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ABSTRACTH
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Incom plete-modality®
Brain-tumor segmentation
Transformer

Background: Deep-learning- methods- have shown- great- potential in-proceszsing- multi-modal- Mzgnetic Resonance- Imaging:
{[MRI}-data,enabling improved-sccuracy-in-brain tumor-sagmentation.-However, the performance of theze methods-can-suffer:
hen- dealing-with-incomplete- medalities,-which-is- 3- common- issue- in- cliniczl- practice.- Existing- solutions - such- a5 missing
modalitysynthesis, knowledge distillation, and-architecture-based methods sufferfrom-drawbacks-such-asfong training times,
high-model-complexity, and-poor-scalability.©

Method: This-pzper-proposes-IMS*Trans, a-novel ightweight-scalable-3ywin Transformer network-by-utilizing-a-single-encoder
tto- extract- [atent- feature- maps- from- zll- available: modalities.- This- unified- festure: extraction- process- enables: efficient;
information-sharingand fusion-among the-modalities, resulting in-=fficiency-without compromising segmentation-performance
even-inthe-presence-of missing-modalities

Results: Two- datasets,- Bral§: 2018- and- BraTlhk 2020, containing: incomplate modalities: for- brain- tumor- segmentation- are
‘evaluated- against: popular- benchmarks.- On- the- BraTs: 2018- datasat,- our model- achieved- higher- average- Dice- similarity:
oefficient{D5C) scoresforthe-wholetumer, tumor-core,-and-enhzncing tumerregions{86.57 -75.67, and-58.28 respactively],
in-comparisan-with-= state-of-the-art- model, i.e-mmEormer (36.45,- 75.51, and-57.79, respactively .- Similarty, on the-Brals
2020-dataset,-our- model-scored-higher-DSC-scores-in-these-three brain-tumar-regions- (87.33,-79.09,-and 62.11 -respectively)
.compared-to mmFarmer (86.17,-78.34, and-60.36, respectively).- We- also- conducted-a- Wilcoxon-test-on- the: exparimental
results,-and-the-generated- g~value-confirmed-that-our model's-performance-was-statistical ly-significant.-Maoreover, our-modsl
exhibits-significantly-reduced complexity with-only-3.47-M-parameters, 121, 89G6-FLOPs, -and-a-model size-of 77.13-MB whereas
immEgrmer comprises-34.36 M-parameters, 265.73-G FLOPs,-and -a-model size-of 559.74-MB. These indicate-cur model, being:
light-weighted-with significantly reduced-parameters, isstill ableto-achisve better performance-than-a-state-of-the-art-model.
iConclusion:- By- leveraging: & single: encoder- for- processing- the- available: modalities, IM3*Trans- offars- notzble scalability:
:advantages over methods-that rely on-multiple encoders.- This streamlined- approzch-eliminates-the- need-for maintaining
‘separate- encoders- for- each- modality,- resulting: in- = lightweight- and- scalable- network- architecture.- The- source: code- of
thub.com/hudscomdz/IME2Trans. #

{IMS Traniz-and-the-zszociated weights-are-bath- publicly-available-at-http:

1. Introduction+

with-different-contrast, resulting in-multi-maodal- MRI-scans=: [5].-Common- MR .
modalities-[5]-include T1-weighted{T1w), -contrast-enhanced+
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Magnetic resonance- imaging (MRI)-is-a- widely-used- non-invasive T1-weighted (T1c), T2-weighted- (T2w),-Fluid- Attenuation- Inversion-imaging technique-fo
clinical-assessment-and-therapy-planning-for-Recovery-(FLAIR),-Magnetization -Prepared-RA-pid; Gradient-Echo- (MPiumprs. in-soft tissues-such-as the-brain-[4]_-T
obtain-a-compre; RAGE),-and-Proton Density-(PD-w).-Considering that-invasive-grewth-hensive;characterization-of the-anatomy, MRIs -are-typically-acquired«

(S =

brain- tumors- are- usually- fused- with- brain- soft- tissues, it is- difficult to-
accurately- segment- tumor structures- using single-modality- MRI- images.-
Instead,- by- providing- complementary- information,- the availability- of multi-
modal-brain- MRI-data- can-improve-the-accuracy-of-lesion- identification, -and-
disease diagnosis- for- both- human- and- computer-aided- diagnosis- (CAD)-
systems-such-as-deep-learning-models.-Conseguently,-in-terms-of-brain tumaor-
segmentation: from- MRI,- various- feature- fusion- strategies- have- developed-
upon-convolutional-neurzl network: (CNN)- [6]-or-Transformer-[7].- Li-et-al.-[8]-
proposed-a-dual-X-Net-codec- structure- combining- the-characteristics-of CNN-
and- Transformer,- which- extracts- local- and- global- features- simultaneously-
through- convolution- subsampling and- Transformer- encoders- and- then-
reconstructs the-input-image itself-through variational-autoencoder branches-
inthe decoding stage. The-experimentshows that ¥-Met-canrealize the-organic-
combination-of Transformer-and-CMNMN_-Xu-et-al_-[9] proposed-a-hybrid-feature-
extraction network, which-fully-integrates-the features-extracted-by-CNN-and-
Transformer- to- enhance- the- segmentation- performance- of- brain- tumor-
medical images.-Zhu-et-al -[10] proposed-a-brain-tumor-segmentation-method-
that-integrates-multi-modal MRI-information, which-combines-deep-semantic-
and-edge-information-fusion,- using: Swjn; Transformer-for-feature extraction,-
CNMN-based-edge-detection- module,-and-multi-feature- inference- block: based-
on-graph-convolution. To-achieve real-time-medical-image-segmentation, He-
et-al.-[11] proposed-a-cloud-based-method-based on-multi-feature extraction-
and- interactive- fusion.- The- method- uses- Transformer- and- CNN- to- extract-
global and-local- features, - respectively - The: interactive- fusion-focus-module-
improves segmentation-accuracy.-Lu-etal. {12] proposed-a 30-multiscale Ghost-
convolution- neural- network: (GMetabet) with- an- auxiliary- MetaEormer:
decoding: path,- which- combines- local modeling: of- CNN- with- remote-
representation- of- Transformer- to- achieve- efficient- semantic- information-
extraction- of multi-modal- brain- tumor- MRI-images._- To-address- the-issue- of-
neural-networks-using too-many-parameters-and-being-difficult-to-deploy, Liu-
etal. [13] proposed-a lightweight 3D-brain-tumorimage segmentation-method-
with- hierarchical- decoupled- convolutions- that- reduces- the: number- of-
parameters,-which- also- uses- an-attention-mechanism-in-the output-layer-to-
improve-segmentation-accuracy.+’

However,-certain-factors-may-lead-to- missing- MRI-modalities-[14 -while-
muost-of-the -existing multi-modal deep-leaming methods-are-not-applicable-to-
address- this- issue.- For- example,- one- possible- reason- for- missing:- MRI-
modalities- is- that- patients- may- fail- to- comply- with- instructions- from-
radiologists-or-clinicians-[15],-which-can-compromise-the-guality-of the-scans-
of specific modalities.-Another factor-is-the acquisition time constraints-during-
scanning, -due-to-the-cost-and-considerations-of - patient- comfort: [16], - which-
may-prevent-the collection-of-all reguired MRI-modalities. -Additionally,-body-
movements- during: the-scan- can- lead- to- artifacts- and-unusable: low-gquality-
images-[17],-resulting-in-the-loss-of certain-modalities. - Finally,- the-change-of-
MRIimaging-protocols-can-also-contribute to-unaligned-or-the absence of MRI-
sequences [18].«

To- address- the- missing- modalities- in- multiple-parametric- MRI- analysis,-
which-is-a-comman-issue in-brain-tumor segmentation, several remedies-have-
been-proposed. They-canbe broadly-classified intothree-categories 5,19]. The-
first- category,- as- depicted- in- Fig.- 1{a),- employs- generative- models- such- as-
Generative- Adversarial- Network- (GAN)- [20],- Diffusion- Meodels [21] to-
synthesize- the- missing- modalities- from- observed- MRI- modalities- as- data-
preprocessing.- However,- this- approach- has- the- drawback- of- requiring: an-
additional - model to-be-trained-before-downstream-analysis, leading to-longer-

STIR(ESE)

training- and- execution- times,- as- well- as- the accumulation- of- errors.- As-
illustrated- in- Fig.- 1(b),- the- second- categery- invelves- using: knowledge
distillation-to-extract-feature representations-from-a-teacher-network trained-
with- full- modalities- to- a- student- network- specifically- tailored- for- missing-
modalities- [22-26).- Yet,- distillation-based- methods- require- a- series of
students- to- tackle- each- condition- of missing- modalities, leading to-a-huge-
computation- of- spatial- and- time- costs.- The- third: category- utilizes- a- single-
network- that- can- directly- handle- any- conditions- of missing- modalities- for-
particular-downstream-tasks-[27—35], -as-shown-in-Fig.- 1{c).-However,-this-line-
of-approaches-encounters-limitations-such-as-large-netwaork-parameters, -slow-
training- speed,- and- poor- scalability, as- they- require- one- encoder- for- each-
modality.«

Being-able-to-accurately-segment- brain-tumors-from-MRI-scans- is- crucial-
for- diagnosis,- treatment- planning, and- assessing- response- to- therapy.-
However, it-is-common to-encounter-incomplete modalities in-clinical practice-
due- to- various- factors- such- as- patient- non-compliance,- time- constraints,-
artifacts,-and-changesin-protocols-[14—18]_Existing multi-modal deeplearning-
methods. suffer- performance: declines- when- confronted- with- missing-
modalities-[5,19].- To-address- this-critical- issue,- we-propose- a- novel-scalable-
Swin;Transformer- network-specifically- engineered-to-maintain-segmentation-
performance even- when- MRI- modalities- are- incomplete: or- absent.- Our-
method- offers-a-lightweight-and- efficient-solution-that- reguires-significanthy-
fewer- parameters- compared- to- previous- methods- that- rely- on- multiple-
modality-specific- encoders.- By- using- & single- shared-weight- encoder- for-
feature- extraction- coupled- with- our- proposed- data- augmentation- and-
distillation-technigues,-our-network-provides-an-important-advancement-that-
can- effectively- and- efficiently- handle- missing- modalities- while- ensuring-
accurate-brain-tumor-segmentation.«

To- narrow- the- gap,- we- propose- Incomplete- Modalities- Scalable- Swin;
Transformer- (IMSTrans),- a- novel lightweight- and- scalable- network:
architecture-for-incomplete- MRI-multi-modal- brain- tumor-segmentation.- As-
illustrated- in- Fig.- 1{d},- our- method-employs- a- single- encoder- with- shared-
weights- to- extract- features- from- all- the- observed- modalities- along- with- a-
feature- distillation- scheme- to- impose- consistency- regularization- among-
maodalities,-before-being finally-aggregated-to-obtain the segmentation result-
via-the-decoder. - The major contributions are-four-fold (1) To-the-best-of -our-
knowledge,- we- first- propose- a- scalable- Swin- Transformer: [36]- as- the- only-
share-weighted- encoder-for- the: incomplete: MRI-modalities: of - brain- tumor-
segmentation. -Specifically, -all- the-available- observed-modalities-are- input-to-
an-encoder- with- shared- weights-to- reduce-the-number: of- parameters- and-
increase- efficiency.- Correspondingly,- 2 novel- modality- token- strategy- is-
designed tospecify the difference between-input-modalities. {2) We introduce-
a- Swin-like- lightweight- MLP- bottleneck- [37]- that- not- only- reduces- model-
parameters-but-also-obtains-better-feature maps-of-intra-modalities-and-inter-
modalities - (3)- We-also-design-a-new-feature-distillation-regularization-based-
on-contrastive-learning [38] to-improve the interchangeability-and consistency-
across- different- modalities. - (4)- We- propose- a- novel- 3D-multimodal- version-
based-on- the- Cuthix; [39] data- augmentation-strategy- specifically- for- multi-
modal MRI-data-further-to-enhance the-model robustness-against-the -missing-
madalities.«

¥'WE follow the-literature-by-using-‘miszing-modalities”-and-incomplete-modality “interchangeably. <
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between- the- feature- distributions- of- different- modalities- [28,- 31,32].- One-
approach-has-been-to- use- networks that-encode- each- modality- individualhy-
and-provide- them- with-a correlation- block.- However, - this- method- may-not-
recover-lost-information-if-the-number-of-available-modalities-is-insufficient.-
To-address-the-above-mentioned-limitation,-recent-methods-[30,33—35]-have-
proposed- using- attention- mechanisms- for- brain- tumor- segmentation- tasks-
with- missing- modalities.- For- example,- Ding- et- al.- [20]- introduced- & novel-
region-aware-fusion- module-that-divides multi-modal-features- into- different-
regions-using-a-trained-probability-map-and then-applies-modal-wise attention-
to-adjust- features-from- available- modalities.- Additionally,- Zhang- et-al.- [33]
proposed- mumEprmer; that- combines- Transformer- blocks- and- convolutional-

encoders-to-build-local -and global-information-within-each-modality and-long-

range-correlations-across-modalities, representing the first-attempt-to-achisve-
this-using Transformer-blocks. Zhou-et-al [34]) suggested-a-new-multi-modality-
feature fusion-network that uses-a self-attention-mechanism tolearn-non-local-
structures- in- images- across- multiple: modalities,- and- 8 multi-scale: fusion-
module-to-capture-feature-information-in-multi-modality-spatial-contexts,-as-
well- as- a- spatially- consistent- underlying- feature- learning- module- to- learn-
potential- multi-medality- correlations.- Furthermore, Kgnwer et al.- [35]
proposed- a-new-method-to- address brain- tumor- image- segmentation- with-
incomplete-modalities-by-introducing-an-auxiliary-adversarial learning strategy-

to-supervise the representation- of- missing- modality- features- during: meta-

training- of- partial- modality- data- and- meta-testing- of- limited- full- modality-

subjects.«

Whilethose methods have made significant improvements-to MRI-analysis-
formissing-modalities, they-still face-challenges-in-scenarios where-more-than-
one-modality- is- missing- and- have- higher- memory- consumption- due-to- the-
large-number-of-parameters arising from-an-equal-number-of encoders-to-the-
number- of- modalities.- In- contrast,- the- proposed- method- has- a- unique-
advantage in-that-it-reuses its-encoderto-encode multiple-modalities, and-the-
weights- of the- encoder-are- shared.- Our- approach-significantly- reduces- the-

number-of parameters«

the- network- requires- while- maintaining- performance,- making- it- more-

memory-efficient-and-scalable-to-handle-multiple-modalities.«
- 3.-Methodology+

3.1 -Overview+

In-this-section,-we-elaborate-on-our-novel-IMS* Trans-network, - specifically-
engineered-for-the-segmentation-of-brain-tumors-in- MRI-scans-with-arbitrary-
MRI-modalities-missing.-A-schematic-of-this network- is-provided-in-Fig.-2.- At-
the- core- of- our- network: resides: a- scalable- shared-weight- encoder- that-
leverages the-Swin Transformer bleck [36] with- modality token-to-capture both-
local- and- global- context.- This- shared-weight- design- enables- the- efficient-
encoding: of- multiple: modalities- using- a- single- encoder,- thus- optimizing-
computational resources- and- reducing- overall- model complexity.- To-further-
enhance- our- encoder,- we- introduce- a- lightweight- Shifted- Multi-Layer-
Perceptron- (Shifted- MLP)- [37]- coupled- with- a- masking- bottleneck.- This-
combination-is-designed-to-balance computational-complexity-with-high-level-
accuracy, particularly-in-dealing with-missing- modalities. We alsoimplement-a-
feature-distillation- strategy-between-individual- modalities-and-the-entire-set-
of modalities,-by-comparing the-features-of- each-modality-with-the-averaged-
features-computed-across-all-modalities-to-ensure-a-more-comprehensive-and-
accurate-representation-of features-in-a-missing-modality-circumstance. -Lasthy,-
to-boost-the performance and- adaptability- of-our-network, - especially-in-the-
context- of missing- modalities,- we- adopt- a- unigue- data- augmentation-
technigue: the- 30 multimedal- Guihix; (SDMM-CutMix)- [39].- This-approach-
strengthens- the- network’s- resilience- and- adaptability,- setting- the- stage- for-

superior-performance-undervarying-conditions.+

1
1

- 3.2 -Scolable-shared-weighted-encoder

The- scalable- shared-weighted encoder- is- designed- to- process- 3D MRI-
image-modalities-by-a-single encoderto-reduce the-number-of parametersand-
improve- efficiency.- Concurrently,- each- modality- retains- its- distinct-
characteristics,-which-are-ensured-by-a-unique,learnable-modality-token.-Each-
input-MRI-modality-image, -denoted-as 47 € -R# 1 ywhere 7 € -[FLAIR, T1C,-
Tlw,- T2w} denotes the corresponding- modality,- is- first- divided- into- non-
overlapping: patches- through- patch- partition- cperator.- Here,- &- f5,- and- £
signify- the- height,- width,- and- number- of- slices- in- the- modality: image-
respectively. The patches, each-with-a-dimension-of 2x-2 52, -resultin-a-feature-
dimension-of 8.¢
These- patch- tokens- are- then- transformed- into- an- embedding- space- of-
dimension- £ = 24- using-a-learnable- linear- layer- In- parallel,- the- input- . is-
directed-through-a-residual-block, -resulting-in-an-8-dimensicnal token.«

For-each-input-modality- image,- a- corresponding-token-is-produced,- thus-
there-are-as-many-such-tokens-as-there are-the-number-of-input-modalities.-
These-tokens-are-then-routed-to-the-masking- bottleneck,- concatenated,-and-
subseguently-passed-into-the-decoder - Post-this,-the-embedded-feature-map-
of-input-A4%is-fed-into- the-encoder,- which-consists- of-three- layers-of the-swin-
transformer.- Each- of -these: layers- encompasses-two-transformer- blocks- with-
modality-tokens-and-is-succeeded-by- a- patch- merging- module.- Notably, -the-
modality token-denoted as-#7,-# < {FLAIR, T1c, Tlw, T2w}, representing the-
embedded- feature- of- each- modality,- plays- a- crucial- role- in- retaining- the-
distinctive-characteristics-of each-modality. The size-of A7 in-each-block-is-the-
same-as-that-of the-input- A% -The-patch-merging-module-reduces- the-feature-
dimensions, thereby promoting- efficient: computation- and- enabling-
hierarchical- feature- extraction.- Maoreover, the- patch- merging: module-
combines-patches-of resolution-2-x-2-x 2-and-concatenates them, -farming-a-
d¢dimensional- feature- embedding.- This- is- further- condensed to- a- 2£-
dimensional feature-size- by- another linear- layer.- As- & result, the resolutions-
after-thefirst,-second,-and-third+
swintransformer fayers- become-* = w 2o gl A — —  —

- 4 4= d483=8=E = 16=16= 15¢
respectively,- while- the- corresponding- channel- number- of- the- embedding:
space- £"incrementally-increases- to-48,-96,-and- 192 respectively.- To-further-
enhance computationalefficiency-and-maintain critical feature-characteristics, -
a-convolutional-layeris tactically-positioned-between-each pair-of consecutive-
swintransformer-layers, thereby facilitating the-down-sampling of the feature-
map.+

3.3.-Swin transformer-block with-modality token
L]

Each-input-modality-image-comes-with-its- own-information-about-which-
modalityit-is, from-which-a-corresponding token-can-be-designed to-represent-
the embedded- features: of- each- modality.- As- a- result,- the encoder’s
architecture,- featuring-the-swin- transformer- block- with-the-novel-modality-
token,- is- illustrated- in- Fig.- 3(a).- Each- stage- of the- encoder- in- this- figure-
corresponds- one-to-one- to-each- stage- of- the- shared-weight- modal-specific-
encoder-in-Fig.- 2.- Following- the- design- of syin- transformer- [36],- the swin-
transformer block with-modality-token- primarily: consists- of two-consecutive-
swintransformers, each-comprising layer normalization-{LN)- modules, a multi-
head-self-attention- module,- and- a- multi-layer- perceptron- (MLP)- with- GELU-
nonlinear- activation.- Each- of- these- components- is- linked- via- a- residual-
connection- with- QropPath; [52].- The- first- and- second- consecutive- swin:
transformers-employwindow-based {W-M54) and-shifted window-based {SW-
MS5A)- multi-head- self-attention- modules,- respectively.- These- modules: are-
essentially-variations-of-the-regular-and-window-partitioning-multi-head-self-
attention-modules.-According-to-Fig - 2,-the-modality-tokens-of the-four-input-
mode-images-are- A7, M- M w-and- M7y -Consider- ¥ and- w' to-
represent- the- feature- token- of- the- /&% modality- and- the- corresponding:-
modality-token- feeding- the- swin- transformer-block- at- each- encoder- stage,-



. 3.4.-Shifted-MLP-and-masking-bottleneck+

Before-being-fed-in-the-Shifted-MLP- bottleneck, -features- with- respect- to-
each-modality- extracted: by-the swin-transformer-encoder-are-first- enceded-
into- tokens- separately - These- tokens-are-then- passed- onto- the- Shifted- MLP-
module,-as-depicted-in-Fig.-2_- They-are first-performed-an-axis shift-across-the-
width- of- the- tokens,- where- the- locality- of- the- token- is- integrated- into- the-
global -axial-attention-computation,-promoting-more-spatially-aware features -
Subsequently,-tokens-are-funneled-through-a parameter-efficient-depth-wise-
convolutional- layer- (QWCany)- [53],- after- which- they- pass- through- a- GELU-
activation-layer-[54], thus-adding-alevel of learnable-non-linearity. The tokens-
are- then- channeled- to- the- second- multilayer- perceptron- following an-
additional- axis- shift,- this- time- along- the- height - The- final- step- within- the-
Shifted-MLP- bottleneck- invalves- applying- residual- concatenation- to-append-

the-criginal tokens-as-residuals .«

Residing-after-the-Shifted MLP-bottleneck, the-masking-bottleneck-aims-to-
enhancethe robustness of the missing- modalities-and-where the-construction-
of- long-distance- dependencies- between- different- modalities- is- required.-
Specifically,-it-achieves-this-by-generating-a-novel-multi-modal-token- through-
the-concatenation-of-feature-maps-from-various-modalities-corresponding-to-
the-same-image. Thesefeature-maps originate-either from-the skip-connection-
of- the- encoder- or- the shifted- MLP- bottlensck.- This- operation- is- formally-

defined-as:+

e e "FFMAE;&:M' -‘?:ﬂ.c; i -Fﬂmdﬂu-“ -Fﬂn'], =+ (2)#

robustness- during- the- construction- of- long-range- dependencies- between-
different- modalities,- even- when- some- modalities- are- missing.- This- form- of-
modality-level dropout-is-randomly-enacted -during-training: by-assigning- 4. a-
value-of -0.-Following-the-design-in-[33],-the-Bernoulli-factor-assumes-a-value-
of-either-0-or-1.-If- &, equals-0,-it-implies-the-corresponding-input-modality-is-
missing.-Conversely,-a- &, value-of- 1-signifies-the- availability- of-the-modality.-
During- the- training- stage,- multi-modal- tokens- for- missing- modalities- are-
produced-by-assigning-this-Bernoulli factor-a-value-of -0, effectively-leading-to-
multiplication-with-a-zerovector.+

