 =028 RI=0.83 F1 =030 Ri=071
Ap=02 | Ag=0.5 ARI = 0.62 NMI = 0.61 ARI = 0.64 NMI = 0.66 ARI = 0.42 NMI = 0.55

Key Observation: Robust performance is maintained across a wide range of A\ values, confirming the stability of the
Multi-View Fuzzy objective.
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TUAL 3 One-Shot Multi-View Clustering for Federated Fall Detection

Healthcare Time Series

v/ Continuous sensor monitoring in healthcare systems

FROMHEAD TO TOE WEARABLE TECHNOLOGY

v" Wearables generate multivariate time series -

Wilsrates wihonn s

v/ Signals include IMU, ECG, motion, physiological data WRISTRAND

& neneor that tracks
mavamant o deter-
N U narmibar of

v/ Data is noisy, heterogeneous, high-dimensional e
\_ J slosp the wearer Gots

Applications

v/ Human Activity Recognition (HAR)
v Fall detection

v/ Remote patient monitoring

- w
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TUAL 3 One-Shot Multi-View Clustering for Federated Fall Detection

Daily

Activities Pre-Impact Impact Post-Impact Recovery

Start End

(b) Sensor Locations || (¢) Sensor Node Structure
]
=| Sensing Module Control Module

©
I | Acc ” Gyro || Mag | [2C

|
|
|
|
|
|
1 i ie—| 32-bit BLE I
:I Kalman filter Gy e I x
|
|
|
|
|
|
|

| 3
+ II Angle Estimation SPI 1 ]
Il
I Storage Power

I Register | Module | | Module Starting _ Ending
I
1 ]' l: ___________________________ J Movements Fall Directions Movements

| (d) Hardware Structure siorge Module I
Il = CPU (BLE So€ Insidc) |

——

*The data are explalned in: Fall Monitoring With Single IMU: A Large-Scale Dataset and a Novel Dual-Branch
Network [8]
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TUAL 3 One-Shot Multi-View Clustering for Federated Fall Detection

Binary label distribution per client (2 classes)

. ADL
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800 ?
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Privacy in Healthcare Data

v/ Sensor data contains sensitive health information a
v Centralized training is often not feasible LocalData 1 Local Model
v/ Raw data cannot leave devices or hospitals A

Privacy Constraints

3 One-Shot Multi-View Clustering for Federated Fall Detection

3

Federated Learning

v  Local training on each device/client

\

v" No raw data sharing

v Collaborative model aggregation

e

Local Data

H .
!%E@
i
i
I
I
i

Local Model /

L]

&

y Local Data

Local Model ( ¢;

. Global Model

Good & Similar
Performance

Deployment

1 )
P
W,
\ Fair Aggregation /

Deployment

WL o |2

Good & Similar
Parformance
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Local Pretraining (No Communication)

B: View 1
II
P pgpripnie | | A VIEW 2 Pooling
+
WWA - Fl.lzzy
A Mt View:3 E/ Clusters
View 4
Mamba
Encoders

Phase 1: Self-Supervised Pretraining

* Reconstruction Loss
» Cross-view Reconstruction Loss
« Contrastive InfoNCE Loss + Mixup

Phase 2: Clustering Finetuning

* Reconstruction Loss
* Clustering Loss = Entropy + Balance + Separation
« Learn cluster prototypes C1...Cy

ol I | Iy
A+ DA

3 One-Shot Multi-View Clustering for Federated Fall Detection

Classification

Step 1: One-shot FedAvg
4

P g
Client 1

4

:'..
—

Client N

Step 2: Local Update

u

2w

0

Cli 1

o
3
=3

Client 2

3

Step 3: Freezing
3
FMMVCC

Step A: Local Statistics

Xi = [ui, pi]
—(Ri = XiTXi
Ci = XiTY;

Step B: One-shot Server Aggregation

c-xc) oy

W=(R+A)"C

Step C: Broadcast & Inference
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TUAL 3 One-Shot Multi-View Clustering for Federated Fall Detection

Latent Representations

Encoder K=2 K=16 Rec

Alignment vs Discriminability

Encoder ADL Fall F-J ACC

Recon 0740 0.514 0754
EMTC 0701 0.230 0.657
FCACC 0.783 0.607 0.800
TS2Vec 0798 0.658 0.834 PD CORAL PD CORAL
FMMVCC 0.842 0.641 0.836

Reconstruction 0.0204 0.0033 0.0313 0.0031 4.09 0740

e . TS2Vec 0.0573 0.0120 0.0783 0.0135 5.68 0.804

Federated ClaSSIﬁcatlon FCACC 0.0381 0.0051 0.0539 0.0065 6.15 0783

~ ~ EMTC 0.1869 0.1228 0.1991 0.1324 6.57 0.700

Method K=2 K=16  Rec FMMVCC 0.1803 0.0977 0.2897 0.1247 8.96 0.842
FedAvg 0736 0.343 0707 .