- 3.5.-Decoder-mechanism+

The- primary- of- the- decader- is- to- effectively- reconstruct- the- spatial-
resolution-of the-conszolidated-latent-space-back-into-the-original image space.-
The- implementation: of the- decoder- primarily- relies- on-convolutional-neural-
networks,- comprising- a- series- of- 30- residual- convolutions- and- ypsameling:
operators- [33].- Specifically, the- output- feature- map- generated- from- the-
Shifted- MLP- bottleneck-is- supplied- as- the- decoder's- input.- In- parallel, - the-
deceder- receives- skip- connections-from- the- masking- bottleneck - This- dual-
input- approach- enables- the- preservation- of low-level- details,- thereby-
facilitating- a- more- precise- segmentation.- Features- derived- from- different-
modalities- at- varying: stages- of- the- encoder,- once- processed- through- the-
masking bottleneck, are concatenated-and-used-as-inputs-to-the-convalutional-
layer-in-the-decoder-as-skip-connection-features. - This-strategy-serves-a-dual-
purpose:-Firstly,- it-compels- the-decoder-to-generate- accurate- segmentation-

results based-on-low-level feature-maps-at-each stage-of the-decoder.-Secondly,-

it- equips: the: model- with- the- resilience- to- continue: delivering: accurate-

segmentation,-even-when-confronted-with the presence of missingmodalities.«

3.6.-Feature-distillation+

We-innovatively-integrate-a-feature-distillation-regularization-based-on-the-
contrastive- learning: [28],- which- ensures- uniformity- among- the- features-
obtained- from- different- modalities- through- the- masking- bottleneck,- as-
visualized-in-Fig-3(b).-More-specifically,-we-generate-an-averaged-feature-map-

erce-Ji3; Med

Z,by-computing the-mean-of the-feature maps from four-separate - modalities-
of the same-image-for-a-given-case,«

- ZR L g0 v 2 wheree & orepresents the- latent- feature
representation,-the superscript- denotes- the- corresponding- modality.- As- the-
averaging-process-preserves-the-semantic essence- of-the-image,- ; serves-as-
a-guiding-element-for-each-individually-extracted-feature-from-each-maodality.-
The-central-objective-is-to-maximize-the-similarity+

between- 2 and- each- of- the- feature- maps- (/=84 270 2w 272, &
measurement-facilitated-through-the use-of the-cosine-similarity.-Conversely, -
feature-maps-drawn-from-different-input-MRI-images, for-instance, %, should-
present- a significant- divergence- from- Z.- In- the- training- phase,- we- form-
positive-sample-pairs- by-combining-the-four-input- modalities- from-the-same-
original-MRI-image-with-the-averaged-image representation, yielding at-least-
four-positive-sample-pairs.-We-generate- negative-samples-by- pairing-feature-
maps- from- different- input- MRI- images- within- the- same- batch- with- the-
averaged- image- representation,- thereby- resulting- in- a- minimum- of- four-
negative-sample-pairs.«
Consequently, we can-formulate-the-feature distillation loss- £an-a5:¢
Foa
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Here,- A.2/|Z) is- defined- as- the- normalized- temperature-scaled- sgffmax:

cosine-similarity-[38,55],-as follows:+
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In-these-eguations, -2 represents-the feature-map-of-a-singular-modality-from-
the-MRI-image-f.-Zis-a feature-map-created-by-averaging the four-modalities-
from-the-same-image ¥}-5¥ denotes-the feature-map-of-all- samples-related-to-
Z,- including- negative- samples- from- distinct- input- images.- The- function-
i -, ) symbolizes: the cosine- similarity,- i.e.,- the- dot- product- post-
normalization.- ris-the-temperature,-and- A signifies-the number-of- positive-
samples connected to- 2 It-is-important to-note that-both- 27 and- Z.originate-
from- the- same- input- MRI- image,- though- they- provide- divergent- feature-

representations-of-the said-image.+

. 3. 7. -3DMM-Cuthix<

To-furtherimprove the-training-efficiency-and-perfarmance, we-propose-a-
data-augmentation-strategy-3DMM-CutMix, - which- aims-to-mix-two-examples-
by- replacing: image- regions- with- patches- of- another- training- image- and-
interpolating-image-labels,-zllowing-the-model-to-focus-not-only-on-the-maost-
discriminative parts-of-the-image-but-also-on-the-entire-image - The-proposed-
IDMM-CutiMix- augmentation- method- is- designed- to- create- a- pair- of- new-
training- samples, ({, & and- (4%, &).- by blending two- training- samples,-

|4, ¢)-and- [ 4y, &3).- The- model- is- then- trained: with- this- newly generated-
training-sample-set.-The-compaosition-operation-can-be formalized-as-follows:+
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Fig.3.The-semantic-illustration of the modality-token-and fzature distillation-regularization. +

respectively.- As- per- the- window- division-mechanism,- the- syin. transformer-

block-with-a-modality-token-can-be formally-expressed-as-follows:+
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where-";’,.-and -":’,.,1 denotethe-outputs-from the-W-mMsa-and SW-M54A-modules-

respectively, whereas- A and-{’r; represent the outputs-of the-MLP-module-

in-the-first-and-second-transformers, -respectively.«
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. 3.4.-Shifted MLP-and-masking bottleneck+

Before-being-fed- in-the-Shifted-MLP- bottleneck, -features-with- respect-to-
each-modality- extracted: by-the-swin- transformer- encoder-are-first-encoded-
into-tokens- separately.- These- tokens-are-then- passed- onto- the-Shifted- MLP-
module,-as-depicted-inFig.-2. They-are-first-performed-an-axis shift-across-the-
width-of- the tokens,- where- the- locality- of- the- token- is-integrated- into- the-
global axial attention-computation, -promoting-more-spatially-aware features.-
Subseguently,-tokens-are-funneled-through-z parameter-efficient- depth-wise-
convolutional- layer- (DWCany)- [53],- after- which- they- pass- through- a- GELU-

activation-layer-[54], thus-adding alevel of learnable-non-linearity. The tokens-
are- then- channeled- to- the second multilayer- perceptron- following an-
additional- axis- shift, this- time- along the- height.- The- final- step- within- the-
Shifted- MLP- bottleneck- involves: applying - residual- concatenation- to-append-
the-original tokens-as-residuals «

Residing-afterthe Shifted MLP-bottleneck, the-masking-bottleneck-aims-to-
enhance-the robustness-of the missing- modalities-and-where-the-construction-
of- long-distance- dependencies- between- different- modalities- is- required.-
Specifically, it-achieves-this-by-generating-a-novel-multi-modal token-through-
the-concatenation-of feature-maps-from-various- modalities-corresponding-to-
thesameimage These feature-maps-originate-either from-theskip-connection-
of-the- encoder- or- the- shifted- MLP- bottleneck.- This- operation- is- formally-
defined as:«

Trabom=[drsam- 'FFME,(&M\' -‘?:nc; ot -ﬂﬂw;d'ﬂw‘ -‘?:)’Zu'], - (2)

robustness- during- the- construction- of- long-range- dependencies- between-
different- modalities,- even- when- some- modalities- are- missing. - This- form- of-
modality-level dropout-is-randomly-enacted-during-training- by-assigning- .. a-
value-of-0.-Following-the-design-in-[33],-the- Bernoulli- factor-assumes-a-value-
of-either-0-or-1.-If- &, equals-0,-it-implies-the-corresponding-input-modality-is-
mizsing.-Conversely,-a- d., value-of 1-signifies- the- availability- of the-modality.-
During- the- training- stage,- multi-modal- tokens- for- missing- modalities- are-
produced-by-assigning-this-Bernoulli-factor-a-value of 0,-effectively-leading to-
multiplication with azero vector+

. 3.5.-Decoder mechanism+

The- primary- of- the- decoder- is- to- effectively- reconstruct- the- spatial-
resolution-of the-consolidated latent-space-backinto-the-original image <pace.-
The-implementation- of- the decoder- primarily: relies- on-convolutional- neural-
networks,- comprising- a- series- of - 3D- residual- convolutions- and- ypsampling:
operators- [33].- Specifically, the output- feature: map- generated- from- the-
Shifted- MLP- bottleneck- is- supplied- as- the decoder’s- input.- In- parallel,- the-
decoder- receives- skip- connections-from- the- masking- bottleneck.- This- dual-
input- approach- enables- the preservation- of low-level- details,- thereby-
facilitating- a- more- precise- segmentation.- Features- derived- from- different-
modalities- at- varying- stages of the- encoder, once- processed- through- the-
masking-bottleneck, are-concatenated-and used-as-inputs to the convolutional -
layer-in-the-decoder as skip-connection-features. This-strategy-serves-a-dual-
purpose:-Firstly, it-compels- the-decoder-to-generate- accurate segmentation-

results-based-onlow-level feature maps-at-each stage of the-decoder. Secondly,-

it- equips- the- model with- the- resilience to- continue- delivering: accurate-

segmentation, evenwhenconfronted with the presence of missing modalities. +

3.6.-Feature-distillation+

We innovatively-integrate-a feature-distillation-regularization-based-on the-
contrastive- learning: [28],- which- ensures- uniformity- among the- features
obtained- from- different- modalities- through- the- masking- bottleneck,- as-
visualized-in-Fig.-3(b).-More specifically, we generate-an-averaged feature map-

Z;by-computing the-mean-of the feature-maps from four- separate-modalities-
of the same-image-for-a-given-case,~

A SR S0 S T where- £ represents- the- latent- feature-
representation,- the- superscript- denotes- the-corresponding- modality.- As- the-
averaging-process-preserves-the-semantic- essence-of-the-image,- 2, serves-as-
a-guiding-element-for-each-individually-extracted feature from-each-modality.-
The-central-objective-is-to-maximize-the-similarity+

between- 2 and- each- of the- feature- maps- (448 2.0 2,00 2,7, a-
measurement-facilitated-through-the- use-of -the-cosine-similarity.-Conversely,-
feature-maps-drawn-from-different-input-MRI-images, for-instance, -.%,-should-
present- & significant- divergence: from- 2. In- the- training- phase,- we- form-
positive-sample-pairs-by-combining- the-four-input-modalities-from-the-same-
original-MRI-image- with-the-averaged-image representation, yielding at-least-
four-positive-sample-pairs.-We-generate  negative-samples- by- pairing-feature-
maps- from- different- input- MRI- images- within- the same- batch- with- the
averaged- image- representation,- thereby- resulting in- a- minimum- of- four-
negative-sample-pairs.+
Consequently, we-can-formulate the feature-distillation-loss- £ea-as+
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Here,- A2/| ) is- defined- as- the- normalized- tempearature-scaled- soffmax

cosine-similarity-[38,55],-as-follows:+
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In-these-equations,-Z/ represents-the feature-map-of-a-singular-modality-from-
the-MRlimage-¥.-Ziis-a feature map-created by-averaging the four-modalities-
frem-the same-image- .- £~ denotes-the feature-map-of-all-samples-related to-
Z,- including- negative- samples- from- distinct- input- images.- The- function-
il .-} symbolizes- the cosine- similarity, i.e, the- dot- product post-
normalization. - ris-the- temperature,- and- V' signifies- the- number-of- positive-
samples-connected-to- 27 It-is-important to-note-that-both-£7 and- 2 originate-
from- the- same- input- MRI- image,- though- they- provide- divergent- feature-

representations-of the said-image.«

N 3.7.-3DMM-CutMix+

To-further-improve-the training-efficiency-and-performance, we propose-a-
data-augmentation-strategy-3DMM-CutMix,- which-aims-to-mix-two-examples-
by- replacing: image- regions- with- patches- of- ancther- training- image- and-
interpolating-image-labels,-allowing-the-model-to-focus-not-only-on-the-most-
discriminative parts-of-the image-but-also-on the-entire-image.- The-proposed-
IDMM-CutMix- augmentation- method- is- designed- to- create- a pair- of new-
training- samples, ({3, & and- (¥, &), by- blending: two- training- samples,-
(A%, &2)-and- (A, &4).- The- model-is- then- trained- with- this- newly- generated-
training-sample-set. The-composition-operation-can-be formalized-as-follows:+
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where-M- £ -0,1% ** serves-as-a- binary-mask for the- image-and-the- label,-
where-0-and-1-in-M-indicate which-regions-in-the two-images-are-dropped-or-
retained.-The symbol-1-denotes a binary- mask-filled-entirely- with-ones. The-
symbol- & represents- element-wise- multiplication- between- two- vectors.-
Mirroring the CuthMixapproach [39], we use-4to denote the combination-ratio-
between- two- data- samples.- This- is- determinad- by- a- beta distribution,
specifically- Beta[g,g] - As-we- have-set-the- parameter- a*to- 1, 4 effectively-
follows-a-uniform-distribution-between-0-to-1,-i.e.,-410,1].-Note-that the-label-
Finthe-new-training-example-pair, -as-a-combination-of the-labels- & - &,-and- 4,-
does-not-have to-be-actually-generated, which-helps-our- network to-focus-on-
real-naturalimages.«

The- binary- mask- M-with- respect to- the- volumetric- data- is- obtained- by-
applying-a-3D-bounding-box-Bz{ e e, - € iy 2 20 -to-the cropped-regions-of-
two-training-MRI-input-images-4% and- ¥y within-the_th - modality. The-binary-
mask- ML is- constructed- such-that any- position- within- B-is-set-to-0,-and- to- 1-
otherwise.-Effectively, the-region B-within-{% is-excised-and replaced-with-the-
corresponding cropped region-Bfrom-£%¥, and-reciprocally, the region-B-in-%
is-replaced-by the region-B-extracted from-£.-Similarly, the-region-B+n-F,and-
region- B- in- F; undergo- the- same- swapping- operation.- Formally,- B- is-
determined-based on-the 3D image coordinates-and-can-be-described-by-six-
parameters:-30- cuboid-size-( £, g4 o and- 3D-center-location- (&, 25 2. The-
ceordinates- of the-30-bounding-box-are- uniformly- sampled-according-to- the-

following-scheme:«
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MNote-that-the-scale-of the-cropped-area-is-consistently-maintzined- across-all-

three-dimensions, f.e., 4= 1—gs2Z &
L

During-each-training-iteration,-a-pair-of 3DMM-CutMix-samples+

(A, G)-and- (Y, &) is- produced- by-merging- two- randomly- selected- training:

samples-from-a-mini-batch, as-per-the formulas provided-in-Egs. {5)-and-(6).<

The- implementation- of- our- 3DMM-CutMix- is- detailed- in- Algorithm- 1,-
where-n,- 4 £ and-A"denote the batch size, the count-of input- modalities, the-
channel- size- of- the- input- image,- and- the- total segmentation- classes-
respectively.- At-every-training-iteration,-we- extract-a-minimum-batch-of -data-
(£} from-the-training-set. This-batch-has-been-randomly-cropped to-ensure-

uniformity- in- the size- of all- input-images.- The-main- procedure: of 3DMM-

.8.-Overall-loss«

The- overall loss- function- £ewv.sis- 8- composite- of- several- individual- loss-

calculations.- These- include- s, corresponding- to- the- feature- distillation-

o Medicing -149-(1024)-101785¢

CutMix, encapsulated betweenlines-3and 13, is straightforward toimplement.-
3DMM-CutMix- generates-new- data- (£ &)-by-randomizing- the- order- of- the-

minibatch-input-images-and-labels-along-the first-axis-of the-tensors. Then, we-

sample-the-mixing-ratio-{ and-the-30-bounding -box-B={gy. &4 £ 2, £y 12)-and-

the resulting-cropping-region (s, w2, £, 82, 21,-22) as detailed from lines-4-to-

11.-5ubsequently,-we-mix-the-input-image- 4"and- Tby-replacing-the-cropped-

region-of-{"with-that-of .7 -Mote- that-the target-labels- ¢ and- Fare not- mixed-

and-still denote- the-target- labels- of the-two-samples- before- being: mixed,-

respectively.-Furthermore,-we-adjust+

thevalue-of -4 to-precisely-match-the-pixel-ratio. The-augmented-input-data-1*
is-then-fed-into-the - model to-obtain the-predicted-segmentation-output- .-

The final step-involves-computing the-loss-between the-predicted- ¥..,and the-

target- labels- & and- & - followed: by- deriving- the- loss- L., via- a- weighted-

summation-based onthe-4fvalue in-next-section for details.«

Algorithm-1-Pseudo-Code for- 3DMM-CutMix+

Input:-Randem-cropped-training-set-{[fZ &)} e Y

1:-for-gagh dteratian;do+

2: » Geta-minimum-batch-of data- (L&) = {{F7, &} e er =805
G0 size tensar, -c?is-mm-size-tensor.a:—‘ &w fr'=

ShuffleMinibatch(£ &) = =3DMM-CutMix-begins.«
% - d»=Betay[11]
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To-guide-the-network-towards- predictions-more-congruous- with-the- real-
segmentation- ground- truth,- we- simultaneoushy employ- Dice Similarity-
Coefficient- (D5C)- [56]- and- Weighted: Cross- Entropy- (WCE)® [60]- as- metrics-
during the calculation-of-losses-Lanr-and- £ DSC, taking values-between-0-
and-1,-evaluates the-similarity between two-images. It-does-so-by-determining-
the proportion- of-twice- the-number- of-intersecting- voxels-to- the-aggregate-
number- of voxels- in- the- prediction (¥} and- the- ground- truth- (£).- This-
calculation-is-succinctly-defined-as-follows

= 2FEF = TMELGEAIT

o, TESUIting- from- the- low-level-feature- map- disparities- in- the-

Loy, which- pertains to- the- final segmentation- output.- The-

detailed- explanations- and- formulations- for- the- loss- function- Lese are-

previously-provided-with-Eq.-(3).«
EE-In-{enzin-Iineratune-[57—59],-WCE-is-also-referred-to-as-weighted-m-lnss.—
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where-A"signifies-the-number-of segmentation-classes, -/ denotes-the voxel-
count-of class & {gcrepresents-a-binary value indicating whether-class label &
isthe-appropriate-classification for-pixellocation- £ -and- ¥, s corresponds-to-the-
probability- of- the- associated- prediction.- £ is- a- very- small- positive- number,-
referred- to-as- the- smoothing- coefficient, -which-is- configured- to- 107" in- our-
experiments_«

The-issue-of-a-significant-discrepancy-in-the-number-of- classes-within- an-
image-sample presents-an-imbalanced-classification-problem.-To-address-this,-
the WCE- loss-is- utilized.- WCE- loss- is-calculated- using: a- pixel-level- softmay
activation-over-the feature-maps-intandem-with-cross-entropy. The predicted-
probability-of class-4at-each-pixellocation 7 % 4@ where 222 is-determined-
by inputting the-predicted-value-inte-the-sgftmax-activation, which-is-defined-
as

aF

T oK Y,
Pk Zﬁ‘:l el - (8}

To- effectively-manage- imbalanced- classes, we-determine-the- weight-for-
each-class-present-inthe ground-truth-of the-inputimage. This-computation-is-
represented-by-the-following-equation:«

N
Ef: I- fry g

Wy=1o - (9)e

K N
Er=| E;:Mir,‘;---

where-Arefers to-the total count-of voxels-in-the-ground truth,«

o truth,
i=1{z ¢ signifies the count-of pixels-pertaining to-class- £in-the ground- ‘

K
3 nle.’ =1 z"; &7, ¢ stands-for-the-aggregate - number-of -pixels-encompassing-

all-classes-in-the ground-truth_-Subsequently,-the-WCE-loss-can-be- expressed-

as-follows:
B ECY
133+
LW eA G FiRy=—= ___ = wiliiloglpis. = (10)=
AWV
=151

Concurrently,- WCE- loss- dynamically- adjusts- the- weightage- of- different-
components-in-the-image, - reducing- the-significance- of the- background- and-
bolstering: the- weight- of specific- internal- classifications.- This- dynamic-
balancing- aids- in- mitigating- the- effect- of- edge- voxels- on- the- overall- loss.-
Consequently,- both- the- ﬁ-d-mwf- loss, associated- with- the decoder’s
performance,-and-the- L., loss,-tied- to- the- final- segmentation- output,- are-
calculated- using: both- Dice- and- WCE- metrics- with- a- weighted- summation-
based-on-the-.fvalue. They-are-defined-as follows:+

i
Lascoden= = (Lo (£ 00 A+ Loied 6 P - (1 — D)+

e

=1

- (Lo iy - A+-Liwed G ) (L—-A)), - (11}

=1
= Loep=Loied G Voag) - A+ L0ied 6 P seg) - {1— A+

- L cE G Fosg) - A+ Liwca & Forssg) - (1A, ¢

feature-map-at the- sth stage-of the-decoder- & and- Fare the-target-labels-of

two- samples- in-the- new-training- sample- pair- after- data- augmentation- by-

IDMM-CutiMix,- respectively. The term- S"denotes-the-total-number-of stages-
in-the-decoder, which-is-set-to-4-in-our-network-design.+

In-conclusion,-the-overall-loss function-is formulated-as follows:«

Leoral= aan- Lascodort-gex-Legg+- afx- LApo(12)- where-a,,-a.,-and- a-are-the-

coefficients-of the-corresponding-loss,-respectively.«

. 4, -Experiments+

4.1.-Dotase

The-first-dataset-used-for method-evaluation-is the-BgTs, 2018 collection-
[61].- The- dataset- comprises- 285 multi-contrast- MRI-scans,- each- containing-
four-distinct-MRI-modalities:-Fluid-Attenuated-Inversion-Recovery-(FLAIR), T1-
Contrast-Enhanced-(T1c), T1-Weighted-(T1w],-and T2-Weighted: (T2w).-Given-
that- the- annotaticns- for- the- validation- set- are- not- publicly- accessible, - we-
partitioned the-available-285 imagesinto-a training set-of 190images, with-the-
remaining-85-used-as-a-test-set.- The-data split-is-the-same-as-in-[24,33].-We-
normalized the-modalities-across-all-images-by-resizing-each-to-a-resolution-of-
128-%-128-=128.-Our-second dataset for method-evaluation-is-the Brals 2020-
collection- [62],- which- constitutes- 369- multi-contrast- MRI- scans- in- four-
different- MRI- modalities.- According- to- the: same- partitioning: method- as-
[24,33],-we-divide-the-available 369-images-inte-246 training-sets-and-123 test-
zets-according-to- 8- 2:1- ratio- column,- and- the- modalities- of- all- images- are-
similarly-normalized to-128-3- 128128 dimensions.

Each-subject-in-these two-datasets-is-represented-through-the-above four-
IMRI- modalities,- accompanied- by- voxel-level- segmentation- ground- truth- of-
threelabels:-necrotic-and non-enhancingtumor, -edema, and-enhancing tumaor -
Thetraining target-is-constructed by-merging the three different-tumorclasses-
oftheground truthlabels.Following the setting in-previous work {63], we then-
converted-each-segmentation-map-into-three-binary-maps, -corresponding-to-
three-tumer-categories:- Whole- Tumor-(all-three- tumor-classes),- Tumor- Core-
[all- tumor- classes- excluding- edema),- and- Enhancing- Tumor-(limited- to- the-
enhancing tumor-class).«

4.2 -implementation+

We-adopted-the-Dice-Similarity-Coefficient-(DSC)-as-our-evaluation-metric-
[56].- Qur- proposed- framework- and- compared- methods- were- implemented-
with-Python-3.8,-and-PyTarch 1.12-on-one- NVIDIA- Tesla- A100-GPU-with-one-
Intel-¥eon-Platinum-8358P CPU.-Eachinputtensorrepresenting-a-modality-has-
dimensions-128-x-128x-128-x-1 -while-the-corresponding target-tenzor-size-is-
128-x-128-x-128-x-4_-For-data-augmentation, -we-followed previous-work-[33],-
applying- random:- flipping,- cropping,- and- intensity- shifts.- Subsequently,- our-
proposed-3DMM-CutMix-approach-was-also employed for-model training.-It-is-
important- to- note- that,- during model- testing,- we- did- not- apply- any- data-
augmentation.- We- used- the- Adam- optimizer- with- an- initial- learning- rate-
0.0002- and- a- weight- decay- factor- 0.0001.- We- maintain- & batch- size- of 1-
throughout-our-experiments.-We-set-the-total-training-period-to-1000-epochs-
to-ensure-afair-comparison-with-other models -Our-model-is trained-for about-
78 -h-with-20G-memory-on-cne-GPU.+

. 4.3 -Parameter-analysis

The- parameters- involved: are- @y, @,-and- g We set- agand- a-to- 1.0-
following- [33].- To- determine- a- suitable- value for- gx - which- balances- the-
semanticsegmentation,-decoder,-and-distillation Josses, we evaluated-a-range-
ofwvalues:-10,-1.0,-0.5,-0.1,-and-0.05.-The: results-in- Table- 1-demonstrate-that-
smaller-zvaluesyielded higher segmentation-performance - Thisindicates the-
zemantic-features- may-be- more-importantfor-the- Dice-Similarity- Coefficient-
metric_-Based-on-these-experiments,-we-set a-to-0.1-by-default-to-achieve-a-
good-trade-off-between-both-metrics.«

e
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Comparison of results in the BraTs 2008 collection achieved by our proposed IM5° Trass and state-of-the-art undfied medels, including U-HeMI5, U-HVED, RobasaSeg, ACK, D*-Net,
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Fig. 4. ¥Wisualization of scpmeniation resalis ender 15 different missing modality condicions o

manFormer and cur proposed IMS“Trmns compared to ground truth. The resulis
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Table 3
Swmtistical analysis

{ resuits in BraTs 2008 collection achieved by our proposed
IMES Tenms aared 0 he-am unified model mmFPormer. The evalmacion |5 condoened
using p-valee of Wilcoxon signed-rank tes betwesn mmFormer aed IMS Trans senos
15 diffepent combinatiors of modalicies. In the caption, « and = repeesent available and
missing modalities, respectively, and 'F denctes FLAIR In shon

Modalities Whole tumor  Tumor core Emhancing tamar
F Tic Tiw Tiw  povalue povalus powalue
- @ e 8 0.0327 0. 2250 09648
* - L o 00267 0. 4652 00599
L . o 06605 08266 09927
@ @ e - 0.0014 0.4184 07248
- - L o 00024 01347 00432
- 8 . 8 00038 0. G061 09818
L L - 00026 0. 7054 05035
@ - . o 05874 0.0480 00441
@ . o . 0.0346 0. 3257 03027
& q . - 0.0086 0. 7260 09875
- - . o 00014 0.0397 01023
- . e . 0.0004 0. 1541 00711
LR . . 00022 06793 09700
& . . . 00834 0.0834 00247
- . . . 0.0013 0.0193 00017

pui:-::ibln’: combinations of available modalities, which iz consigtent with
the scemarios of four modalities. Moreover, we provide visualizations
of the segmentation resulis under the seven different missing modaliny
conditions for both mmFormer and IM5?Trans in axial, sagittal, and
coromal slice views, as shown in Fig. 5. These visualizations provide

additional evidence of the superior segmentation performance of our
IMS*Trans model compared to mmFormer in the majority of the seven
combinationg.

To better showease the effectiveness of our method, we compared
our IM5*Trans to the current leading methods such as U-HeMIS, U-
HWVED, RubuSLSEE. RFNet [30], and mmFormer on the BraTS 2020
collection. Note that RobustSeg [25] has not performed experiments
on the BraTs 2020 collection, so we use the experimental results from
RobustSeg in [30]). Table 5 presents the experimental results, which
indicate that our IM5?Trans consistently performs better than 1-HeMIS,
U-HVED, RobustSeg, RFMNet, and mmFormer across all three brain
tumor categories, even with 15 possible missing modal combinations.
These results demonstrate the effectiveness of our method in accurately
segmenting beain umors and handling missing modalities.

4.5, Comparison of model complexiny

Furthermore, in order o provide a comprehensive analysis, we
conducted an in-depth analysis to compare the efficiency of M5 Trans
with the state-of-the-art mmFormer, as it achieved the best performance
in Table 2. For a fair comparison, we specified the inputl size as 1«
43 128 = 128 x 128, The network configuration analysis is presented in
Table 6, encompassing important metrics such as the aumber of param-
eters, FLOPs, model size, wraining speed per epoch, and inference speed
per sample. The resulis demonstrate that our IM5*Trans model ex-
hibirs significantly smaller computational and space complexity when
compared o mmFormer. Specifically, our model comprises 4.47M pa-
rameters, 121.89G FLOPs, and a model size of 77.13MB. In comtrast,
mmFormer consiss of 34.96M parameters, 265.79G FLOPs, and has
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a model size of 55%.74MB. These metrics cleary indicate that oar
[M5*Trans model achieves a natable reduction in both compuiational
complexity and space complexity compared to mmFormer. The smalber
compuaiational and space complexity of IMS*Trans provides several
advantages. Firstly, it allows for more efficient mode] training, resulting
in faster comvergence during the training process. Secondly, it facilitates
faster inference speed, enabling real-time or near-real-time applications
in climical settings. Lastly, the reduced model size leads to lower
memary reguiremenis, making our model maore feasible for deployment
on resource-constraimed devices or in settings where high-performance
computational resources may not be readily available.

We also conducted an analysis to highlight the effect of the num-
ber of missing modakities an space complextty. This is illustrated by
comparing the naumber of parmmeters between the state-of-the-ant mm-
Former model and our IM5*Trans in terms of handling the different
number of modalities, as depicted in Fig. (a). As shown in the figare,
the mumber of parameters in the mmFormer model increases linearly as
the number of available modalities increases from two to ten, ranging
from 20 1o 820, In contrast, our IM5* Trams exhibits a relatively stable
number of parameters, varying from 2696 to 6. 18M regardless of the
number of available modalites. With a fixed number of parameters,
our model remains lightweight and avoids exponential growth in pa-
rameter count 2 the pumber of modalities increases. This makes our
minde] maore scalahle and efficient in hamdling various missing modality
scenarios. The reladvely smble oumber of parameters in (M5 Trans is
panticularly beneficial in real clinical scenarios where a varying number
of modalities may be available due to eguipment limitations ar data
acquisition challenges. By maimtaining a consistent model size, owr
approach exsures that the computational resources required for moded
training and inference remain manageable and practical.

4.6 Ablanion study
In order to evaluate the design of modality token, we conducted a
comparison between two different sirategies in terms of training param-

eters, GPMU performance, and segmentation performance in Table 7. The
first design approach, which we adopeed in our network, is the additive

11
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implementation, as illustrated in Fig. 3{a). An alternative approach is
the concatenate implementation as depicted im Fig. G{b). In the concate-
nate implementation, the feature token x; of the jth modality and the
carresponding modality token w, are first concatenated to form a new
token. This pew token is then passed through two consecutive window-
based multi-head self-attertion modules (W-MSA and SW-MSA) within
the swin transformer block. Finally, a slicing module is used to extract
the updated feature token x! discarding the modakity token ) in the
output. Unlike the additive operation, the concatenate operation does
not medify the internal modales of the swin transformer block. Instead,
it introduces a pew tokoen at the mput and extracts 2 modality token at
the cutpat for subsequent removal. In Table 7, the resuls yield that the
additive implementation ocatperforms the concatenate implementation
im all aspects, including traiming parameters, GPLU performance, and
average segmentation performance. Therefore, our M5 Trans network
adopts the additive implementation due to its superior performance.
By choosing the additive implementation, we ensure that the swin
transformer hlock with modality token effectively captures the interde.
pendencies among modalities and produces more accurate and reliable
segmentation results.

To demoastrate the effectiveness of our proposed 3DMM-Cutblinc
method, we provide visualizations of the data augmentation results
im Fig. 7. The figure consists af four rows, each representing FLAIR,
Tic, Tiw, and T2w images, respectively. Within sach row, there are
six columns depicting different stages of the data augmentation pro-
cess. In the first column, the source image is displayed, while the
secand column shows the corresponding ground truth for the souarce
image. The third column represemts the reference image, and the fourth
column displays the ground trath for the reference image. The fifth
column showeases the 30 image cropped from the reference image
using the ADMM-CutMix method. This cropped image serves as a mix-
ing component in the data augmentation process. Fimally, in the sixth
column, we present the resulting image obiained by blending the souarce
image from the first column with the cropped reference image from
the fifth column using the 3DMM-Cuthix method. These visualizations
pravide an irmaitive representation of how our ADMM.CutMix method
effectively combines information from the soarce and reference images
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to enhance the training process. By generating augmented Emages
that imcorporate relevant features from both the source and reference
images, the 30MM-CutMix method promotes betber generalization and
improves the robustness of the deep lenrning model for MEI anakysis.
Overall, the visualizatian results in Fig. 7 demonstrate the effectivensss
and paotential of our proposed 30MM-CuthMix method as a valuable data
augmentation techmique in desp learning:-based MR analysis.

To gain a better understanding of the contributions of different
compenenis in our IM5* Tran network, we conducted an ablation shady.
Specifically, we evalusted the impact of ADMM-CutMix, swin trans
farmer with modality token, feature distillation boss, shifted MLP bot
tleneck, amd decoder boss om training parameters, GPL performanice,
and average segmeniation performance. The results of this study are
summarized im Tabde §, where the first colamn comesponds o the
3DMM-CutMix functional module. ‘When this module is remowved, it in
dicates that there is anly cne target label for each sample, which can be
achieved by seiting i to 1 in Eq. (11). The sscond column represents ihe
presence ar absence of the swin transformer with modality token. If this
camponent is removed, the mode] solely relies on the swin trarsformers
without modality tokers. The third column indicates the inchsion or
exclusion af the feature distillation module. When removed, it implies
the absence of the cormesponding feature distillation loss, Ly, in the
mindel. The fourth column signifies the removal of both the intra-maodal
shifted MLP on the left and the inter-modal shifted MLP on the right in
Fig. & Lastly, the fifth column pertains to the decoder boss. If this loss
is removed, it solely affects the caloulation of the total loss. From the
resulis presented in Tabde 8, it is evident that the ahsence of the 3D&IM
Cuthlix module leads to a drastic decrease in segmentation performance

12

far all three tumor regions. Additionally, the inclesion of the swin
transformer with modality token, feature distillation loss, shifted MLP
bottleneck, and decoder loss comtribute to performance improvements
acrass the whole tumor region, tumor core region, and eshancing
tumor region. These Aindings demonstrate the crucial roles played by
the various companents in oar IM5* Tran network. The 30MM-Cathiix
madule significantly enhances the model’s ability o handle missing
meadalities, while the swin transformer with modality token, feature
distillation loss, shifted MLP bottleneck, and decoder bass collectively
caniribwie to improved segmentation performance. In addition, Tab
also shows that except for the reduction of model parameters and
GPU performance cansed by the swin transformer without modality
token, the lack of other modules bas lietle impact The reduction of
mode] parameiers is not large because the shified MLP bottleneck
is a lightweight module. The 3DMM-CutMix and fexture distillstion
maodules do not involve leamable parameters, so they have no effect
on the number of model parameters. The kack of decoder loss can only
reduce some convalutional kayers and upsampling layers, so it also
has little impact an the number of model parameters. Overall, these
ablation study resalts validate the efectivensss and impartance of each
component in our proposed network architectare.

e B

4.7, Discussion

ables 2, 4 and 5 evidently yield that the best-performing exist-
ing approaches in bmin tumor segmentation, althowogh tdlored for
the incomplete modalities, still assume the availability of all modal
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Abstract- The: Adaptative  neuro-fuzzy- inference- system-
(ANFIS) has-shown-great-potential -in-processing-practical-
data- from- control, - prediction, - and- inference - applications, -
reflecting advantages-in both high performance -and-system-
interpretability-as- a- result- of the- hybnidization- of neural-
networks-and- fuzzy-systems.- Matlah, has-been-a-prevalent-
platform- that- allows- to- utilize- and- deploy- ANFIS-
conveniently.- On- the- other- hand.- due- to- the- recent-
popularity of machine learning and deep learning, which are-
predominantly Python-based, implementations of ANFIS in-
Python have-attracted recent attention. ‘Although there-are-a-
few- Python-based AWNFIS -implementations, none of them-
are-directly- compatible- with- scikit-leam. - one- of the - most-
frequently used libraries in - machine learning. ‘As-such, this-
paper- proposes- Sciki-ANFIS.- a- novel sgikit-leam-
compatible Python 1implementation for ANFIS by-adopting-
a-uniform- format- such-as- fif)- and - predict()- functions- to-
provide the same interface-as sgikit-learn. Our ScikitANEIS.
is- designed- in-a - user-friendly-way- to- not- only- manually-
generate-a general fuzzy-system-and train 1t-with the ANFIS-
method-but-also-to-automatically- create-an ANFIS- fuzzy-
system.-We-also-provide four kinds-of representative cases-
to-show that Scikit-ANFIS represents-a valuable addition to-
the- scikit-learn - compatible- Python- software- that- supports-

ANFIS-fuzzy reasoning <

https://scikit-learn orgt!
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Experimental- results- on- four datasets- show- that- our
ScikitANEIS-  outperforms- Python-based-
implementations- while- achieving- parallel- performance- to-
ANFIS- in- Matlab, - a- standard- implementation - officially-
realized- by- Matlab.- which- indicates- the  performance-
advantages -and -application convenience of our-software .«

recent-
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. 1+Introduction+’

Since the adaptative neuro-fuzzy inference system (ANFIS)-
[1]was proposed 1n-1993 asa creative method-of combining-
the-advantages-of the-fuzzy -system-and -neural network. - it-
has-been-extensively-applied-in-numerous-fields -ANFIS-1s-
a umque- five-layer neural network model- that- integrates-
fuzzy-sets-and-logic-modeling-a-fuzzy -system.-The-model-
features- a- two-step- learning - algorithm - that- comprises- a-
forward- pass- and- a- backward- pass,” which- allows- for-
automatic- adjustment- of the- antecedent- and- consequent-
parameters by -minimizing the error-between the -actual-and-
target-outputs {1]. This approach provides two main benefits. -
allowing- for- automatic- learning- from- the- data- and-
employing- fuzzy- if-then- rules- to- explain- the- model-
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generated- results - By combining- the- fuzzy- system’s:

explainability with the nevral network s self-learning -ability, -

this- approach- delivers and-

interpretability <

unparalleled- accuracy-

As- a- result- of the- above- advantages - research- and-
application-of ANFIS-have drawn widespread -attention-in-
many- domains - Health- and- well-being- are- one- of the-
prioritized- applications.- due- to- the- interpretability- and-
accuracy- tvpically- required- in- healthcare- domain- that-
ANFIS- may- provide.- Researchers- have proposed- a- new-
approach -to-clinical-decision-support-that-uses-data-driven-
techniques tocreate interpretable fuzzy rules. This approach-
combines- decision- tree- learning- mechanisms- with- an-
ANFIS-framework, -resulting -in-a-method-that- outperforms-
many other popular machine learning techniquesin terms of*
accuracy {2]. Otherresearchers have used ANFIS optimized-
through-artificial-bee-colonies-to-classify-heartbeat-sounds -
aiming-at-early-detection-of cardiovascular-disease [3]. For
the- diagnosis- process- of- Alzheimer’s- disease.” some-
researchers-have proposed-a-technique that-first transforms-
it- into- a- clustering- problem, - and- then- uses- ANFIS- to-
optimize fuzzy- rules,- which- ultimately- improves- the-
accuracy -of diagnosis-[4]. ANFIS 15-also widely used in the-
field- of control-and-engineering -A-new- combined -ANFIS-
and- robust- proportional- integral- derivative- control-
framework- are- proposed- for- building - structure - damping-
systems_ - which- can- effectively- ensure- the- stability- and-
robustness - of* the- controller- [5].- Some- researchers- have-
proposed- using- adaptive- virtual- synchronous- generators-
with- ANFIS-
photovoltaic- systems.- which- can- enhance- the- system-
response-in-different-operating scenarios [6]. ANFIS-model-
has- also- been- utilized- to- enhance- electricity- demand-
forecasting- accuracy- - a- developing- country,- surpassing-

controllers- as- inverter- comtrollers- 1in-

prior models and databases {7]. To predict power generation-
in photovoltaic systems, ANFIS models 8. 9] optimized by-
genetic-algonthm or-particle swarm -optimization have-been-
developed- using- Matlab- [10]- software- with- sound-
performance. - These- applications- across- a- wide- range- of*
domains, - demonstrate -the - effectiveness-and-popularity - of
ANFIS asa-sigmficant data-analysis and model construction-
tool- predominantly- in- decision-making- and- forecasting-
tasks,-which-in-turn- calls- for-more- efforts - in- building-an-
accessible- development- environment- to- streamline- its-
applications «

At present. - Maglab: [10]-1s- a- widely -used- platform- for-
convenient-utilization and-deployment of ANFIS. However,-
due-to-the-increasing -popularity- of machine- learning- and-
deep-learning, -which-are-mainly-based-on-Python, -Python-
based- implementations- of- ANFIS- have- gamned- increasing-
attention. - Despite- the- availability - of - some- Python-based-
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ANFIS- implementations- such- as- ANFISPyTorch- [11].-
ANFIS-Nopmpy [12]. and ANFIS-PSO {13]. -what 1s lacking-
in- the- current- research- landscape- 1s- that- none- of* these-
implementations -are- directly -compatible-with-scikit-learn -
one-of the most-commonly-used machine learning libraries «

Furthermore,- due- to- emerging- advancement- in- deep-
learning- models. - ANFIS- has- recently- undergone- new-
developments, including-cascade- ANFIS[14,15], -aswell as-
integration with-deeplearning technology[16]. This-hasled-
to the emergence of a-popular research-area known-as-deep-
neural-fuzzy-system-[17],- of which-ANFIS -15-an-essential-
component. However, although some researchers have tried-
combining-deep-neuro-fuzzy-systems -(DNFS)-[17]-created-
using - Python- with- scikit-learn - such- as- Py TSk - [18],- no-
cases- have- been- found- that- combine- ANFIS- with- scikit-
learn, to-the best-of our knowledge <

Conventionally, ANFIS application-and-development-are-
conducted-in-Matlab. -However, -with-the-rapid- progress-of*
deep- learming- and-machine- learning, - which- 1s- commonly-
conducted in-a Python-environment, itis-critical to-develop-
ANFIS-in-an-environment- that-1s- directly-compatible -with-
Python_-Skleam. -and -BPyTorch - [19].- This -will -facilitate -the-
research- and- development- of ANFIS- and- ensure-
compatibility with the-latest technologies «

This paper reports-a novel implementation of ANFIS, in-
Python-programming -language. -To-ease-the use-of ANFIS-
in- compatibility- with- popular- machine- learning- models. -
which-have been realized 1n-the-popular-scikit-learn library., -
our- implementation_ - termed- Scikat-ANFIS - fully- supports-
interfaces- as- specified- by - scikit-learn. - Furthermore, - our-
ANFIS- implementation, - which- may- be- utilized- as- an-
optimization- method, - also- supports- the- tramming- of* an-
existing - fuzzy- system.- Through- several- case- studies- and-
cross-validated- experiments,- our- results- demonstrate- the-
superior-performance- of-Scikit-ANFIS -software- compared-
to other- ANFIS-based-or DNFS-based Python - software-and-
are- parallel- to- the- standard- ANFIS- implementation- by-
Matlab. Concretely, our contributions can be summarized as::

(1) = Our Sgikit-ANFIS implementation 1s fully compatible-
with commonlyused scikit-learn functions such-as fit()-
and -predict() - -this -enables-our-development-directly-
applicable-in-combination-with-all- existing -machine-
learning -models-and-methods-as-typically -conducted-
through -scikit-learn <

(2) = Scakit-ANFIS- allows- the: manual- generation- of* a-
general-purpose- Takagi-Sngeno-Kang- (TSK)- [20]
fuzzy-system-using-natural-languages. - To-the -best-of*
our -knowledge. -our-method-1s-the-only Python-based-
implementation- that- supports - fuzzy- reasoning - with-
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complex- rules- and- logical- operators- of multiple-
choices ¢

(3) = Scikit-ANFIS utilizes the scikit_anfisgp-classto-tram-
a-pre-existing- TSK- fuzzy- system - and- automatically-
generate- an- ANFIS- fuzzy- system- based- on-
pserspecified input—output -data-pairs, ‘resulting -1n-an-
efficient optimized-fuzzy system <

(4) = The Scikit-ANFIS implementation-can-automatically-
save- and- load- the- trained- ANFIS- with- the- best-
performance-to/from-a-local- model-file, which 1s not+
currently- available- in- other- Python-based- ANFIS-
implementations. <

. 22 Technical Background on ANFIS«

We- begin- with-a- brief" introduction- of- the- ANFIS - fuzzy-
system-[1],-as-shown-in-Fig - 1_-The basic-architecture- of*
ANFIS-consists-of five -layers with the -output-of the-nodes-
m-each respective layer represented by Oz where 11sthe 1th-
node-of layery.«

In- the- first- layer,- the- nodes- of* this- layer- are- the-
membership- scores- generated- based- on-the- values- of* the-
fuzzy input-varables, defined-as:«

O 3x; b3y, 8x b;- O S b % Jp S35 4- % 1;2-81b-where-
X)Xz represent-the crisp-values-of two-input-variables, -and-
AyBiare the fuzzy setassociated with this node, and 1y, 8x,b.-
I 0x;b-denote the- membership function -of linguistic labels-
A; and- By respectively - Any- continuous- and- piecewise-
differentiable- function- such- as- the- commonly- used- bell-
shaped, - gaussian_ -trapezoidal, - and - tnangular- membership-
functions, can- be-used-as- a-membership- function- in-this-
layer, -and-each- membership-function-itself includes-a-set-of*
parameters.- When-the-values-of these- parameters-change. -
the membership function also-varies, so these parametersin-
this layer-are called premise parameters+
[1].«

In- the- second- layer,- each- node- represents- the-
accumulated firing strength -of rule-antecedents through-a t-
norm operator-such-as the product-as:+

2041
In- the-third- layer,- each-node - outputs- a- normalized- firing-
strength:¢

-1 -
01.% w%

wie!
1% 1;2-03pw hwae!