Supervised 0.2408 0.1240 0.3765 0.1332 191.6 0.856

FedProx 0706 0.205 0.602 P 4 4 3765 332 19 >

Shared 0763 0.514 0763

FedProto 0.868 0.539 0.821
Personalized 0.842 0.641 0.836
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(4 B [
3 One-Shot Multi-View Clustering for Federated Fall Detection =
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TTUAL 3 One-Shot Multi-View Clustering for Federated Fall Detection

FL Strategy  Input K=2 K=16 Rec

Z+p 0740 0360 0714
FedAvg Z 0.736 0.343 0.707 Ablation |nsight5
0.557 0124  0.532 —
X Latent embedding is the dom-

z+p 0703 0234 0.636 inant source of discriminative in-

FedProx z 0706 0205  0.602 formation across all FL strategies.
p 0.554  0.122  0.519

X Fuzzy membership alone is in-

Z + 0.764 0.524 0.769 . .
P sufficient and leads to a strong

Shared b4 0763 0514 0763 )
D 05177 0121  0.531 performance degradation.
z+p 0.864 0557 0.824 X Concatenation provides only
FedProto z 0.868 0.539  0.821 marginal gains, confirming that p
p 0.609 0219  0.600 is auxiliary.
z+p 0845 0.632 0.832
Personal. Z 0.842 0.641 0.836
p 0.567 0.255 0.634
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TURL 4 XAl - FMMVCC
6 Dally Gestures
Common actions like drinking and eating. 3000 7
5 Fine Gestures 2500 |
P Detalled hand shapes like ok and grip.

Total trials

[
W
[=]
(=]

(4 J - Sign Gestures
e Math symbols like plus and minus.

Character Gestures 10001
3 ...ﬁ Capltal and lowercase letters.

2 Number Gestures
Digits from 0 to 9. 0-
Q

Directional Gestures
Baslc movements like up, down, left, rght. /

*The data are available in: WriGest-Zenodo [9]
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TUAL 4 XAl - FMMVCC

lower_letter_a

Class Imbalance Challenge e

number_3

o
¢ 0

multiplication_sign

X Contains highly imbalanced ges-

front

ture classes. S

number_2
number_

X Dominant classes may bias repre- e

number_

number_ 5

sentation learning and clustering. o
X XAl helps identify whether clus- Ny =

number_1

-
€ & & & & & €& ¢ € & & © & & & &
6 &6 8 8 8 6 6 & 8 6 &6 &6 8 8 0 &

number_4

ters are driven by meaningful tem- e o

lower_letter_c - 208

poral and sensor patterns. o b

gesture_call

capital_letter_f
gesture_ok

gesture_grip

R EE
23833 8
¢ e o@ o

gesture_appreciation

Research Goal R o

daily_wash_hand
daily_smaoking

> Understand cluster formation. racro category

dally_blow_nese v — Directional

daily_sating s Number

= Reveal important sensors and I T

_—— Daily

temporal regions. ° o B e 0
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TUAL 4 XAl - FMMVCC

02

Deep
Representation
Learning

299 04
Q[[ SR Explainable Al

||
mC)ui ()

01 View 05

Multi-View (Eff”frt‘*j*s_t'_v_e Interpretable

Time Series -ldustering Knowledge
Discovery
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TTUAL 4 XAl - FMMVCC
High Stabliity
H
Hx —
“Ire D
Intrinsic Interpretability| Captum Attributions
Built-in model pooling weights Gradient based feature importance
Low Fidellty « - --» High Fidelity
Unstable Low-Fidelity TimeSHAP Analysis
Methods with inconsistent results Event level shapley values
v
Low Stabllity
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Train latent space

Latent Space Visualization
4 XAl - FMMVCC

af TRy L
4 ""’ o~

5 ] i W )
ey

Sy A O T
i NUMBER
O N
. .

DAILY

......

Test latent space
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TUAL 4 XAl - FMMVCC
View-Ablation Importance Clustering Performance
Configuration Vo V1 V2 V3 Configuration AC ACC ARl NMI RI F1
(none) (jit.) (scal.) (perm.)

Full 23/40 0.913 0.941 0.668 0.983 0.094
Full 0.024 0.148 0.026 0.027 Character 7/7 0.942 0.900 0715 0.971 0.512
Character 0.070 0.081 0.055 0.041 Daily 6/6 0.934 0742 0.595 0.933 0.513
Daily 0.121 0.125 0.117 0.116 Directional 6/6 0.938 0.883 0.652 0.966 0.520
Directional 0.016 0.023 0.008 0.005 Fine 6/6 0.928 0766 0.466 0.938 0.421
Fine 0.166 0.183 0.1778 0.223 Number 10/10 0.931 0.893 0.663 0.969 0.392
Number 0.004 0.004 0.153 0.004 Sign 5/5 0.925 0.625 0.401 0.908 0.455