In-the fourth-layer,-each-rule-consequent-1s-calculated -with-
associated parameters pyqin-©

O% Yewf, widpa baxa boib; %152 - 34p
When-the-values of the premise- parameters-are-given, -the-
single node in the fifth layer-can be expressed as the sum-of
the-linear combinations -of consequent-outputs_ 1e_«
-+ X = Pw¢
siif e Pigfli;a%-1;2-85p-0) Hwe
©

It-1s-1mportant-to-note-that- ANFIS_ -unlike neural-networks -
grows-faster-in-terms-of the total number-of parameters P..-
which-can-be-calculated-as-follows [21]:-+

8><P, % in MEingutp s fIMEp-

= PPt ¥k Prsp dp Pinc b 1b--out - d6p

where Py and-P. denote-the number of premise parameters-
and-that-of consequent- parameters- respectively;-in-stands-
for the number of inputs, MF ()15 the humber of membership-
functions- in- each- input,- and- goef()- 1s- the: number- of
coefficients for each membership function: 15 stands for the-
number -ofrules, -and-out1s the number-of nodes 1n-the fifth-
layer.«

Given- the: onginal- definition- of ANFIS- as- introduced-
above, it represents-a- TSK-type-fuzzy system-that naturally-
fits-a regression-and- control problem -Figure- 1-shows-an-
ANFIS with twoinputs and two rules-and-one output, where-
each- input- has-two- Gaussian-membership- functions - The-
total- number- of- parameters- in- ANFIS- 15- 14, - found- by-
multiplying the-coefficient (2)-of the Gaussian membership-
function-by the relevant-values-and-adding them-up:+'

P %2.22p2-3-1%14.¢

O Yoy Yool 821 o lp Bxob; 1 %6152 - a2pe
Layerl Layer2 Layer3 Layerd Layer5
— A Loy LW
X1 wify,
X1 X2 y

_, Le 7
X2 = o
w2b;
— B2

Fig -1 ANFIS example with-two-inputs, two-membership-functions-in-each input,-and-two rules:
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complex- rules- and- logical- operators- of multiple-
choices. ¢

(3) = Scikit-ANFIS-utilizes the scikit anfisdp-class-totrain-
a-pre-existing TSK- fuzzy- system-and- automatically-
generate- an- ANFIS- fuzzy- system- based- on-
wserspecified input—output-data-pairs, -resulting-in-an-
efficient optimized-fuzzy system «

(4) = The Scikit-ANFIS 1mplementation-can-automatically-
save- and- load- the- trained- ANFIS- with- the- best-
performanceto/from-a-local model file, which 1s not+
currently- available- in- other- Python-based- ANFIS-
implementations. <

. 2°Technical Background -on ANFIS«

We- begin- with-a- brief- introduction- of- the- ANFIS - fuzzy-
system-[1],-as-shown-in-Fig - 1 -The-basic-architecture of*
ANFIS-consists-of five-lavers -‘with the output-of-the nodes-
in-each respective layer represented by -Qy; where 113 the 1th-
node-of laverj.«

In- the- first- layer,- the nodes- of- this- layer- are- the-
membership-scores- generated- based- on-the values- of* the-
fuzzy input-variables, defined-as:«

O 8x; b %1y, 8% by O 8x3b ¥ 1g 8x3b;1- % 1;2- 81 where-
XX represent-the -crisp-values-of two-input-variables, -and-
Ay;B;are the fuzzy set-associated with this node, and 1y, dx;b,-
15, 8x;p-denote the-membership function-of linguistic-labels:
A; and- By respectively. - Any- continuous- and- piecewise-
differentiable- function- such- as- the- commonly- used- bell-
shaped,- gaussian, -trapezoidal, - and - triangular- membership-
functions, can- be-used-as- a-membership- function- in- this-
layer, -and each-membership-function itself includes-a-set-of
parameters.- When -the-values-of-these- parameters-change. -
the membership function-also-varies, sothese parametersin-
this layer-are called premise parameters<
[11«

In- the- second- laver. each- node- represents- the-
accumulated firing -strength -of rule-antecedents through-at-
norm operator such-as the product-as:+

O Yewy Yorla 8 prlg Oabyri %12 - 32pe
Layerl Layer2 Layer3 Layer4 Layer5
X] Wlflé
L TT
Cx1xg y
=2 wafy
— B2 i

Fig 1 - ANFIS evamnlasmth fandnmnte tiwnememberchin fiinetione in.aach dneaf and-tine-nilecs

2041f
In- the -third- layer, each-node - outputs-a-normalized- firing-

strength:</

-3 =
O dew; %

wie
v % 1,283k w1 pwae!

In-the fourth-layer, each rule-consequent is-calculated with-
associated parameters Dy QL.

O Yewfy Ywidpaxy braxa by 1 %°1;2 - 84 b
When-the-values- of the-premise- parameters -are given, -the-
single node in the fifth layer-can be-expressed as the sum-of*
the-linear combinations-of consequent-outputs, 1.2«

- X = Pw¢

5% Piggifii i % 1;2-95p-0, %we
.

It-1s-1mportant-to note-that- ANFIS, -unlike neural networks -
grows faster-in-terms-of the total number-of parameters P, -

which can-be-calculated -as-follows [21]:+

8<P, % in MEdinputp: cosfIMER

=PPet 1% Prsp-0p Pine b 1b--out - d6b-

where Py and-P. denote-the number-of premise-parameters-
and-that- of consequent- parameters- respectively;-in- stands-
for the number of inputs, MF() 1s the number of membership-
functions- in- each- input,- and- goefl) is- the- number- of
coefficients for each membership-function; 13 stands for the-
number-of rules, -and out 1s the number-of nodes 1n the fifth-
layer.«

Given- the- original- definition- of ANFIS- as- introduced-
above, it represents-a-TSK-type fuzzy system that-naturally-
fits-a-regression-and-control- problem.-Figure- 1-shows-an-
ANFIS with two-inputs and two rules and-one output, where-
each- input- has-two- Gaussian- membership- functions - The-
total- number- of* parameters- in- ANFIS- 1s- 14, - found- by-
multiplying the coefficient(2) -of the Gaussian membership-
function by the relevant values-and-adding them up:«
P%2:2-2b2-3-1%14e
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Depending on how the consequent parameters-are set-and-
updated_ - Jang, - the- inventor- of- ANFIS- [1],- proposed- two-
learning-algorithms-(1 e -traming- strategies) for-the-ANFIS-
model, namely-hybrid-and- online. - In-hybrid- learning, -the-
antecedents-are-updated- by-the- gradient- descent- method,-
while the consequents-are- calculated by the-least- squares-
method-after-fixing-the-premise parameters_-Meanwhile -in-
online-learning -all-parameters-are-updated -by-the-gradient
descent- method.

As- depicted- in-Fig - 2_- the- hybrid- learning- algorithm-
comprises-two-stages: -the-forward-pass-and-the -backward-
pass. In-the-forward-pass, -the - functional-signal -from-Layer-
1-is-passed directly through the ANFIS network to Laver 4,
where the consequent parameters are calculated by the least-
squares-estimate- (LSE)-for- input-data-X -and target-data Y -
At-this-pomnt, -the premise parameters-from-the membership-
functions- in- Layer- 1 remain- fixed - The- backward- pass-
procedure starts -after computing the total root mean-square-
error- (RMSE)- loss.- During- this- process, - the - consequent-
parameters- are- kept- unchanged- while- the premise-
parameters-are updated using the gradient descent method <

For-clarity, the-list-of terminology -abbreviations-used-in-
the paper1s-given-n Table-1.¢

. 3*Related Work«
3.1 Recent-Software Development for Fuzzy Systems«

Generally- speaking, - a- fuzzy- system- has-a- good- level of
interpretability,- due- to- its- knowledge  encoding- with-
imprecise knowledge and the intmtive inference mechanism-
that- mimics- human- reasoning-[22,- 23].- During- the- early-
development- of plain- fuzzy- systems- in- Python, - many-
Python- libraries- were- moving- in- the- direction- oft
generalpurpose fuzzy system-applications, suchas PyFuzzy:
[24]. Euzzylah [25]. Seikif-Fuzzy [26].<

However, many-of these tools-are -outdated-orno-longer-

International-Toumnal-of Fuzzy-Systems. -Vol -26, No.-6,-September-2024¢

Abbreviations Expansion

TSK: Takagi-Sugeno-Kang:

ANFL3 Adaptive Neuro-Fuzzy Inference-System

DINFS¢ Deep Neuro-Fuzzy Systems

Sklea scikit-leam:

N/ A No-Answer

Hybrid: eradient-descent-and least-squares-estimate<.

Online eradient-descent-only

PSSO Particle Swarm Optimizer

GAS Genetic-Algonithm

ABC+ \Artificial Bee Coloty+

LSE* Least-Squares Estimate+

RMSE- Root-Mean -Square Error

MBGD» Minibatch-Gradient Descents

BN Batch Normalization'
Uniform Regularization’

LU+ Layer Normalization’

RelLl Rectified Linear Unit*

MEL Membership Function typess

FI&: Fuzzy Inference-System

10-CV 10-fold cross-validation:

Acce Accuracy

/a Not-applicable

fuzzy -systems-is-Siumpful [27]. which supports-the natural-
language definition of fuzzy vanables, fuzzy sets, and fuzzy-
rules,- as- well- as- any- order- TSK - reasoning- method. - A-
common limitation-1s that-most-of the-above software -aims-
to-create-a general framework, -which-tends to-require-the-
creation of-a-fuzzy-system-by-hand. - The - manual- creation-
would- become- impractical- - working- with- even- a-
moderate-sized-data set. - Such-limitation ‘may -also-be-more-
obvious-in need- of an- automated- optimization- of system-
parameters,-which- can-be-dealt-with -through- Matlab. -but-

Premise Parameters Forward

(Fixed)
I

Input(X)——*

Premise Parameters

Train/Epochs (Gradient Descent)

Fig_ -2 The hybrid leamning process implemented-in-ANFIS- models

Backward Consequent Paramctcrs‘ Backward ‘

]nputl.\, V)

Consequent Parameters
(LSE)

i RMSE Loss
|

Forward

(Fixed)

maintained. Recently, -an-open source software for general®
Table-1-The-terminclogy-list-of-abbreviations-used in the papers
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Focusing-on-the ANFIS -framework -[1].-which-has-been-
a-very prevalent TSK-type fuzzy system since-its inception-
for-a-vanety-of-domain problems [28], our Sgikif-ANFIS 1s-
the first-open-source Python tool to-combine the-creation-of*
a- general-purpose - TSK-fuzzy- system- embedded- with- the-
ANFIS-optimization method. <!

3 2 Brief History of ANFIS-Software Development«

Since-Jang-proposed-ANFIS_-we make-a-summary- of - the-
recent major-development-of ANFIS -software-as-shown-in-
Table-2.- Matlab-ANFIS -1s-one- of - the- most- popular- tools-
used-to-implement-the ANFIS-model-[10], - which-can-not-
only-create the ANFIS -model-directly-to-train-and-test-the-
data -set-but-also-utilize ANFIS-as-an-optimization-method-
to- train- the- existing- fuzzy- system - However,- Matlah 1s-
commercial- software- that- 1s- not- open- to- the- public.-
Furthermore, an-extra mnstallation-of the Matlab Engine API-
for Python 1s required to-access Matlab from Python <

The  ANFIS-C- [1]-and- ANFIS-Vignette- [21]- software-
written- in- C- and- R respectively,- are- outdated- and- not-
regularly- updated - Currently, - ANFIS- software- such- as-
ANFIS-PyTorch [11], ANFIS-Numpy [12], and ANFISPSO-
[13]- are- mostly- developed- - Python-3-[29].- Out- of- the-
above- three- Python-based- software,- none- supports- the-
scikit-learn- interface, and- only- a- limited- number- of
membership- function- types- are- supported- (5.- 3,- and- 3_-
respectively).- ANFIS-PyTorch- 1s- the- only- software- that-
supports-both -hybrid-and-online learming-algorithms, -while-
ANFEISNumpy; only -supports-hybnd-learning_-and-ANFIS-
PSO-supports-the particle swarm-optinizer (PS0).-On-the-
other- hand.- our- Sgikit-ANFIS- supports- 12- different-
membership- function- types,- the- same- as- Matlab-ANFIS -
Additionally, - Soilit-ANFIS- fully- supports- two- learming:-
algonthms- (Hybrid/Online)- for- ANFIS- traming - and- also-
supports- the- scikit-learn - interface, - which- is- more- user-

2043
Deep-neuro-fuzzy - systems- (DNFS), -which- present- one- of*
the-most-advanced -developments-as-a-combination-of deep-
learning-and-fuzzy-systems, have become-a-focus-in-fuzzy-
logic research-[31].-This-1s-because fuzzy-systems -can not-
only-deal with the widespread inaccuracy-and uncertainty in-
the-real world ‘but-also-potentially-enrich-the representation-
of deep models. At the same-time -ANFIS -can be-seen-as-a-
simplified representation-of DINFS-[17],-which 1tself 1s-1n-
principle- a- fuzzy- system- whose- membership- function-
parameters- can- be-tuned-by- a- five-laver- adaptive- neural-
network [1].¢

We- further- compare- our- §gikif-ANFIS - implementation-
with -other- deep- neural-fuzzy- methods- for-regression-and-
classification- in- Table- 3.- There- are- several- methods-
available- for- solving- classification- tasks, - including - the-
NeuvroFuzzy[32] method based onC language, DNFC [33]
based- on- Matlab.- and- TSK-MBGD-UR-BN- [35] and-
ByTSK [18] based-on Python 3. Forregression tasks, there-
are also various methods available, such as FCM-EDpA [36]-
developed based onMatlah. MBGD-RDA [34],-and HTSK-
LN-Bel 1l [37] developed- based- on- Python- 3.- However,-
only- our- Scikii-ANFIS- 1s- capable- of solving- both-
classification- and- regression- tasks. - It's- worth- noting - that-
Pvthon- 3-has-become-a- popular- choice- among- the- fuzzy-
logic research community, -likely-due-to-1ts-widespread-use-
in- developing- artificial- neural- networks.- Although- the-
methods mentioned-above offer practical solutions for-their-
specific- tasks- and- implement- different- optimization-
techmqueslike gradient descent, mimibatch gradient descent-
[38]. Adam- [39].- AdaBound- [40].- Powerball- [41].- and-
AdaBelief [42]. thev-do-not-utilize the ANFIS -architecture-
or-its traiming -methods. -By-contrast, -our Sgikt-ANFIS has-
the - ability- to- not- only- adopt- the- ANFIS"s- five-layered-
architecture -but also-adapt to the upcoming requirements-of-
DNFS- research- for network- interpretability- and- high-
performance- vnth the-assistance of PyTorch-and- m-

friendly and has more powerful application-capabilities < frameworks ¢ s W m [ e LA I

3 3 Review on Deep Neuro-fuzzy Systems Framework+

Table2-Overview-of the software for Name: Language Library MEt- Learning strategv Skleapn~ Release

ANFIS Table-3-The difference-

between §eikit- ANFIS and-other- | ANFIS-C[1]- C N/AS 4¢7 Hybrid/Online: No- 1093

deepneural fuzzy methods for two-

common-tasks: regression-and- ANFIS-Vignette[21]¢ Re N/ A 4 Hybrid/Online: Mo 2012

classification®” Matlab-ANFIS[10]¢°  Matlabe®  DN/As 12¢7  Hybrid/Online No- 2023¢
ANFIS ByTorch[11] Python3< PyTorch $< HybridOnline®  Nos 2019
ANFIS Numpy[12]©  Python3<  Numpy[30} 3¢ Hybrid No- 2020
ANFIS-PSO[13]: Python3< Numpy: 3¢ PSO: No- 2021
Scikit- ANFIS Python3< PyTorchNumpy< 12¢ HybridOnline®  Yes 2023

Name: Language MEt~ Layvers¢ Optimization method: Tasks- Skleamn™ [Release:
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Table 3 The difference between Scikit-ANFIS and other deep newral fuzzy methods for two common tasks: regression and classification

Name Language MR Layers  Optimization method Tasks Skleam  Release
Neuro-Fuzzy[32] C | 4 Giradient Descent Classification Nao 1993
DMNF(T33] Matlah | Giradient Descent lassification Nao 2020
MBGD-RDA[3] Fython 3 1 5 MEGD+ AdaBound R gression No 020
TSE-MBGD-UR-BM[35] Python 3 1 6 MBGD+ AdaBound - BRN+1TR assification Mo 2020
RCM-RDpA[36] Matlah | 5 MBGD+FPowerball+ AdsBelief  Regession Nao 021
HTSK-LN-ReLUT3T] Pytwon 3 1 7 MBGD+Adam-+LT+RelU R gre ssion Yes 2022
PyTSK] 1§] Fython 3 2 6 MBEGD+ Adam Classification Yes ) )
Seikit- ANFIS Python 3 12 5 ANFS Regresdon+Classification Yes 023
Training
Manual Automatic
Gieneration Method
C O (e |
. Train ! - — .
_ Data Splitter Dameet | Fuzzy System T Optimizer

b A - | :

(oot — Dotn Loader ! [Traiming |

LI iRach i ;Cumpl:::dil

' ' ‘ ™ | - i

. I S I

: - 1, Cptimdzed | 1
— —_—
Test _rbl"uz;nar System | Cuatput Evaluation

Fig. 3 Overview of Scikit ANFIS architeciure

4 Scikit- ANFIS
4.1 Architecture Overview

The diagram in Fig. 3 illustrates the overall structure of our
Scikit-ANFIS. Scikit-ANFIS employs the data loader
mrdule to read data from the dataset, which is then divided
inte train, and test datasets by the data spliter maodule.
These datasets are sent 1o the generated fuzzy svstem for
training. Alternatively, the initialized fazzy svsiem can
directly read the train, and test data from the daaset by the
data loader module and tmin itself accordingly. To create a
fuzey svstem for predictive tasks, Scikit-ANFIS provides

! The oode for Scikit-ANFIS, the sssociated cases, and fhe user guide
will be publicly available at hitpsyfgithub.comhudseomdzfseikit
anfis. Scikit-ANFIS can be installed by using the following command:
pip install skanfis.

@ Sln'ingz:r
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two options: the manual generation module can be utilized
to define and generate a fuzzy svstem, or the antomatic
method modiule can antomatically generate an ANFIS
fuzey svstem by default without definition. For training,
Scikit- ANFIS uses the ANFIS optimizer module to train
the initialized fuzzy svstem. Once training is completed,
the optimized fuzzy svstem is selected and tested with data.
The evaluation module then examines the test outputs Lo
formulate a report.

Scikit-ANFIS' is also implemented in the Python 3
language, which mainly includes two dependencies such as
PyTorch [19] and Numpy [30]. Our Scikit-ANFIS currently
supports the following primary functions: (i) The twelve
twpes of membership functions such as Ganssian, bell,
trigngular, and others. (i) Fuzzy sets written in natural
language, and complex fuzzy rules with logical operators
AND, OR. and NOT. (i) Two training strategies of
ANFIS, namely hybrid and online. (iv) Automatic
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Grenern] Fuzey System ANFIS Fuzzy System
) 4
- Knowledge Base
< Matural Fuzzry Rules
- Language Fuzzy Fuzzy Fuzzy
Input ————* Variahle Sels Rules ™
\]?fmia-dr" - Premise ANFIS Model
- " Parameters {Frve Layers)
Interfaces
get_antecedent()  get consequent()  get_rules()
. Consequent
sel_antecedent()  set_consequent{) inference() Paramelers
Fig. 4 The illustration of the manual generation metwod for e general fuzzy sysem
generation and training of the ANFIS fuzzy system. (v) A
unit'qu-m structire m.u:h a8 ﬂieﬁr{}. a;ld predict(} functions o ANFIS Fuszy System
provide the same interface as scikit-learn.
A~ Automatic [ Knowledge Base
4.2 Implementation Details [ | Extraction
Inpust ——— Tnpuzt Crutput
Dataset | Wariable Wartable ANTIS Maodel
4.2.0 Manual Genenation of a General Fuzzy System — {Five Layers)
Membership | Fuzey
Considering that Simpful [27] is already open source and Functions [ Rales

peneral -purpose fuzzy  system software developed  in
Python, our implementation  alse makes we of some
existing components as defined by Simpful for efficient
development. As depicted in Fig. 4. the difference between
the manual generation method for general fuezy system
and Simpful is mainly that the former can interact with the
ANFIS optimizer in Scikit-ANFIS, which can not only
realize the ANFIS training of the fuzzy system but also
return the trained results to the fuzey svstem o generate
new output. However, the latter can only generate an out-
put after passing the received input data through the fuzazy
knowledee base without any maodel training opemtion.
Similarly to Simpful. afier receiving the natural lan-
guage information, our manual generation method auto-
matically parses the fuzzy variables, fuzey sets. and fuzazy
rules, creating Scikit-ANFIS™s fuzzy svstem object. The
fuzzy rule uses Takagi and Sugeno’s fuzzy if-then rule [1],
and its natural langnage description supports the commaonly
used fuzzy operators like AND, OR, and NOT, as detailed
in [27]. When the input dataset is fed into the fuzzy svstem
object created by the manual generation method. it can
conduct fuzzy reasoning through an interface namely -
Jerence(), and provide output results. Additionally, the
object can communicate with the ANFIS model in Scikit-
ANFIS  through  five  interfaces:
get_consequent| ), gei_rudes(),  sei_antecedent( ),

get_antecedent ().
and

21

Fig. § The illustration of the sutomatic method for ANFIS furzy
SYSEm

set_gonsequent( ). By providing the first three interfaces,
Scikit-ANFIS can send the antecedent pammeters, fuzazy
rules, and consequent parameters of the fuzzy svstem
object o the ANFIS model for training. After the training
is finished, the last two interfaces accurately retum the
well-trained ANFIS model’s parameters to the fuzzy sys-
tem object, enabling it to perform precise fuzzy inference.

422 Automated Method to Inittalize an ANFIS Fuzzy
System

To facilitate users o create the ANFIS model, our Scikit-
ANFIS designs and implements an antomatic method for
ANFIS fuzzy system, which shares the same scilit_anfis()
class with the ANFIS optimizer module. Figure 5 illus-
trates the functional diagmm of the method, which can
automatically generate an ANFIS fuzzv system object
including a knowledge base and ANFIS model for the input
dataset. The input data set is used to automatically extract a
knowledee base consisting of input variables, output van-
ables, membership functions, and fuzzy rules. This leads to

@ Springer
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the generation of an ANFIS model that adheres to the strict
requirements of the type-3 fuzzy inference system as pro-
posed by the original paper [1]. The rule base follows fuzzy
if-then rules and can be effortlessly mapped o an equiva-
lent ANFIS architecture [1]. The resulting ANFIS maxdel
comprises a five-laver neural network structure, as illus-
trated in Fig 1. and provides a robust fuzzy inference
SVsLEm.

4.23 ANFIS as an Optimizer

ANFIS optimizer as an optimization module also utilizes
the seikit_anfis() class o help the initialized fuzzy system
to be trained more efficiently. The ANFIS optimizer takes
the training set as input and uses forward propagation and
cost function to caleulate the ttal loss of the ANFIS neural
network generated. The forward() method is wsed for for-
wand propagation, built on the PyTorch framework. The
defanlt traiming algorithm wsed is hybrid learning, with
onling leaming available as an alternative. Then, it updates
all the antecedent and comsequent pararmeters in the model
through the backpropagation process. This entire process is
the training process for the five-layer ANFIS model, and
the mumber of tmes the model is tmined 15 related o the
‘epoch” hyperparameter. The optimizer used o update the
parameter through backpropagation is usually related 1o the
‘optimizer”  hyperparameter of the model. Owr Scikit-
ANFIS has implemented various optimizers based on
gradient descent, including Adam [39], SGD [43], Rprop
[44]. L-BFGS [45]. Adadelta [46]. and Adagrad [47]. with
Adam being the default

Onee the training of the ANFIS model is completed, all
parameters of the current model with minimum loss can be
saved to the local model file “tmp.pld”. This saved maodel
file can be later used to continue training or testing, which
can be wvery useful. To ensure that a manually created
general fuzzy system and a trained ANFIS model ame
consistent with each other, it 18 possible to transfer the
premise and consequent parameters from the ANFIS model
tov the fuzzy svstem. This can be done by using two inter-
faces such a8 sef_gntecedent() and set_gonsequent(),
which are explicitly called as shown in Fig. 4. Moreover,
the optimized fuzzy svstem can give fuzey inference resulis
based on the test data,

4.24 Scikit-ANFIS
The implementation of ow Scikit-ANFIS is detailed in

Alporithm 1. The input, training. and test datasets ame
denoted a8 (L ¥ (Ko, Yewin)e  20d ([ Xeg, Yo )
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respectively, as illustrated in Fig. 3. The main procedure
of Scikit-ANFIS encapsulated between lines | and 15,
comprises three key elements. Firstly, in line 1. a general
furzy system object & is manually created. Following
that, lines 2 and 3 specify fuzey sets. inpat variables,
fuzzy rules, and output variables for & In line 4, we
check whether f5 is empty. If it is not, we use the
antecedent and conseguent parameters along with rules
from f& to represent a S-laver ANFIS model called
anfis_lavers m lne 5 At the same bme we create a
scikit _emfis object based on anfis_layers in line 6. also
specifving the maximum number of epochs for training
(max_gpaoch), the training stratepy (hybrid), and the task
tvpe (label), and the optimizer. By default. moax_epoch is
set w 10, hybrid is set o Troe, indicating the use of the
hybrid training strategy. fabel is set to *r™, indicating
that the madel is intended for regression tasks, and op-
timizer 15 sel o the gradient descent method namely
“Adam”™. Secondly. if fr is empty. we automatically
create an ANFIS fuzzy svstem from lines 7 to 10, Line 8
is the 5-laver ANHS model anfis_layvers derived from
the inmput dataset (X, ¥). and line 9 generates a
scikit _anfis object and specifies its associated parameters,
such as max_epoch, hybrid, label, and optimizer. Thirdly,
the most crucial step involves the implementation of the
ANFIS optimdzer from lines 11 w0 15, At each epoch in
the loop, we feed the training dataset (X, Voas) into
the scikit_anfis object o complete the forward pass from
laver 1 to laver 5 in its ANFIS model. During this
process, we update the consequent parameters and obtain
the final output ¥. We then compute the RMSE loss
between the predicted ¥ and the training target ¥y,
followed by updating the premise parameters of the
ANFIS model in its backward process.

When the ANFIS optimizer has completed training the
model, confidently use f& for fuzey nference of test data
from lines 16 to 20. Return the premise and conseguent
parameters o & using  the :-er_u.rn'ﬂ'efknrl:_:l and
set_gonsequent() intefaces. Then, directly call the infer-
encel() function of f5 to complete the fuzey svstem rea-
soning. Alternativelv, we can opt for the more convenient
scikit _emfis object in line 21 for fuzzy inference. This
method wses the test input data X, t0 penerate the pre-
dicted output ¥y through fuzzy masoning of the ANFIS
muslel. This option has been wsed in subsequent cases in
this paper. It is important to note that during testing, there
is o need to provide the test target value ¥, to the trained
scikit _emfis object since all of its parameters are already
fixed. Finally, in the last ling, we compare and evaluate the
fuzzy inference result Yo, with the test target value ¥..
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calling the fir() and predict() functions in line £ and 5.
respectively.

Listing 2 The code demo of the Sklearn interlace [or
generating and optimizing o TSK fuzzy system wsing
Scikit-ANFIS.

from akanlfis

impart =

model = scikit_anfis()} # Create aep ANFIS model
medel  fit(train_data) ¥ Model traiming
y_pred = medal . preadict (X _test) £ Medal

SR TRt

taating

5 Experimentation
5.1 Experimental Setup

For a far companson and consistency with previous
ANFIS implementations (Matlab-ANFIS [10]. ANFIS-
PyTorch [11], and ANFIS-Numpy [I12]). this section
reports results and discoussions as a result of experimenta-
tion over both regression and classification tasks. Thus, the
first regression dataset 15 the restaurant tipping problem
[48] taken from the Matlab file repository. The next two
regression datasets are from Jang's lhiterature [1], using
ANFIS w0 model a nonlinear sinc equation and predict
future values of a chaotic time series, respectively. Finally,
we use the ANFIS model to train and test the popular iris
benchmark dataset [49], which is essentially to a three-
class classification problem. The details regarding task
typee, Features (i.e. inputs), and the number of samples in all
four datasets are presented in the following Table 4. Tt
should be noted that we do not pre-prcess data or conduct
any hyperparameter tuning for a fair and straaghifoward

5.2 Case Stdies

In this section, we report reports on four studies including
three regression problems and one classification problem,
with major Python code to demonstrate how Scikit-ANFIS
can be applied in practice.

520 Restawrant Tipping Problem
The restanrant tip problem is to calculate a fair tip ratio of

the total Bl acconding to the service and food quality of a
restaurant. Listing 3 shows an example of Scikit-ANFIS
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oode o manually define a general TSK fuzzy inference
svstern through natural language, and then train and test the
fuzzy inference system (FIS) with a Scikit-ANFIS object.
based on the Matlab data file “data_Tip_441 mat” with two
inputs and one outpat for a total of 441 samples.

Listing 3 A THK FIS example for restaurant tipping
problem, mplemented in Scikit- ANFIE

1 frem skanfia.fa import &

from skaesfis impert *

from Scipy.io impart loadmat

¢ frem sklearn.medal _aslactien lmpert
Erale_tesi_split

fron sklearn. metrica impert neao_squared_error

W

& - &

# Load Tip data
tip_datan = loadnat(“data _Tip_+41 mat ') [VTip_data

o & Split the data using the test_size argument im
lrlininl[ﬁﬂxz and teat (S00) sat
1w traim_data, test_data = t:iin_ctst_lplitt
tip_data, test_zize=0.H, random_state=431)
¥ test = test_datal:,-1]
: X_test = test_datal:,:=1]

14 &% Craate a TIK fuzzy systes esbject by defaunlt
iz = F5()

# Defime fuzzy sets aed limguistic varilables
.1 = TriangleFuzzyiet{a=0, b=0, o=, term="poor

oA B e

1w 5. v TriamgleFuzzySet{a=d, b=k,
goed")

w2 8.3 & TriasgleFuzsySet{ass, b=10, ec=ld, taFss"
gxcellent”)

21 f=. oadd linguiztic variable("Jervice
LimgeuisticVariablae([8_1, 8_2, 8_31))

1 F_1 = TriamgleFuzzySet{a=0, b=0, =10, fterm="

FaRcid")

c=l0, term="

3 F_2 = TriamgleFuzzySet{a=0, b=10, c=1d, term="
delicisus®}

¢ f=2,add_ linguistic variablef"Fead"”,
LinguisticVariable([F_1, F_2]3}

o ¥ Dafipe crisp setputs far szall ard average Lip

a7 fe.get_crispooutput_value{“small®, %)

% fx.zet _crizp_output_value{"average”, 13}

" & Defime fumctiem for gemerous tip (Zefood sScore
+ Yvservice scors <+ &Y}

v f2. et _cutput functien{"generaua®, "JeFeod=3s
Sgrvice+5")

1: ¥ Dafica fuzzy rulas

13 Bl = *IF {Service I5 poor) QR {Feod 15 rancid)
THEN (Tip IS smalll)"

14 B2 = "IF {Sarvica IS ;nni] THER (Tip IZ iuu:lll}

irf B3 = "JIF {(Barvica T3 axcalleant)] OR (Fead IS
delicieus) THEN (Tip 12 gererous)”

v fz.add_rules([B1, BRI, K3])

In line 8 of Listing 3, the data “tip_data’ is loaded
from the Matlab file using the loadmar() command in the
scipv.io  package.  Then in line 10, using the
train_test_split() command from the skleam package, the
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Subsequently. Fig. 6 shows a comparison of output
accuracy scores produced by wvarious software methods
such as PWTSK [18], HTSK-LN-ReLU [37]. ANFIS-
Numpy [12]. ANFIS-PyTorch [11], Matlab-ANFIS [10],
and our Scikit- ANFIS with different epoch sizes under the
same Iris dataset in Table 4. For a fair comparison, all the
methods generate fuzey svstems two membership functions
for each of the four input variables, resulting in 16 fuzzy
rules. The Iris dataset is then divided into a fixed 80:20
proportion for training and testing purposes (refer o List-
ing 6: lings 7-9). Itis important to note that the training set
and test set remain the same across all the methods. In
addition, in order to explain the influence of the member-
ship function of input variables on a fuzzey svstem. the text
in parentheses afier each sofiware name indicates which
membership function is used to construct the fuzey system.
For example, the "PyTSKi{guassMF) entry and “Matlab-
ANFIS(hellMF)" one in the figure indicate that the PyTSK
software uses the Ganssian membership function, and the
Matlah-ANFIS software uses the bell membership func-
tion, respectively. PYTSK and HTSK-LN-ReLU used their
own gradient descent methods to train the dataset, while
other ANFIS methods uwsed a hybrid approach. The
experiments were mepeated 10 times per group for
ACCUrACY.

As shown in Fig. 6, the accuracy score in the PyTSK
increases linearly when the number of epochs increases
from one to two hundred, ranging from 0533 w 0.9
Although the accuracy score of HTSKE-LN-ReLll still
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maintaing the overall linear increase from 0333 w 0.967,
the accumcy score increases and decreases with different
epochs, which has a slight fluctuation. With the increasing
number of epochs, the accuracy scores of the ANFIS-
Mumpy and ANFIS-PyTorch fluctuate between 00333 and
1.0 and between 0.167 and 10, respectively. In addition,
Matlab- ANFIS(bellMF) exhibits a small change from 0.8
to 1.0, and the accuracy of Matlab-ANFIS(ganssMF)
decreases linearly from 00933 o 0.8 as the number of
epochs increases. In contrast, the accuracy score of our
Scikit-ANFIS increases strictly lineady as the number of
epichs grows larger, with minimal variation, where Scikit-
ANFIS(belIMF)'s score increases from 0.867 to 0967 and
Scikit-ANFIS(ganssMF)'s from 0.9 w0 0967, The relativel v
stable accuracy score in our Scikit-ANFIS is particularly
beneficial in real scenarios where the ANFIS maodel is
applied. This makes our Scikit-ANFIS more efficient and
adaptable o handle different ANFIS training configurm-
tions of fuzey inference svstems.

5.3 Using Skearn-supported Cross-validation
for Scikit-ANFIS

To further demonstrate the effectiveness of our Scikit-
ANFIS software tool, we completed the 10-fold cross-
validation (*10-CV" for short) experimental comparison of
varions  software for the above four datasets using
cross_val_score() command in  Scikit-learn. “10CV"
refers to dividing the data into 10 equal folds of smaller
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:::ﬂi] :;Toﬁ&l ;fc {rﬁf-f;id Methods Regression{RMSE]) Classificaion{Acct)

shomnt) experiments of various Tip Sinc M Iris

software for ANFIS or DNFS

under four different datasets at Matlab-ANFIS (hybrid) [ 10] feT+3e 8 012720006 000255 (LETS0018

the same seting of 100 epochs ANAS-PyTorchhybadi[11]  3eble-6 02360082 00300004 003320067

mf:m“"” membership ANFIS-Numpy[ 12] DITI=0510  02BIE0326 (1940200 086020156
Scikit-ANFIS (ybrid) lef= leT  OI9=0.068 00410007 095250054
PyTSE[1E] na na na 030100098
HTSE-LN-ReLU[37] 084520451 0859200643 LIODH0065 0346200105
Matlab-ANFIS{online)] 10] 042620013 OII9£0015 0030000 09680019
ANFASPyTorchionling)[11]  2043%1.516 014120075 040320006 049320326
Scikit-ANFIS {online) 038200087 DA0I=0.069 DO0440005 09600044

Each value in fe experiment is in the form of de mean soore £ standard deviation. Exocept for the Iris data
setin the lag column of the following table, which is the accuracy (Aoc) score computed at each “10-CV"
iteration, the data sets in the other three columns such as Tip, Sinc, and PCD are computed for the noot
mean squared error (RMSE) scome. | indicates that the smaller the value is, the better dwe perfomance,
while T indicates that the larger the value is, the better the performance. “nfa’ indicates “not applicable’

sets, then training the model using 9 of the folds as training
data, and testing the resulting model on the remaining |
fold of the data for computing a performance measure such
a5 root mean sguared error and accuracy. The four datasets
in the “10-CV" experiment are from Table £, which can be
divided into three regression sets (Tip, Sinc, PCD) and one
classification set (Iris) according to task tvpe. In the
experiment, the processing details of regression and clas-
sification data sets are different. The main difference lies in
the setting of ‘scoring” parameters for defining model
evaluation rules in the cross_val_score( ) command. As for
regression, ‘neg_mean_squared_error” has been specified
a5 the “scoring” parameter shown in line 4 of Listing 7,
while for classification, the ‘scoring’ parameter is set to
‘accuracy” shown in line 4 of Listing 8. In addition, line 4
of Listing 7 or § aims to conduct *10-CV" experiments on
the data set composed of input data “X" and output data *v",
in which ‘model” parameter in cross_val_score( ) com-
mand can refer o our Sckit-ANFIS and any ANFIS or
DNFS maosdel to be trained and tested. In line 5 of Listing 7
and 8, the mean and standard deviation of the model’s
evaluation scores in ten folds are calculated and printed in
the console.

Listing T The code demo of our 10-fold cross-validation
experiment for regression dataset.

frem aklearn.medel _selection impart
crosa_val_score

5 # Evaluate a scere of the medel

i sceres = crass.val_score(model X,y.cv=10,scering
='mEg_FooT_BeaE_Sguared eFFSE’)

¢ oprint("Hean:; KO.3f, Ftandard Deviation:
scoras . zeanl(), scoras.std())})

WL AL
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Listing 8 The code demo of our 10-fold cross-validation
experimant for classification dataset

1 from aklears.wedal_selactiss lepert
crass_val_score

3 # Evaluate a scers of the zodel

4 sceres = cresa_val_acerel(modal X,y cv=10, acering
=lgocuracy ')

. prist("Mean: X0 37,
scores. zeani),

30,38 EQ

Ztandard Daviatien:
scores.std{)})

Table 5 summarizes the mean and standard deviation of
evaluated scores in each of “10RCV' expenments with
various software for ANFIS or DNFS such as Matlab-
ANFIS [10], ANFIS-PyvTorch [11]. ANFIS-Numpy [12],
PvTSK [18], HTSKE-LN-RelU [37], and Scikit-ANFIS in
four datasets from Table £, To ensure uniformity in the
software builds of fuzey sets and fuzzey mles for the same
data set, we have mandated that every experiment must
have an epoch of 100 and an initial step of 0.01, with two
Gaussian membership functions designated for each input
variable. As illustrated in Listing 3. our experiment com-
prises two input variables and three fuzzy rules for the Tip.
Similarly, as per Listing 4, we have enforced two input
variables and 16 fuzzy rules for the Sinc. For the PCD and
Iris, we have assigned four input variables and 16 fuzzy
rules, as elaborated in Listings 5 and 6. Each experiment
was repeated 10 times, and the average was the final result.

In Matlab-ANFIS, we can complete the *10-CV" experi-
ment by calling the ¢ rossval ind() with the Kfold method and
anfis() commands in Matlab [10]. In addition, ANFIS-
PyTorch can be called by the cross_val_score () command
through the Numpy wrapper. In contrast. the other four
software can be called directly, becanse all five are based on
the Python 3 programming language, and have natural
interopembility with the sklearn package. The experimental
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results under the two training strategies of the three ANFIS-
based software Matlab-ANFIS, ANFIS-PyTorch.and Scikit-
ANMFIS are distinguished by adding “hybrid" or “online” in
parentheses, as shown in Table 5. However, themr is only a
hybrid training method for ANFIS-Nompy, and PyvTSE and
HTSK-LN-RelLU can be classified as online training meth-
ol becanse they are based on gradient descent 1o realize the
backpropagation update of all parameters in the network.
Since PyTSK only applies w classification problems, its
experimental results in three regression data sets are denoted
a5 ‘nfa’. We have also highlighted the best performance
values in bold for both the first four methods under hybrid
training stmtegy and the remaining five methods under
online strategy, for each data set.

The findings in Table 5 reveal that the evaluation per-
formance (0. 109+0.068 and 095240.054) of our Scikit-
ANTFIS exceeds all other three software in Sinc and Ins data
sets under the ‘hybeid” training method, while only the
RMSE performance (Be-743e-8 and 00024 5¢-5) Matlab-
ANFIS exceeds ours in Tip and PCD data sets and ours still
excesds ANFIS-PyTorch and ANFIS-Numpy. On average,
our developed Scikit-ANFIS demonstrates performance
approximation o commercial software Matlab- ANFIS
compared to ANFIS-PyTorch and ANFIS-Nompy. In addi-
tion, under the “online” training method, the RMSE perfor-
mance (038240187, 0.101+£0069, and 0.04440.005) of
our Scikit-ANFIS cutperforms the other three software such
a5 HTSK-LN-ReLU, Matlab-ANFIS, and ANFIS-PyTorch
in three data sets such as Tip, Sinc, and PCD, while the
accuracy score 0.96810.019 of Matlab- ANFIS only slightly
outperforms 0.96040.044 of ours in Iris data set. and ours
consistently outperforms the other three software such as
PWTSKE, HTSK-LN-ReLU, and ANFIS-PyTorch. These
results also highlight the faster converzence of our Scikit-
ANFIS compared to PyTSKE, HTSK-LN-ReLl, Matlab-
ANFIS, and ANFIS-PyTorch in updating all the antecedent
and consequent parameters of fuzzy svstems based on the
gradient descent method.

54 Discussions and Limitations

Figure 6 and Table 5 vield that Matlab-ANFIS is stll the
relatively best-performing software among many existing
ANFIS-based or DNF5S-based software for both regression
and classification tasks. However, when faced with a main-
stream Python-based machine learning library such as scikit-
learn, Matlab-ANFIS 15 nol convenient o use as ¢ losed-soume
commercial software. In contrast, our Scikit- ANFIS software
is open source and better suited for the Pyvihon platform,
outpeforming state-of-the-art ANFIS-hased or DNFS -based
Python softwan: in terms of performance, and is the closast o
Matlab- ANFIS. This superiority can be attributed 1o several
kew factors, First and foremost, our software benefits from the
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step size (e, learning rate) update method implemented
following two heuristic rules [1], which plays an important
role in guiding the ANFIS model 1o accelerate the conver-
penee spead of pradient descent when backpropa gating, At the
hackward stage of Scikit-ANFIS, we apply the adaptive gra-
dient descent method (Adam by defanlt) instead of strict
smdient descent to identify the pammeters in the ANFIS
network. This enables us to oblain an unscaled direct esti-
mation of the paameter™s updates, which is well-suited for
problems that are large in terms of data or parameters. In
addition, although PyTSE and HTSE-LN-ReLU also adop
stochastic grdient descent methods such as Adam, they ane
different from the ANFIS model in that they completely rely
on input—output data pairs o generate corresponding network
structure and membership parameters. However, our Scikit-
ANFIS relies not only on input and outpuat data, bt also on
human knewledes to construct fuzey if-then rules, so the
resulting fuzzy svstem is more consistent with the real data
distribution and achieves remarkable results.

Another kev contribution of our software is the support
of the ANFIS model as an optimization method o directly
train existing TSK fuzzy inference svstems, allowing users
o apply the software more easily. Although Matlab- ANFIS
can accomplish the same function, it can only be used for
fuzey svstems created wsing the Matlab language and is not
easily compatible with the Pyvthon platform.

One of the most significant advantages of our proposad
syntax is its high level of consistency with that of scikit-
learn: both adopt a universal formmat that first creates a
midel, which can then be fed data through (). before
outputting a result through predice(). Tt is also worth noting
again that fin) and predict() functions of our Scikit-ANFIS
inherit the same intedace provided by scikit-learn, thus
facilitating the proposed model o be wsed efficiently with
other available machine learning al gorithms. This is also
reinforced by the fact that output generated by predict() can
be directly used to calculate metrics such as RMSE and
accuracy (see code example Listing 6: lines 14-15).