Sign 0.137 0.141 0.132 0.192
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TUAL 4 XAl - FMMVCC
. 0:100  tntrinsle N Intrinsi IG Ti SHAP
g:z:: | —— TimeSHAP E Conﬁguraﬁon n rInSIC Ime Stability
S DEL INS DEL INS DEL INS
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TUAL 4 XAl - FMMVCC
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Nearest-Medoid Cluster Prototype ":hfldl'-“- Al+DA
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L |.Tl
TFAL 5 Multivariate FMMVCC

Experimental Setting

v/ Same pipeline as the univariate case: Multi-View Generation - Mamba Encoding — Contrastive +
Fuzzy Clustering.

v/ Evaluation on the 16 UEA Multivariate datasets (2-1345 channels, different lengths and class
counts).

v/ Same hyperparameter search: \; € {0,0.5,1}, A\, € {0,0.2,0.5,1}.

v/ Three multivariate implementations were explored; only the best-performing variant is presented
here.
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AL 5 Multivariate FMMVCC

Alternative Implementations

X Single-view ablation: one shared encoder/decoder for all views, replacing contrastive learning with
a KL objective. Competitive on some datasets but no consistent improvement.

X Refined clustering objective: DEC-style target sharpening with entropy/separation decomposition
and uncertainty-weighted losses. More sophisticated, yet lower overall performance.

» Both variants remain useful as ablations and future research directions, while the original multi-view
formulation is still the strongest approach.
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What Changed Across Variants

5 Multivariate FMMVCC

YAl DA

cliaa

Aspect Old Refined Single DEC

Pretraining Contrastive on z Contrastive on z KL + reconstruction Contrastive on z

Reconstruction Normalized by Ngamples None None None

Clustering Entropy + balance + sepa- Sharpening (q < q2) Same as Refined DEC target + entropy +
ration separation

Center update Fuzzy (m-weighted) Fuzzy (m-weighted) Fuzzy (m-weighted) Weighted mean

Loss weighting Softplus exp(—logw) + logw exp(-logw) + logw exp(-logw) + logw

(clamped) (clamped) (clamped)
Balance Explicit Explicit Explicit Sinkhorn balancing
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TUAL 5 Multivariate FMMVCC

Overall Comparison

Comparison over the 16 UEA datasets shared by all variants.
Weighted score:

0.40ARI + 0.35NMI + 0.20ACC + 0.05F1

Variant ACC NM AR F1 RI Score

Refined 0.686 0.456 0.539 0.485 0.804 0.536
Single 0.654 0.363 0.477 0.410 0.776 0.469
Old 0.667 0.358 0.462  0.415 0.762  0.464
DEC 0.639 0.305 0.409 0.368 0.719 0.416
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TUAL 5 Multivariate FMMVCC
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Fine-tuning — entropy
WriGest_DirectionalGesture (fmmvce_19_05, Sep=1.0, Bal=0.5)

o
@
o

e
o
]

o
-
=]

0.65

\ last 20 ep. band (CV=0.1%}

o 20 40 60 80 100

epoch

Fine-tuning — entropy
WriGest_DailyGesture (fmmvcc_19 05, Sep=1.0, Bal=0.5)

0.800 5

0.775 1

0.750

0.725 4

B B
now
- o
n &

0.650

0.625 1

0.600 4

lest 20 ep. band {CV=0.1%)

epoch

balance loss

balance loss

5 Multivariate FMMVCC
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Fine-tuning — separation
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TAL 6 Conclusions and Future Directions

Conclusions

v Proposed a unified Mamba-based multi-view fuzzy clustering framework for time-series represen-
tation learning.

v/ Demonstrated strong clustering performance on both univariate and multivariate benchmarks.

v/ Extended the learned representations to Federated Learning, obtaining competitive results for
privacy-preserving healthcare applications.

v Improved the interpretability of deep clustering through intrinsic and post-hoc XAl analyses, pro-
viding insights into cluster formation and temporal relevance.

v/ Overall, the proposed framework combines accuracy, scalability and interpretability for modern
time-series clustering.
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Future Directions - Model

? Further investigate the clustering objective, refining the balance, separation and uncertainty-aware
losses.

? Explore adaptive weighting strategies and dynamic optimization of the different loss components.

? Compare the proposed framework with additional recent sequence models (e.g., Transformer-
based, SSM-based and hybrid architectures).

? Extend the experimental evaluation on larger and more heterogeneous multivariate time-series
benchmarks.
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TAL 6 Conclusions and Future Directions

Future Directions - Federated Learning & XAl

? Investigate more realistic FL scenarios with non-IID clients, client drift and asynchronous communi-
cation.

? Study personalized and communication-efficient federated clustering strategies.

? Develop intrinsically explainable clustering models, integrating interpretability directly into the op-
timization process.

? Validate explanation quality through user studies and domain-specific evaluation protocols.

? Develop an interactive latent space that allows users to project new samples, identify their closest
prototype, and detect whether they belong to an existing cluster or represent anomalies.
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FMMVCC: Fuzzy Mamba-based Multi-View Contrastive Clustering for Univariate Time Series
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