Although owr Scikit-ANFIS helps users 1w efficienty
combine the ANFIS model with other machine learning
algorithms in scikit-learn, it has some hmitations. Scikit-
ANFIS relieson adapti ve gradient descent methods to update
antecedent and consequent parameters of a fuzzy svsizm,
making it hard to initialize the optimal hyperparameters for
the above gradient descent method. Since there is no way o
know in advance the optimal value for the hyperpammeter,
this lLimitation can be addressed by using the Grid-
SearchCV() function  in scikit-learn’s  model_selection
package to try all possible values to find the optimal one.

During the training process of ANFIS, the optimi zation
methods used play an essential mle in obtaining effective
results [28]. The commonly used methods are Gradient
Descent and Least Squares Estimate, but  heuristic



D Fhang, T. Chen: Scildr-ANFIS: A Seildr-Learn Comparible Pyrhon T pleme nganion

2055

algorithms such as PSO [50] and GA [51] can also be
utilized to train the premise and consequence parameters of
ANFIS. To funther enhance the training method of Scikit-
ANFIS, we aim to integrate PSO and GA in a hybrid
training method along with Gradient Descent or LSE. This
will improve the training process [28] and oltimately lead
to better overall performance of our Scikit-ANFIS.

Another limitation of existing Scikit-ANFS is that the
fuzzy svstem does not directly address variables with
missing values, which is also a limitation for some machine
learning algorithm as implemented by scikitdean - a
common workaround is to use impatation techmigues (e.g..
advanced fuzzy interpolation techniques [52] inthe context
of a fuzzy svstem) to fill missing values with artificially
generated values before training andfor prediction.

One more limitation worth discussion is that Scikit-
ANFIS can still suffer from the curse of dimensionality
problem, particularly those initialized by the grid partition
method. This is becanse both the number of fuzey rules and
the training time grow exponentially with the number of
fuzzy sets for each input variable, which limits the number
of input variables and membership functions, resulting in
reduced prediction accuracy due to the absence of impor-
tant chamcteristic variables [53]. Although the original
ANFIS paper [1] does not discuss this imitation possibly
due to when data collected by then was relativel v small, it"s
naturally desirable for a model to work with data of high
dimensionality to meet the growing trend. While this paper
reports only the implementation of original ANFIS, part of
future work will concentrate on advanced dimensionality
reduction technigues, such as those based on granule
computing and rough-set [54-58] for developing nowvel
computational intelligence models and applications in the
era of hig data.

6 Conclusion

It is common among the research community o apply
ANFIS based on the Matlab platform to a variety of
regression, classification, process controls, and pattern
recognition applications, which makes it difficult for users
o combine it with the common scikit-learn library in the
Python platform. Hence, in this work, we implement Sci-
kit-ANFIS, a user-friendly, and scikit-learn-compatible
Python software using ANFIS architecture specifically
designed for truining the TSK fuzzy svstems. Scikit-ANFIS
takes a universal format to create a maddel and train the
model through 1)) and test it through predic). Our Scikit-
ANFIS implementations demonstrate performance gains on
four standard data sets compared to existing Pyvthon pro-
grams that have implemented the ANFIS or DNFS method.
Furthemmore, our Sciki-ANFIS allows for tmining an
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existing TSK fuzzv svstem directly and automatically
generating an ANFIS fuzzy svstem based on stipulated
input—output data pairs.

For future research, we will explore how the Scikit-
ANFIS software can be used with deep neuro-fuzzy svs-
tems to further strengthen the performance for solving
regression and classification problems. Additionally, we
will apply it to more complex problem domains such as
health and care domain where both model performance and
interpretability are uwsually among the top concerns in
medical practice [59].
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ABSTRACT

Accurate potyp segmeniation is corudial or compuier-aided dlagnosis znd early delection of colorecial cancer. Whereas feature
pyramid nefwark (FPR) and 1is varianis are widely wsed in polyp segmentziion, inherent Bmilztions existing in FPN Inchude: (1)
repealed upsampling degrades ne detzls, reducing small polyp segmentalion accuracy and (2) natve feature fusion (e.g..
SUMMALCN) Inadequalely caplures glohal comiext, IMINng parformance on complex struclures. T address miENOns, we
Prupose & CAsCACed ApgregElion netwark (CANel) thal syslematically fnlegrales mulll-level fealures (o refined representaiion.
CAMet adopis PVT transformer 2 (he backbone io extract robust muli-level representations and Inirdoces a casade ag-
gregation modube (CAM) [hal enriches semaniic leslures wilnoul sacrificing spalial dolalls. CAM adopis @ (Dp-0own
erihancement pathoway, where Righ-level fezlunes progresstvely guide the Musion of mulliscale information, ennhancing se-
mantic represeniation while preserving spatizl delafls. CANel further integrates 8 muliiscale context-aware module (MOAM)
and a residual-based fslon modulke (RFM). MCAM apples paralle]l comvolufions with diverse kermel stres and dilation rabes io
low-leve] Tealures, enabling fine-grained multiscale extraction of Iocal detalls and enhancing scene undersianding. KFM Dses
thise lncal fatunes with high-level semantics [rom CAM, enabling efeclive cross-lovel inlegration. Expertments show (hal
CAMel putperfomms S0TA melhods in in- and oul-0f-Qistribeiion Lesis.

1 | Introduction

Colorectal cancer (CRC) ranks among the most prevalent and
deadly cancers globally, represeniing 109 of all cancer-related
deaths [1). Motzbly, slodies report palyp mMIss rales of 20%
30% during standard codonoscopies [2). This high miss =Eke s
Ifkedy related in the complex bowed streclure and the difculty
in detecling Small lestans [3). Thereore, developing Mmore ac-
curale auxiiary delection lechnalogles 1s cructsl fr Bmproving
diagnostic eMiclency.

In recend years, wilth (he rapid advancement of desp leaming
technningies, festure pyramid networks (FPMs) have ememed
a5 3 powerful approach in compuier wiglon, particularly for
medtical image segmentation lasks [4). By Integrating feature
mags fram mulliple layems, FPN electively caplures both global
oonbext and fne-grained local detalls, signdficantly improving
segmeniation accuracy, especizlly In scenarios with complex
backprounds and varlable largel morphodogles. As 2 Lyplcal
FPN model, U-Mel [5] and Ils Improved versions (such as
Unet++ [6] and U-Ket 3+ |7]) hawe become foundabional in
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Person Re-identification (Re-ID) is an important
task in computer vision, aimed at achieving cross
camera identity confirmation by identifying and
matching the same pedestrian under different
cameras. However, when traditional image-based
methods are affected by factors such as lighting
changes, occlusion, and changes in viewing angles,
the advantages of skeleton data become increasingly
apparent. Existing methods typically use primitive
body joint design skeleton descriptors or learn
skeleton sequence representations, but they often
cannot simultaneously simulate the relationships
between different body components, and rarely
model skeleton information from both temporal and
spatial dimensions. Therefore, in this paper, we
propose a universal skeleton contrastive learning
method based on spatiotemporal Transformer
(Space time Transformer, StFormer). The method
first adopts the Space time Attention (S-TAttention)
mechanism and achieves relationship modeling of
spatiotemporal features by stacking multiple S-
TAttention blocks. Secondly, to improve the
important clues for extracting data features from
the model, a Feature Refinement Box (FR Box) was
proposed. Finally, we purpose a unique prompt
learning mechanism (P-Study) which utilizes the
spatiotemporal context of graph nodes to prompt
skeleton graph reconstruction and help capture
more valuable patterns and graph semantics.

Keywords: Pedestrian re identification, Transformer,
Comparative learning, Prompt learning, Skeleton
recognition

1. Introduction

Pedestrian re identification (re 1D) 1s a challenging
task that requires retrieving and matching specific
individuals from different perspectives or scenes,
providing support for many important applications
such as secure identity verification [1] [2] [3], human
tracking [4] [5]. and robotics [6). However, there are
issues with spatiotemporal alignment [7] [E], image
resolution [9], changes in human posture [10] [11]. and
foreign object occlusion [12] in pedestrian re
identification tasks.

To address these issues, compared to traditional
methods that rely on visual appearance features such as
color and contour [13] [14]. researchers tend to choose
using human skeleton information as the discriminative
feature for pedestrian re identification. This feature not
only makes the final recognition result more robust, but
also outperforms traditional methods that rely on visual
features in terms of background adaptability, resistance
to light changes, noise. and minimum computational
cost based on skeleton data.

Traditional skeleton data methods typically rely on
manually extracted body shape descriptors and gait
attributes, or neural network-based methods (such as
CNN, LSTM) [15] [16] [17]to model body and motion
features. However, these methods often overlook the
relationships between body parts within the skeleton
(such as the motion correlation between joints), and
cannot fully explore the potential valuable patterns m
the skeleton data. And the skeleton representation
extracted by the model lacks important interaction
objects and contextual information, leading to
difficulties in recognizing similar actions. Actions such

as "writing", "reading”, and "typing on the keyboard”
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are difficult 1o distinguish based solely on the skeleton
diagram.

In order o solve the above problems, this paper
proposes @ skeleton recognition model based on
spatistemporal  Transformer, which 1mproves  the

(a)SPC-MGR

(b)SimMC

traditional Transformer network by adopting a new
spatiolemporal attention mechanism to replace the
original self-atiention mechanism in the neiwork. By
dividing the input features into temporal and spatial

(c)StFormer(ours)

Fig. 1. T-SME visualization of BIWI category representations leamed from different models (different colors represent different
representations ) (2)SPC-MGR[40](b)SimMC[32](c iproposed methed: StFormer

dimensions sccording 1o the feature dimension, and
using two branches to process the joint features of the
two dimensions in parallel, the information of the two
branches is finally mixed to output the featres with
spatistemporal context in the skeleton. At the same time,
m order to emable the model fo exiract more
diseriminative skeleton features, we also propose a
feature remforcement module based on positive and
negative sample leaming. The main approach is io refine
the skeleton features output by the Transformer module
through contrastive learming. For models with two
similar labels, positive and negative samples are used for
"convergence” and "separation” operations.In Fig.1, we
visualize the representations leamed by different models
on the datasel. It can be seen from the figure that the
StFormer model with added feature optimization module
can more clearly capture the most disciiminative features
in the data. In order (o improve the generalization ability
of the mode]l and enable the pedestian re recognition
model to capture more valuable patterns and graph
semantics in the skeleton, we adopt the method of prompt
learning. By designing two contextual prompts for the
skeleton graph, we reconsiruct the skeleion graph and
promote the model to leam more representative features
for pedestrian re recognition tasks.

The main innovations of this aticle are as follows:

* A pedesinan re identification model based on the
dual dimensions of time and space in Transformer has
been designed. By using spatiofemporal  attention
mechanism instead of the traditional self-attention
mechanism in Transformer, features with spatiotemparal
characteristics in the skeleton are extracted.

* A feature enhancement module was proposed 1o
refine the skeleton featres output by the Transformer
module through contrastive learning. By performing
"convergence” and "separation” operations on labels

with similarity, the model's ability o extract
discriminative skeleton features 15 enhanced, and the
discrimmability and recognition of features are improved.

*To enhance the generalization ability of the model
and enable it to better capture valuable pattems and graph
semantics in  the skeleton during pedestrian e
recognifion fasks, a prompt learning method 15 adopted
to reconstruct the skeleton graph by designing contexiual

prompls.

2. Analysis of pedestrian re identification
method based on skeleton

With the rapid development of deep leaming,
traditional skelelon action recognition methods are
gradually being replaced by Graph Convelutional
Networks (GCNs), which can better utilize skeleton
structure and tme series mformation W0 improve
recognition  performance.  With  the contmuous
advancement of deep learming, atiention-based
Transformer networks have significantly improved the
accuracy of action understanding by focusing on the
phvsical dependencies between human  joints. In
pedestrian re identification tasks, Transformer further
enhances the performance and accuracy of the model by
focusing on key features.

Ll. Pedestrian Re identification Method Based on
Transformer

Dosovitskiy et al. proposed the ViT (Vision
Transformer) model [18)], which is a network structure
based entirely on self-attention mechanism. It has been
proven thai on large-scale datasets, a standalone
Transformer can perform well in classification tasks
without relying on CNN. ViT has applied the
Transformer model from NLP fo image classification
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ABSTRACT

To improve the security and privacy of audio data stored in third party servers, a novel watermarking
scheme is proposed. Firstly, the authors split the host signal into frames and scramble each frame
to get the encrypted signal. Secondly. they generate watermark bits by using the frame number and
embed them into each frame of the encrypted signal, which is the data that will be uploaded to the
third party servers. For the users, they can download the encrypted data and verify the data is intact
or not. If the data is intact, the users decrypt the data to get the audio signal. If the audio signal is
artacked in the process of transmission, they can also locate the location of the attacked frame. The
experimental results show that the method proposed is effective not only for encrypted signals, but
also for the encrypted signals after decryption.

KEYWORDS

Content Security, Digital Audio, Digital Forensics, Watermarking

INTRODUCTION

The development of digital signal processing technology facilitated communication among individuals.
However, this progress has also increased concerns regarding the potential leakage of users’ private
data. For example, the popularity of recording devices has empowered individuals to create their
own audio signals. Yet, managing a large volume of audio signals poses a problem to consider for
the owners of the signals in terms of storage. In pursuit of convenience, some upload their works
to third-party storage centers. However, entrusting their data to external storage centers exposes
their works to potential threats, as these centers operate outside of their control (Kuang et al., 2020
Razali et al.. 2021). To improve the security of the data stored in third-party centers, a watermarking
algorithm is proposed in this article.

The field of digital watermarking technology has seen more than 10 years of research, with
many studies exploring its application and methods (Hua et al., 2016). Generally speaking, digital
watermarking schemes use the redundancy in audio signals and auditory insensitivity of human ears
to embed watermark bits into the host signal without degrading the quality. These schemes can he
categorized based on their different purposes.

DR 10401 RIIDCF. 340382 *Corresponding Auwthor
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One category, called robust digital watermarking, is used in copyright protection (Chen et al..
2018:; Jiang et al.. 2019; Kosta et al., 2022; Salah et al.. 2021). The other category, called fragile or
semi-fragile digital watermarking. is used for forensic purposes (Chen et al_, 2010).

In Yong et al. (2014), a robust audio watermarking scheme was proposed, where the
anthors embedded watermark bits and synchronization codes into the host signal to generate
the watermarked signal. During decoding, users could determine whether the signal had been
scaled by observing changes in the synchronization code’s position. If scaling was detected. users
could calculate the scale factor, allowing them to reduce the impact of attacks and improve the
scheme’s robustness.

Liu et al. (2021) proposed an audio watermarking algorithm for tracing the re-recorded andio
sources. In their work, the authors introduced the LMC feature and conducted an analysis of its
characteristics. Then., the authors embedded watermark bits by quantizing discrete cosine transform
(DCT) intermediate frequency coefficients to quantize LMC features. The LMC feature has robustness
against re-recording attacks. enabling the scheme to accurately extract correct watermark bits from
the attacked signals.

In Liu et al. (2022}, an audio watermarking scheme for encrypted andio was introduced, addressing
a relatively unexplored are in audio watermarking. The authors cut the host signal into frames and
then scrambled each frame to generate encrypted audio. Then, they embedded the frame number by
quantifying the signal energy ratio into the encrypted frame. This approach enables the scheme to
identify the tampered location in the attacked signal. allowing for the substitution of attacked frames
with 0 amplitude samples to reconstruct the signal.

However, a limitation of the scheme proposed in Liu et al. (2022} is that if downloaded data
is intact. users can decrypt the andio signal. placing it in an unprotected range. Consequently,
if the decrypted signal is attacked during the transmission, the scheme lacks the ability to
verify its integrity.

To solve the above problems and improve the security of the encrypted audio signals,
this article proposes a novel watermarking scheme. Initially, the host signal is encrypted.
followed by the embedding of watermark bits into the encrypted signal. The process begins
with segmenting the host signal into frames, each of which is then scrambled to produce the
encrypted signal. Then, binary bits representing the frame numbers are embedded into the
frames of the encrypted signal to generate the watermarked data, which is uploaded to third-
party servers.

If users download the watermarked data. they can divide the data into frames and verify their
integrity. Intact frames can then be decrypted to retrieve the original audio signal, enabling direct
comprehension by users. Besides. if the decrypted signal is attacked. the scheme can verify the
anthentication of the attacked signal and locate the compromised frames. The main contributions of
this article are described as follows:

# The study presents the encryption and decryption methods of audio signals, and defines the
feature of encrypted audio signal. Then, the study designs the watermark embedding method
by quantifying the feature.

& The study proposes a novel watermarking scheme based on the defined feature. The scheme
not only protects large audio signals stored on third-party servers but also verifies downloaded
data integrity. Furthermore, the scheme provides an authentication method for andio signals

post=decryption.

The article is organized as follows. The next section introduces the encryption method for host
signal. Then, the study describes the proposed scheme, watermark generation, and methods for
embedding and extraction. The scheme’s performance is then reviewed before the study’s conclusion
is summarized.
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ENCRYPTION

Denote A as the L length speech signal, 4 = '[“';- 1=7!= L} . where g, is the /-th sample. Based on
the logistic chaotic map in equation (1), the L length pseudo-random sequence is obtained, denoted
by ¥ = {}‘, [J' =L2---, L} . In equation (1), k is the initial value. serving as the key of the watermarking
system., 3.5699 < p < 4 (Liu et al., 2022). Signal A is encrypted using the following steps:

Vesa = “:Vr{l = _V,)- Yo = k (1)

I. Signal A is cut into P frames. The i-th frame is denoted by 4, = {a_|r =12, /P}.
2. The first L/P length sequence of ¥ is selected, denoted by ¥, = {y‘ |r =1, 2.---.LJ,»"P} . Then,

the elements in ¥, is assorted in ascending order based on equation (2). where /i I:r} is the address
index of the sorted chaotic sequence.

Yuy—ascend (3, )¢ = 1,2, Lf P (2

3. Each frame 4 is scrambled as 1< p £ P, denoting the scrambled signal as 5, .
Br = {b“ |.r =1L 2,....Lr,r’P} is denoted, where ba.: is the r-th sample after being scrambled (see
equation (3)). If B is denoted as the encrypted signal. then B = {BI UE 1J---1J .BP} ;

b, =y £ =12 L/P (3)

THE SCHEME

To protect the audio signals stored on third-party servers, the study proposes a watermarking scheme.
This scheme serves a dual purpose: it protects lager audio signals stored on these servers and verifies
the integrity of data downloaded from them. At the same time. the scheme provides authentication
for andio signals after decryption.

To effectively detect and locate attacked signals, the frame number is encrypted into the encrypred
data. Then, the frame number is extracted from the attacked content.
Watermark Generation
Based on the previous section, the audio signal is encrypted as B = {BI UE, -1 .BP} . in which
B_ is the i-th frame of the encrypted signal. The frame number of 8 is i. The frame number i is
converted into M length binary bits, denoted by W, = {wr_l__ W ammma W, } . If the length is less than
M, 0 is added to satisfy the length requirement. For the first frame B, . the frame number is 1. It is
converted to 0000000001 (set Af = 10 in this article). Thus, ¥, = {I’!I.ﬂ. 0,0, 0, 0 O O 0, 1} g
Watermark Embedding

B = {81 usg, u---1 BF} is obtained based on the encrypted signal. The following takes the
embedding of W into the first frame £ as an example to introduce the embedding method.

35



36



6 E#FAKRRE SCIiEX Lin Jinzhu, Ni Tianwei. CMMF and STAM-FNet: Multimodal Fusion
Architectures for Complex Scene Understanding in Dynamic Environments. Informatica
(Slovenia)

HESS: 120265001247571147

mRERE

RREM: et iR

A HEH

REERE: £

RRRE: 2026437100

RREGR:
REZLAERZHER, £LRARRTEHA, hEHRRFIRL

PRI T &: ﬁﬁﬁfﬂ

BRER RRER G

EREE EHAN R

El 1 1

231-246.

37



https://'doi.org/10.31440/inf 4010 0830 Informatica 49 (2025) 231-246 231

CMMF and STAM-FNet: Multimodal Fusion Architectures for
Complex Scene Understanding in Dynamic Environments

Jinzhu Lin”, Tianwei Ni

School of Big Data and Artificial Intelligence, Xinyang College, Xinvang 464000, Henan, China
Corresponding author's E-mail: linjinzhu622@outlook.com

“Corresponding author

Keywords: multimodal fusion technology, complex scene understanding, attention mechanism, mode collaboration
Received: June 23, 2025

Multimodal perception has emerged as a vital strategy for understanding complex and dynamic
environments, where traditional unimodal approaches fail to handle data heterogeneity and occlusion.
This paper proposes two multimodal fusion frameworks—CMMF (Cross-Modal Matching Fusion) and
STAM-FNet (Spatio-Temporal Attention Multimodal Fusion Network)—to address structural and
temporal challenges in complex scene understanding. The CMMF model adopts a three-stage architecture
with cross-modal semantic alignment and dynamic weighting, while STAM-FNet introduces spatio-
temporal attention lavers and 3D convolutions to enhance feature discrimination in dynamic environments.
Experiments are conducted on a dataset af 120000 samples covering three application scenarios: urban
monitoring, indoor interaction, and transportation hubs. Evaluation is based on standardized metrics
including Top-1 Accuracy, Fi-score, AUC, Modal Gain Index, and Inference Delay. Compared to SOT4
baselines such as ResNetd0, Two-Stream Transformer, and MMBT, STAM-FNet achieves up to 15.8%
improvement in accuracy and 20% robustness gain under high-occlusion conditions. CMMF maintains
superior performance in static tasks while preserving low parameter count (24.3M). This work
demonstrates the effectiveness of adaptive multimodal fusion in improving accuracy, efficiency, and fault
tolerance in real-world perception systems.

Povzetek: Opisana sta modela za razumevanje kompleksnih prizorov: CMMF (Cross-Modal Matching
Fusion) in STAM-FNet (Spatio-Temporal Attention Multimodal Fusion Network). CMMF izvaja uteZeno
krifno-modalno usklajevanje in je optimiran za staticne naloge (24,3 M parametrov), medtem ko STAM-
FNet z uporabo 3D-konvoluctj in prostorsko-éasovne pozornosti dosega vrhunske rezultate v dinamicnih
okoljih.

on global weighting strategy. The second model
1 Introduction introduces  spatio-temporal attention mechanism  to
strengthen the ability to pay attention to effective features
in dynamic changing scenes. The research integrates data
preprocessing, model architecture, index design and
experimental setup, and constructs a research framework

Semantic understanding of complex scenes is crucial
for intelligent perception systems. Traditional single-
modal methods face limitations under dynamic
environments, multi-source coupling, and heterogeneous
data. In scenarios like urban securnity and medical
navigation, relving solely on vision or audio often fails to

covering the whole process of perception, modeling and
verification. By designing a unified comparative
experiment, the performance differences of the model
under different occlusion ratios and different task
complexity are clarified. and the boundarv characteristics

ensure stable recogmition. Multi-modal fusion has
emerged as an effective solution due to its complementary
and svnergistic capabilities. Recent advances in deep
learning-based cross-modal representation offer strong
modeling foundations. However, issues like modality
inconsistency, rigid fusion strategies, and poor

of multimodal understanding under real and complex
conditions are tried to be restored.
At present, the research of multimodal fusion

. . =T . technology in complex scene understanding is expanding,
adaptability to dynamic scenes remain, hindering further showing the development trend of diversification of

perfomlan.ce improvement in real-world appl.icarions. model mechanism and refinement of fask structure.

Focusing on the robustness and adaptability of modal Zhang et al (2025) put forward EKLI-Attention
fusion mechanism in complex scenes, this study proposes -
two complementary model design ideas. The first model
focuses on the collaborative representation of modal
features, and builds a multi-laver matching network based

mechanism, which classifies citizens' government
requests by integrating local and global attention,
indicating that multilevel attention mechamism 1s
operable and efficient in actual semantic recognition [1].
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Table 1: Performance comparison of representative multimodal models in complex scene understanding

Top-1 Occlusion
Params | Inference -
Model Accuracy Robustness (Drop @ Notable Features
[0 Delay (ms)

(%) 75%)
ResNet30 - Baseline single-modal

784 -28.9 256 11.2
(Image-only) CNN

Early-fusion
MMBT 843 -17.1 724 16.5
Transformer

Two-Stream Dual-modal  attention

86.7 -139 881 183 .
Transformer mechanism
CMMF Cross-modal weighted

913 -10.2 243 9.6 .
(Proposed) feature fusion
STAM-FNet - Spatio-temporal

932 -6.1 315 7.8 )
(Proposed) attention+3D conv

To guide this research, two core questions are posed:
(RQ1) Can a spatio-temporal attention mechanism
significantly enhance the effectiveness of multimodal
fusion in dynamic and occluded environments?

(RQ2) Can the proposed models—CMMF and STAM-
FNet—achieve at least a 10% improvement in
recognition robustness under severe occlusion conditions
compared to established SOTA baselines such as MMBT
and Two-Stream Transformer?

These questions aim to quantify the benefit of
architectural innovations and wvalidate the models
practical contributions. The study is designed to evaluate
these hypotheses across diverse real-world scenes, using
standardized evaluation protocols and performance
benchmarks. Addressing these gquestions allows for
targeted analysis of model strengths and shortcomings
and frames the empirical work in a hypothesis-driven
structure.

2 Materials and methods

2.1 Multi-modal data acquisition and
preprocessing
2.1.1 Data source composition and sampling

srrategv

The research uses data sets including image, voice and
text, covering three typical application fields: traffic
scene, indoor identification and public safety monitoring.
The image data comes from a multi-view camera with a
unified resolution of 640=x480. The audio clip 15 taken
from the real sound pickup device, the frequency is
16kHz, and the length iz controlled within 8 seconds. Text
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data is encoded m UTF-§ format based on phonetic
transcription or user interaction information, and Chinese
sentence breaking and English punctuation are adopted.
The sampling process iz distributed hierarchically
according to hours, scenes and task types to avoid sample
deviation and redundant collection [18]. All modes are
marked with time stamps to ensure the accuracy of cross-
modal semantic alignment and reconstruction. The whole
data acquisition process introduces task classification
index identification, which 1s used for task grouping and
label scheduling in the later model training. The sampling
strategy emphasizes the balance between
representativeness  and complexity, preserves the
continuous fragments in highly dvnamic scenes, and
improves the generalization ability of subsequent models
in real tasks.

2.1.2 Normalization of images, texts and audio.

In preprocessing, original images are uniformly resized,
pixel-normalized, and color channels reordered.
Adaptive histogram equalization 1s applied under varying
lighting to enhance contrast and edge clarity. Audio
signals are processed using short-time Fourier transform,
with abnormal-length samples padded or truncated, and
normalized to reduce background noise. Phonetic text is
processed via Chinese word segmentation, stop-word
removal, and word vector encoding, forming semantic
tensors for fusion input. All modal data are batch-
processed to optimize pipeline efficiency and reduce
latency. Text segmentation respects natural sentence
structure to minimize semantic errors. A unified format
and parameter standard 1z adopted for cross-modal data,
ensuring comparability at the distribution level This
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preprocessing chain  establishes consistency across
modalities, supporting effective feature extraction and
alignment in downstream tasks.

2.1.3 Multimodal time alignment mechanism and

redundancy elimination

In order to ensure the accuracy of multimodal fusion, the
data alignment strategy is based on the global imestamp
unification mechanism. Image frames and audio frames
are aligned at the frame level through linear interpolation
and synchronous sampling. For the delay between speech
transcription and image events, a dynamic window
mechanism is set to carry out semantic matching and time
slip compensation. The inter-modal time offset rate 1s
controlled within =150ms, which meets the real-time
requirements of most sensing tasks [19]. The redundant
fragments that can't be synchronized are silently
discarded, and the key frames before and after are
reserved to maintain the context integrity. Information
redundancy in text data 1z mainly manifested as logical
repetition or structural repetition, which 15 uniformly
filtered after being judged by the editing distance
threshold. The final preserved data set is consistent in
both time axis and semantic layer. Alignment mechanism
can adapt to irregular event flow and dynamic scenes, and
maintain  stable performance under high-density
sampling conditions, which is a key pre-step to ensure the
quality of model time series modeling.

2.1.4 Noise filtering and high-dimensional noise
reduction methods

The data collected in complex environment is often
accompanied by strong noise interference. In this study, a
multi-stage noise reduction mechanism 1s introduced n
the pretreatment stage. In image mode, random pixel
noise 1s processed by Gaussian filtering, and then texture
anomalies are removed by edge preserving filtering. The
audio mode uses spectral subtraction and voice activity
detection methods to remove background notse and mute
segments [20]. In text mode, low-information or non-
task-related sentences are filtered by word frequency and
TF-IDF index. On the feature space level, PCA and self-
encoder are introduced to reduce the dimension of high-
dimensional features of each mode, while retaining the
principal components of semantic information. The data
after dimensionality reduction will be normalized again
before entering the main model to avoid abnormal
numerical amplification error. The noise control strategy
can effectively improve the model processing efficiency
and enhance the adaptability to abnormal data
distribution on the premise of ensuring information
integrity.

To clanify the terminology, the study involves five core
multimodal perception tasks: object recognition, action
recognition, intent detection, semantic segmentation, and
cross-modal matching. These tasks are performed across
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five representative complex scene categories: urban
street, medical room, traffic platform, campus
environment, and industrial workshop. Each task is not
tied exclusively to a single scene but 1s instead evaluated
under multiple environments to test generalization For
example, semantic segmentation and cross-modal
matching are applied in the campus and traffic scenes,
while action recognition and intent detection are
emphasized in the medical and workshop contexts. This
task—scene mapping ensures diverse multimodal
challenges under real-world variability.

2.2 Multi-modal fusion model construction
2.2.1 CMMF structure and feature weighting

mechanism

The CMMF model takes cross-modal matching as the
core to build a fusion path, and strengthens the depth of
information interaction by extracting the shared semantic
subspace of each modal. The model 1s divided into three
layers. The bottom laver completes modal self-coding,
the middle laver realizes feature interaction between
modes, and the high layer outputs fusion results. Image,
text and audio modes are respectively input into three
parallel convolution or Transformer coding channels, and
then enter the weighted fusion module after unified
mapping dimensions [21]. Feature weighting assigns
dynamic weights based on modal reliability, and
automatically  adjusts  participation according to
information effectiveness and response strength. The
output characteristics after fusion are as follows (1):

The output characteristics after fusion are defined

as: ! represents the feature vector of the i-th moda

. a. . . . .
lity, and 7 denotes its corresponding weight coeffict

ent. These weights satisfy the normalization constrain
@ =1 .
tz ! . with w; = 0 for all 1.

This ensures that the fused representation maintai
ns a probabilistic interpretation over modality contrib
utions.

For CMMF, each modality input passes through a
dedicated encoder: a 4-laver CNN for image data (kernel
size: 3=3, RelU activation, max pooling every two
lavers), a 2-layer BALSTM for text (hidden size: 256), and
a 3-layer 1D-CNN for audio (kernel size: 5, dropout rate:
0.3). All encoded features are mapped to a shared
embedding space of 312 dumensions. The dynamic



An Adaptive Recursive Attention Network for Medical Equipment. ..

feature weighting module uses softmax normalization
over learned reliability scores. The output layer applies a
fully connected laver followed by softmax for
classification. Traming uses Adam optimizer (1r=0.001),
dropout=0.3, and batch size=564.

2.2.2 spatio-temporal attention mechanism in
STAM-FNET

STAM-FNNet aims to solve the problem that the fusion
model does not respond to dynamic scenes in tume, and
uses the spatio-temporal attention mechanism to
dyvnamically  weight multimodal signals. Three-
dimensional convolution and attention distribution
modules are added to the model, and the spatial salience
and temporal evolution characteristics are also learned
[22]. After the feature flows through the local attention
layer and the global gating laver, the region of interest 1s
determined according to the temporal context [23]. This
mechanism 1s especially suitable for scenes such as
occlusion changes and sudden environmental changes,
and can dynamically focus on key modal frames. The

attention output is expressed by the following formula (2):

re ‘\
oW |,

Here, Qfx) denotes the spatial query. %‘r} the
temporal key. Fiz) the value vector, and % the
dimension of the key wvectors used for scaling. This
formulation ensures that the attention weights are
normalized before being applied to the value
representation, enhancing stability during training and
interpretability in dvnamic sequences. The original
formulation has been revised to align with established
attention mechanisms such as those used in Transformer
architectures.

A(x,1) =softmax

In STAM-FNet. each input 1s passed through a 3D-
CNN backbene (3 lavers. channels: 64-128-256, RelL U,
batch normalization), followed by local and global
attention modules. The spatio-temporal attention block
mcludes 2 Transformer layers (hidden size: 512, 8 heads.
GELU activation, dropout=0.1). The total loss 1s
composed of classification loss (weight: 1.0), modal
matching loss (weight: 0.6), and regularization (weight:
0.01). Early stopping 1s used if validation loss does not
improve after 5 epochs.

2.2.3 Training optimization and loss construction
of double models

To improve the overall syvnergy and generalization ability
of the model, CMMF and STAM-FNet adopt a joint
training mechanism. The training process adopts end-to-
end strategy, and the objective function introduces multi-
task structure, giving consideration to classification
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accuracy, modal alignment and time sequence stabality.
The total loss function of fusion training is designed as
the following formula (3):

Ltotal = Acls-Lcls + Aalign-Lalign+ Areg - L,

(3

Here, Acls, lalign, and Aregare scalar hyperparam
eters that control the contribution of the classification,
alignment, and regularization losses, respectively. Th
ese coefficients are tuned using grid search on the wal
1dation set to ensure balanced learning across sub-task
s. This formulation ensures consistency across the ma
thematical definition and explanatory text, facilitating
clearer interpretation and reproducibility.

During training. the weight coefficients Acls, Aalig
n, and ireg are dynamically adjusted every five epoc
hs based on the relative convergence rate of each sub
-loss. Specifically, if the moving average of a sub-los
s stagnates or decreases slower than others, 1ts associ
ated A value 1s increased proportionally to prioritize 1
earning on that sub-task. A normalization step is appl
1ed to ensure that the swm Acls+ialign+ireg =Iholds
at everv update. This adaptive scheme enables the mo
del to shift learning focus across modalities and task
objectives depending on training dvnamics, improving
convergence and generalization in heterogeneous env
ironments

2.2.4 Model difference design and integration

straregv

CMMEF is good at structural alignment, and STAM-FNet
is better than time series modeling. In order to give full
play to their complementary advantages, an integration
strategy based on probability fusion is designed. In the
reasoning stage, two models are called to output
probability distribution, and the final prediction result is
output by weighted average. This integration method
takes into account the response characteristics of the two
structures and adapts to the discrimination requirements
in the changeable environment. The fusion strategy is
expressed by the following formula (4):

Pt = B Foype + (1= ) Poyy, @)

Where Fornr and Firase are the prediction

probabilities of the two models respectively, and P isthe

mtegration balance factor. The optimal B value is

obtained by using verification set to adjust parameters in

the test set.
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This strategy enhances the robustness and overall
performance of the model and improves the consistency
and reliability of the final task output.

To prevent overfitting and ensure robust integration,
the balance factor [ in equation (4) was tuned using a
separate validation set that was not involved in model
training. A grid search was performed within the fange
Be[0.0,1.0] at 0.05 intervals. For each candidate /| the
ensemble prediction performance was evaluated on the
validation set based on the averagg F1 score across all
five task categories. The optimal value (5=0.63) was
selected based on its ability to maximize the validation
score without increasing variance in test performance.
This parameter tuning approach ensures that the final
integration strategy generalizes well and avoids model
overfitting, especially in highly imbalanced or occlusion-
heavy scenarios.

2.3 Index system construction and
evaluation logic

2.3.1 scene recognition accuracy and recall rate
The model performance evaluation focuses on accuracy
and recall, and measures the accuracy and integrity of
recognition respectively. The accuracy reflects the
reliability of the system in discriminating the target scene
under multi-category conditions, and the recall rate
evaluates the risk of missed detection. For complex scene
tasks, both are indispensable. Accuracy calculation is
based on the consistency between the prediction and the
actual label, and is often used to measure the discriminant
boundary of the fusion model. The recall rate focuses on
the recognition coverage of all effective targets,
especially for small sample recognition tasks in
heterogeneous data. Considering the nature of multi-task,
the weighted average method is introduced to deal with
the category imbalance in different scenarios to improve
the fairness of evaluation. Top-1 accuracy 1s used as the
main index in the classification task, and the area under
recall curve (AUC) is used to compare the stability of the
model under different confidence thresholds. The two
kinds of indicators jointly construct the basic
performance evaluation benchmark. which provides the
data basis for the subsequent analysis of fusion gain and
E11Or SOULCEs.

2.3.2 Synergistic gain between modes and fusion

efficiency

In multi-modal systems. the key to measure the fusion
quality is the information gain and cooperation between
modes. Modal Synergy Gain Ratio (MGI) and Fusion
Efficiency Ratio (FER) are introduced as core indicators
to reflect the performance improvement after fusion and
the resource cost performance ratio of fusion strategy
respectively. MGI describes that the multi-modal
combination exceeds the gain range of single-modal
performance and 1is suitable for measuring the
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cooperative learning ability of the model. FER. analyzes
the performance improvement per unit of computing
resources from the perspective of computing
consumption. During the experiment, the combination of
the two indicators 1s used to evaluate the effectiveness of
the fusion mechanism under different model architectures.
Modal gain index The modal contribution is calculated
by the following formula (3):

_ Accfmfar: _‘4ccmdl

mod,

Ace, o
mod, (5)
Acc, . . .
Among them, fsion o the accuracy of fusion
Ace . . -
model, and med; iy the i the modal accuracy. This

index can accurately quantify the marginal contribution
of each mode in the multi-modal system and assist the
adjustment of fusion strategy and the elimination of
redundant modes.

2.3.3 Calculation performance and model delay

evaluation

Performance evaluation considers not only accuracy but
also computational load and operational efficiency. In
real-world deplovment, latency, frame rate, and GPU
usage are key indicators. This studv uses average
inference time (ms), frames per second (FPS), and peak
memory usage to assess computational overhead. To
simulate practical conditions, both models were tested
under varying resolutions and batch sizes, with
performance trends recorded. Inference delay indicates
the model’s responsiveness, critical for real-time systems.
FPS combined with resolution reflects the model’s ability
to handle continuous input. Memory usage assesses
hardware adaptability for deployment. Together, these
indicators form a performance triangle that supperts
comprehensive evaluation across edge devices and server
clusters. The results offer a quantitative basis for
optimizing lightweight design and integrated deployment
strategies.

2.3.4 Robustness and fault tolerance in occlusion

SCenes

Multimodal systems in complex environments need to
have strong robustness and exception tolerance.
Occlusion, interference, frame loss and other problems
widely exist in real tasks, so it is necessary to construct
corresponding index system to reflect the response level
of the model to these disturbances This paper studies
setting the scene of occlusion ratio change, simulating the
conditions of different modal interruption and
information loss, and recording the decline of model
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recognition accuracy and recovery ability. Fault tolerance
rate 1s defined as the ratio of performance degradation
degree to initial performance, and the lower it 15, the more
stable the svstem is. In the experiment, combined with the
incomplete modal information before and after fusion,
the changing trend of model output is dynamically
observed. The model with strong fault-tolerant ability
should still maintain the basic discriminant function
when the kev modes are missing, reflecting its inherent
redundancy mechanism and weight adaptation ability.
The index system can finally be used for modal
importance ranking and fault-tolerant mechanism
optimization, which provides robustness guarantee for
svstem deplovment under uncertain conditions.

2.4 System experimental setup and
operating environment

2.4.1 Hardware configuration and operation
platform

The experiment 1s deploved in a local server farm with
high-performance graphics computing capability. The
core node is equipped with Intel Xeon Gold 6226FE
processor, clocked at 2. 9GHz, equipped with 236GB of
memory and 4 NVIDIA RTX A6000 graphics cards, each
with 48GB of memory. The operating system 1s Ubuntu
20.04 LTS, and the deep learming framework i1s PyTorch
2.0.1, with CUDA version 11.8 and cuDNN version 8.6.
Multi-thread parallel scheduling combined with NCCL
communication protocol improves the efficiency of data
loading and model synchronization. The experimental
process relies on local 55D high-speed storage to ensure
that data preprocessing and intermediate result caching
are not affected by bottlenecks. Python 3.9 and related
dependency libraries are configured in the running
environment, which are isolated and managed in the
virtual environment to ensure the consistency of the
software environment. In order to simulate the
performance of edge devices, some lightweight models
are tested on Jetson Xavier and TX2 platforms for delay
evaluation and deployment adaptability analvsis.

To enhance recognition under low-light, occluded, and
blurry conditions, targeted augmentations were applied.
These included brightness and contrast jittering (=30%),
Gaussian blur (=1.7)., motion blur, Cutout (20%
masking), and Mixup (a=04). Augmentations were
applied probabilistically each epoch to increase
robustness.

Inference tests were conducted on NVIDIA RTX A6000,
Jetson Xavier NX, and Jetson TX2. Key specs include
48GB VRAM and 768 GB/s bandwidth (A6000). and
51.2/59.7 GB/s bandwidths on Xavier/TX2 respectively.
Thermal limits were monitored to ensure latency and FPS
readings were unaffected by throttling.

2.4.2 Data division and training strategy

The experimental data is sourced from a multimodal
scene dataset containing approximately 120,000 samples
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across three modalities: image, audio, and text. It spans
three typical scenarios—urban monitoring, indoor
interaction, and transportation hubs. The dataset 1z split
into training, validation, and test sets i an 8:1:1 ratio
using random stratified sampling to maintain task balance.
Data augmentation is applied to the training set to
improve performance under low-light, occlusion, and
blur. Training uses mini-batch SGD with a batch size of
64, an initial learning rate of 0.001, and 50 epochs. The
learning rate decavs via Cosine Annealing to enhance
convergence stability. Xavier mnitialization and gradient
clipping are used to prevent gradient explosion. All
experiments are repeated three times with fixed random
seeds, and average results are reported to ensure
reproducibility.

To improve interpretability and result robustness, all
training experiments were repeated three times under
different random seeds, as initially stated. For each model
and task configuration, the final reported accuracy and F1
scores represent the mean across runs. Standard deviation
(+0) 1z also reported, and all line charts in the result
section (e.g.. convergence curves, loss plots) include
error bars indicating the variability range. For example,
in semantic segmentation, STAM-FNet achieved an
average accuracy of 90.3% =12%, while CMMF
recorded 87.9% =1 4%. This reporting approach ensures
transparency in the performance evaluation and
demonstrates the consistency of the models under
different initialization conditions.

2.4.3 Comparison algorithm and model
configuration

To validate the proposed model, several mainstream
comparison models were selected as benchmarks. Three
representative methods were used as control groups: a
single-modal CNIN (ResNet30), a two-stream attention
network (Two-Stream Transformer), and a classic fusion
model (MMBT). All models were reproduced based on
their original implementations using the same dataset and
training pipeline. Parameter settings were aligned to
ensure fair comparison. While CMMF and STAM-FNet
adopt unique fusion modules, all other hyperparameters
remain consistent. To evalvate the impact of fusion
mechanisms, modality ablation experiments were
conducted by removing single-modal inputs to simulate
missing information. A unified evaluation metric svstem
was applied across experiments. Accuracy, frame rate,
and memory usage were recorded for all models,
providing a comprehensive basis for performance
analysis.

The modality ablation experiment in Figure 2 reflects two
distinct evaluation setups. First, to simulate information
absence during inference, the trained multimodal model
was tested by masking one modality at a time (setting the
input vector to zero) without retraining; these results
assess model resilience to missing data  Second,
standalone unimodal baselines were trained from scratch
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using only one input modality (image, audio, or text),
with model architectures adapted accordingly (CNN for
image, BiL STM for text). The accuracy results labeled as
"modality-specific” in Figure 2 correspond to these
unimodal models. Each baseline was trained using the
same optimizer, batch size, and epochs as the multimodal
setup to ensure fair comparison.

2.4.4 specification of experimental process and

evaluation method

The experiment 1s divided into four stages: data loading,
model training, inference, and evaluation. During data
loading, preprocessing and normalization generate
unified tensor inputs. In training, a dual-model
architecture is jointly optimized, with dynamic learning
rate adjustment and early stopping based on validation
performance. Inference i1s conducted independently on
the test set, recording predictions for each task across
different scenarios. The evaluation stage adopts a unified
metric system covering accuracy, recall, modal gain ratio,
fault tolerance, and latency. Mean, standard deviation,
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and confidence intervals are recorded to assess model
stability. Key results are visualized through charts to
support quantitative analvsis. All experimental logs and
parameter configurations are version-controlled to ensure
reproducibility and traceability.

3 Results and discussion

3.1 Analysis of experimental results and
model evaluation

3.1.1 Recognition performance of the model in
typical complex scenes

To verify the recogmition ability of the model in real and
complex environment, five typical scenes are selected to
carry out comparative experiments to test the accuracy
performance of CMMEFE, STAM-FNet and image
monomodal model respectively. Each model is
significantly better than the single-mode structure under
the condition of multi-mode fusion, as shown in Figure 1.

Comparison of recognition accuracy of different models
in five Kinds of complex scenes

mCMMF (%) m STAM-FNet (%)
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Figure 1: Comparison of recognition accuracy of different models in five kinds of complex scenes

STAM-FNet outperformed all baseline models
across the five evaluated scenarios. It achieved an average
recognition accuracy of 87.32%, with the highest
performance observed in urban street scenes (89.3%) and
the lowest in industrial environments (83.2%). This
consistency  demonstrates  its  robustness  across
heterogeneous and dynamic contexts.
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3.1.2 modal contribution and attention

distribution analysis

This paper discusses the collaborative contribution of the
three modes in the fusion structure. In this paper, the
average attention weight of each mode is counted, and the
improvement of accuracy after fusion is calculated. The
results are shown in Figure 2.
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Comparison of attentional weight and synergetic gain of three modes
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Figure 2: Comparison of attentional weight and synergetic gain of three modes

Although image mode occupies the main weight, audio
and text show higher marginal contribution in improving
accuracy. Especially the text mode, 1ts fusion promotion
range 1s close to 20%, which reflects its importance in
task context reasoning. In the scene with low speech
interference, the semantic continuity of audio mode can
alse significantly enhance the robustness of scene
judgment. The attention mechanism dynamically
allocates modal proportion, which improves the
adaptability of the system to mput changes and avoids the
problem of error accumulation caused by fixed modal
dependence. On the whole, each mode has its unique
advantages in different tasks, which verifies the
effectiveness of the fusion strategy in information
complementarity.

While Figure 2 reports the average attention weights
across all samples, additional temporal analysis shows
that attention distribution dynamically shifts depending

on environmental context. For example. under low
lighting, the attention weight assigned to audio features
mcreases by 15% relative to the global mean, whereas in
highly occluded scenes, textual modality receives
elevated emphasis. This sample-level fluctuation
confirms that the attention mechanism adjustz modal
contributions in real time. Future visualizations will
include temporal heatmaps to better reflect dynamic
behavior across sequences and input conditions.

3.1.3 Comparison of model resource
occupation and reasoning performance
Although the multi-modal structure has outstanding
recognition effect, its resource occupation and reasoning
efficiency need to be carefully evaluated. This paper
compares the differences between CMMF and STAM-
FNet in reasoning delav, frame rate per second, GPU
occupancy and parameter quantity, and the results are
listed in Figure 3.

Efficiency comparizon between CMMF and STAM-FNet in reasoning

stage
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Figure 3: Efficiency comparison between CWIMF and STAM-FNet in reasoning stage
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STAM-FNet achieves an average inference speed of
approximately 63 FPS, compared to 50 FPS for CMME.
This represents a 30% increase 1in frame rate,
demonstrating a substantial improvement in real-time
processing efficiency. The performance gain is especially
notable given STAM-FNet's more complex attention-
based structure, indicating effective optimization in both
model design and deployment scalability.

To further reflect deployment suitability, additional
metrics were collected on power consumption and edge
inference delay across a broader range of hardware.
Besides Jetson Xavier and TX2, tests were conducted on
Raspberry P1 4B and NVIDIA Jetson Nano. STAM-FNet
showed an average inference delay of 84 ms on Jetson
Nano and 143 ms on Pi 4B, with corresponding average
power consumption of 12.6W and 64W respectively.
CMME, being lighter, achieved lower delays of 68 ms and
110 ms, with reduced power usage of 9.8W and 5.1W.
These results confirm that while STAM-FNet performs
better 1n accuracy, CMMF 1s more power-efficient and
better suited for low-power, latency-sensitive
environments. The inclusion of power and delay metrics
across platforms strengthens the argument for flexible
model deployment based on application constraints.
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To validate deplovment feasibility on edge devices,
latency and FPS tests were conducted on Jetson Xavier
NX and TX2 platforms. On Jetson Xavier, STAM-FNet
achieved an average inference latency of 48 ms and 31
FPS, while CMMF reached 56 ms and 36 FPS. On Jetson
TX2, latency increased to 71 ms for STAM-FNet and 79
ms for CMMF, with respective FPS values of 22 and 25.
Although CMMF remained slightly faster on constramed
devices, STAM-FNet maintained higher accuracy with
acceptable delayv margins. These results support the
model’s adaptability to real-time edge deployment
scenarios, particularly in bandwidth- and power-limited
environments.

3.1.4 Robustness test of occlusion and

environmental interference

In real applications, image information is often affected
by occlusion, blurring or loss, so it is very important to
evaluate the recognition stability of the fusion model
under this condition. In this paper, the four-level
occlusion ratio is set to test the decline of the accuracy of

image modality and fusion model, and the results are
shown in Table 2.

Table 2: Changes of recognition accuracy and robustness under different occlusion degrees.

Occlusion Image modal accuracy  Accuracy of fusion model Decline rate Decline rate
ratio (%) (%a) (image) (fusion)

0 784 921 0 0

0.25 70.3 884 -10.3 =37

0.5 64.1 842 —-183 —6.4

0.75 55.8 79.1 -289 -10.2

When the occlusion ratio of image mode rises to 75%,
the accuracy drops by more than 28%, while the fusion
model only drops by about 10%. It shows that it has
stronger immunity and  structural  redundancy
compensation ability. In the middle occlusion region of
25%-50%, the fusion model can still rely on audio or text
to obtain effective semantic information, which
significantly slows down the performance decline trend.
From the perspective of decline rate, the fusion structure
1s more stable than the single-mode model, and it has the
ability to cope with sudden occlusion or incomplete data,
showing a high degree of environmental adaptability.

To statistically verify the improvement in robustness
under occlusion, all the experiments i Table 1 were
repeated on five random seeds (fixed initialization). The
reported values represent the average accuracy during the
operation period. For each occlusion level, the standard
deviation (+g) and 93% confidence interval were
calculated. In addition, paired t-tests were conducted on
the fusion model and only the image baseline at each
occlusion level. The results showed that under all
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conditions, the differences in accuracy were statistically
significant (p=0.01). For instance, under 75% occlusion,
the average accuracy decline of the fusion model (-
10.2%=1.3%) 15 significantly lower than that of the
image-only model (-28.9%=1 8%). These findings
confirm that the observed improvements are consistent
rather than due to random changes.

To further evaluate model robustness bevond
occlusion, additional experiments were conducted using
adversarial perturbations and synthetic noise injection.
FGSM (£=0.0]) was applied to image inputs, resulting in
a 9.2% accuracy drop for CMMF and 5 8% for STAM-
FNet, demonstrating the latter’s mmproved resilience
under adversarial attack Additionally, Gaussian noise
(g=0.05) and background audio interference were
synthetically added. Under multimodal noise, CMMF
preserved  82.7%  accuracy, while STAM-FNet
maintained 87.9%. These results confirm that the
proposed architectures remain robust not only under
occlusion but also under adversarial and svnthetic
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disturbances,  supporting  their
unpredictable real-world settings.

deployment  in

3.1.5 Comparative analysis of the overall

performance of the model

The performance of the two models in multi-task
environment 1s comprehensively evaluated. Starting with
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five core tasks, the average level of classification
accuracy and F1 score is counted, and compared with the
mainstream fusion structure. The results are shown in
Table 3.

Table 3: Comparison between model task accuracy and F1 score

CMNMEF- STAM-FNet- CMMEF- STAM-
Task category

Accuracy (%) Accuracy (%) F1 FNet-F1
Object recognition 913 932 0.902 0921
Motion recognition 886 90.8 0.884 0.904
Intention detection 86.7 §9.1 0.87 0.891
Semantic segmentation £7.9 90.5 0.876 0.902
Cross-modal matching  eighty-nine 916 0.884 0915

STAM-FNet 1s superior to CMMF in five kinds of
tasks, with an average accuracy increase of about 2% and
an increase of F1 score of more than 0.02. Its advantages
lie 1n its stronger scene adaptation ability and capturing
effect of temporal semantics, especially in semantic
segmentation and cross-modal matching, which can
strengthen the integration of space and context through
attention mechanism. However, CMMF structure is
stable in static tasks such as object recognition, and its
model 15 small, so 1t is suitable for application-side

deplovment with strict computational requirements. This
comparison also shows that the scalability of the multi-
modal syvstem will be significantly improved if the fusion
strategy design can be more finely adapted to the task
type.

The stability of the model in the training process is
also an umportant aspect to measure the optimization
effect. Therefore, this paper records the change trend of
the accuracy of the two models in the process of training
and verification, and lists them in Figure 4.

Index of convergence curve during model training and verification
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Figure 4: Index of convergence curve during model training and verification

STAM-FNet can reach a higher convergence speed in
the early stage of training, and the accuracy of
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verification set 1s consistently better than CMME,
indicating that it has better generalization ability.
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Eszpecially in the 15 to 20 epoch stages, the verification
accuracy of STAM-FNet is improved more steadily,
which shows that its response to sample distribution
disturbance 1s more stable. In the same round, STAM-
FNet converges 1-2 epoch faster than CMMEF, and the
optimization path 1s more efficient, which also shows that

I Linetal.

it still maintains good convergence and adjustability
under complex parameter structure.

Compare the loss performance of the two models in
different task sub-modules to reflect the collaborative
optimnization between the whole task branches. The
results are listed in Figure 5.

Comparison of loss value and accuracy of each model branch task after

training

Total accuracy (%)

Total Loss

0.291
0.346
0,094
0,115
0.197
0.231

0 0.2

Alignment task Loss

Classification task Loss

0.4

| 0,921
[ 0,893
BSTAM-Fiiet
BCKMMF
0.6 0.8 1

Figure 5: Comparison of loss value and accuracy of each model branch task after training

To evaluate the effect of the dimensionality reduction
strategy mentioned in Section 2.1.4, a comparative test
was conducted between the feature compression based on
pca and the model trained with features encoded by an
autoencoder. In the semantic segmentation task, PCA
reduced the accuracy by 1.9%, while the features based
on the autoencoder maintained 98.7% of the original
performance. However, due to the lower computational
overhead of PCA, 1ts inference speed on edge devices has
increased by 17%. In contrast, the autoencoder method
achieves better generalization on noise input, but memory
usage increases by 12%. These results indicate that the
selection of dimensionality reduction methods affects
both efficiency and robustness. and should be made based
on deployment constraints.

Judging from the final training Loss, STAM-FNet
shows a smaller loss value in both classification and
modal alignment tasks, and the total loss 1s about 15%
lower than that of CMME. Its total accuracy 1s also nearly
3 percentage points higher, which shows the advantages
of optimization mechanism in fusion feature selection
and joint task solving. In particular, for the alignment task,
the integration of a dvnamic attention mechanism enables
STAM-FNet to more effectively adjust to modal
boundaries. Overall, the findings indicate that STAM-
FNet not only outperforms CMMF across key
performance indicators but also demonstrates enhanced
efficiency, during  training,

robustness and faster
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convergence. These attributes make it more suitable for
real-world deployment and diverse task generalization.

To strengthen the generalizability of the findings,
additional baseline models have been mcorporated mnto
the comparative evaluation. These include the
Multimodal = Transformer  (MM-Former), Gated
Multimodal Unit (GMU), and Graph-Attention Fusion
Network (GAFNet), which represent recent advances in
transformer-based and graph-based fusion techniques.
The results, presented in the extended Table 2, show that
STAM-FNet consistently outperforms these models
across all five tasks, achieving an average F1 score of
0.911 compared to 0.882 for GAFNet and 0.874 for MM-
Former. Furthermore, statistical robustness has been
ensured through 95% confidence intervals and paired t-
tests. STAM-FNet's improvements over GAFNet in
motion recognition (AF]=+2. 7%, p=0.01) and over MM-
Former in semantic segmentation (AF]=+3.2%,p=0.03)
are statistically significant, reinforcing the model’s
superior performance not only in mean accuracy but also
in reliable variance. This remnforces the conclusion that
the proposed architecture exhibits meaningful and
repeatable gains over contemporary SOTA methods.

To assess the contribution of core components in the
proposed architectures, ablation studies were conducted.
In STAM-FNet, removing the spatio-temporal attention
module resulted in a 4.6% drop in average accuracy
across tasks., with a noticeable decline in meotion
recognition and cross-modal alignment. Replacing the
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attentton module with a standard Transformer block
{without temporal encoding) led to unstable convergence
and reduced F1 scores by approximately 3.1%. In CMME,
eliminating the dynamic feature weighting mechanism
and using uniform averaging caused an average accuracy
drop of 3.8% and reduced robustness under occlusion by
over 3%. These results confinm that both spatio-temporal
attention and dynamic weighting are critical to the
effectiveness and resilience of the respective models. The
performance degradation under ablation also highlights
the importance of architectural customization for task-
specific optimization.

3.2 Results discussion

In five complex environments, Stam-FINET consistently
outperformed the baseline model, with an average
accuracy rate of 87.32%. This model maintains high
recognition  stability under wvarious challenging
conditions such as urban clutter, low light and industrial
occlusion. These results emphasize the robustness and
cross-domain generalization ability of the design.

In terms of modal attention distribution, although the
image mode 15 dominant, the text and audio modes show
higher marginal promotion rate. Text modal fusion is
improved by 19 8%, which shows that it plavs a key role
i understanding semantic context. The audio mode 1s
improved by 17.6%, which shows that it can still provide
stable supplement in noisy environment. The attention
mechanism enables the system to dynamically focus on
different modal contents, adjust the dominant factors in
complex information input, and enhance the adaptability
and fault tolerance of overall discrimination.

STAM-FNet reduced inference latency by 6 ms
compared to CMMF (28 ms vs. 22 ms) and improved the
average frame rate by 15 FPS (65 FPS vs. 50 FPS), as
shown in Figure 3. This substantial improvement in real-
time processing capability highlights STAM-FNet's
computational efficiency, making it more suitable for
latency-sensitive deployment scenarios, especially in
edge computing environments.

In the occlusion test, the modal accuracy of the image
dropped to 55.8% under the occlusion condition of 73%,
while the STAM-FNet still maintained 79.1%. The fault
tolerance rate of the fusion structure 15 improved by
nearly 20%, which verifies that the robust mechanism
design 1s effective, and 1t can compensate the single-mode
failure and keep the overall performance of the system
stable. Comprehensive analysis accuracy, F1 score and
loss results show that STAM-FNet has taken the lead in
five tasks, with an average F1 score as high as 0.91 and
the total loss controlled within 0.291. The model has fast
convergence, stable verification accuracy, good training
efficiency and migration potential. Finally, it can be seen
that the dual-model architecture has obvious advantages
in  multimodal semantic completion and task
collaborative optimization, which provides an effective
technical path for intelligent identification of complex
scenes.
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3.3 Comparative discussion with state-of-

the-art models

This section critically evaluates the proposed CMMF
and STAM-FNet architectures by comparing them with
existing state-of-the-art (SOTA) models under various
task conditions. STAM-FNet consistently outperforms
other models in dyvnamic, noisy, and occluded scenarios
due to its spatio-temporal attention mechanism and
temporal modeling capacity. In tasks requiring fast
adaptation, such as motion recognition and cross-modal
alignment, 1ts frame-wise attention and 3D convolutional
design vield over 6% accuracy gain compared to the best
S0TA baseline. CMME, however, shows stronger
performance in static and low-motion contexts, where its
lightweight structure and high feature alignment
efficiency preserve accuracy with minimal computational
cost.

Despite these advantages, both models exhibit
limitations. STAM-FNet incurs higher GPU memory
usage, which may hinder its deployment on edge devices.
CMMEF lacks fine-grained temporal modeling, resulting
i degraded performance on rapid scene transitions.
These behaviors can be attributed to architectural
differences—STAM-FNet's deeper, attention-rich lavers
support adaptability, while CMMF priontizes structural
compactness. Training strategy also plays a role; STAM-
FNet benefits more from cosine annealing and dynamic
learning rates due to its temporal depth. Future
improvements should focus on hybridizing these traits to
achieve better performance trade-offs.

4 Conclusion

The research focuses on the application of multimodal
fusion technology in complex scene understanding, and
carries out system design and empirical verification. The
proposed CMMF and STAM-FNet models are optimized
for structural alignment and spatio-temporal semantic
modeling  respectivelv. STAM-FNet consistently
outperformed other models across all five benchmark
tasks, achieving an average F1l score of 0.9066. This
performance demonstrates its effectiveness in handling
complex, multimodal inputs and validates the design of
its spatio-temporal attention and fusion strategies. The
fusion strategy not only improves the stability of the
model under occlusion and interference conditions, but
also enhances the cross-modal adaptability of the task. F1
score and convergence curve further prove that the model
has good tramning efficiency and deployment potential
while maintaining stable performance.

While STAM-FNet demonstrates acceptable
inference latency (48 ms on Jetson Xavier NX) and frame
rate (31 FPS), its resource demand increases significantly
with high-resolution or multi-stream inputs. Thus,
although suitable for deplovment on higher-end edge
platforms, optimization remains necessary for ultra-low-
power of memory-constrained enviromments. Future
work may explore lightweight variants of STAM-FNet or
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hvbrid quantization strategies to enhance scalability
without sacrificing recognition robustness.

Future research can be carried out in three directions.
One iz to build a more universal lightweight fusion
architecture to improve the deplovment efficiency and
task response ability of the model on edge devices. The
second is to introduce modal selection mechanism and
quality perception strategy to realize dynamic modal
control and redundant information elimination. The third
is to expand the application boundary, embed the model
in the highly dynamic and sensitive fields such as multi-
modal human-computer interaction, disaster early
warning and medical imaging, and promote the evolution
of multi-modal understanding technology in the direction
of higher semantics, stronger robustness and lower
resource consumption, so as to provide sustainable
support for intelligent perception svstems.
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Abstract—NMany existing systems struggle to strike a balance
between global feature discrimination and local semantic
understanding, despite the growing popularity of Self-Supervised
Learning (SSL) for representation learning with unlabeled image
data. This study introduces a novel SSL framework—Contrastive
and Contextual Self-Supervised Representation Learning
(C2SRL)—which integrates contrastive learning mechanisms with
auxiliary context-based pretext tasks, specifically rotation
prediction and jigsaw puzzle solving. The proposed C2SRL
enhances two leading constructive models, SimCLR and MoCo, by
incorporating contextual modules and a unified multi-task loss
function. thereby improving the robustness and generalizability of
the learned representations. A lightweight ResNetr backbone is
employed for encoding, followed by a dual-view augmentation
strategy and a projection head that maps features into a
contrastive embedding space. The proposed C2SRL outperforms
existing SSL approaches in terms of classification accuracy and
clustering coherence on the STL-10 and CIFAR-10 datasets. two
benchmark datasets. It demonstrates strong scalability, as
evidenced by its 80.6% mAP and 0.81 NMI, achieved using only
10% labeled data for fine-tuning. These results highlight the
potential of combining conrextual and contrastive learning
objectives to generate rich, transferable visual representations for
low-label or label-free applications.

Keywords—Self supervised learning (SSL); unlabeled image
data; representation learning; comtrastive learning; convelutional
neural network (CNN); image classification; feature embedding;
label efficient learning

1. INTRODUCTION

A. Background and Motivation

Self-supervised learning (SSL) has emerged as a game-
changing method for machine learning (ML), particularly in
fields where labeled data 1s scarce or nonexistent [1]. With SSL,
models can learn meaningful representations from unlabeled
data, unlike standard supervised learming that depends
significantly on manually annotated datasets [2]. This is
especially helpful in areas such as voice recognition natural
language processing (NLP), and computer wvision, where
obtaining labeled data i1sn't always feasible, expensive, or
practical [3]. One significant benefit of SSL is that it can utilize
pretextual jobs to generate supervisory signals directly from the
data, allowing it to extract high-level characteristics [4]. Without
human oversight, the model can acquire rich. generalizable
representations due to these assignments [3]. Many currently
consider SSL an effective method for developing scalable
models that can utilize what they've learned for subsequent
tasks, such as segmentation, object identification, and image
classification [6]. An inecreasing number of real-world

*Corresponding Author

applications have found that obtaining labeled data is a
significant challenge, and SSL provides a possible solution for
model creation in these situations [7]. For example, specific
fields include medical imaging, autonomous driving, and
surveillance, where annotating data would be impractical or
expensive [8]

B. Problem Statement

Despite the significant advances 1 SSL, developing robust
algorithms to handle complex visual data effectively remains a
key challenge [9]. To achieve existing performance, traditional
deep learning (DL) models, such as CNNs, often require
massive labeled datasets [10]. Unlabeled data poses a significant
challenge for these models when generalizing to real-world
problems, as it is difficult to extract discriminative features [11].
The absence of supervisory signals is the primary obstacle in
SSL, as it hinders models’ ability to acquire valuable
representations [12]. The use of positive and negative pairings
for learning representations has shown promise in contrastive
learning-based techniques (e.g., MoCo, SimCLR), vet these
methods still encounter challenges with scalability and feature
variety [13]. There 1s still a need for fine-tuning and a thorough
examination across various tasks for non-contrastive techniques,
which do not depend on negative parings vet still offer certain
advantages [14]. In addition, better criteria for evaluating the
quality of learnt representations are required. particularly for
feature uniformity, clustering behavior, and generalization to
downstream tasks [15].

C. Motivation for the Proposed Framework

How can self-supervised learning (SSL) learn wvisual
characteristics from unlabeled photographs better? Present SSL
algorithms generally disregard image-wide changes to analyze
1solated regions or vice versa, instead using local features.
C2SEL. a novel approach, is the primary focus of this study in
addressing this challenge. This method combines contextual
learning for local knowledge and contrastive learning for global
comprehension by utilizing mmage rotation predictions and
puzzles. SSL models should be more accurate and helpful when
labeled data 1s scarce.

The novelty of the study lies in the fact that Self-Supervised
Learning (SSL) has made significant strides in wvisual
representation learning; however, existing methods generally
fail to integrate global feature discrimination with local semantic
comprehension. Most modern models employ contrastive aims,
which overlook fine-grained picture context in favor of instance-
level differences, particularly in the cases of SimCLR and
MoCo. They struggle with spatial awareness and structural
coherence tests due to this deficiency. Although some have
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attetnpted to do so, most systems address supplementary
activities separately rather than integrating them into a
comprehensive  learning  framework.  Thus, learned
representations may not be resilient. generalizable. or
semantically nich enough for future applications, particularly
when labels are unavailable or when there are only a few labels
available. This study presents a hybrid SSL approach that
utilizes contrastive learmng and context-aware auxiliary tasks to
address these 1ssues. The model optimizes many tasks. It aims
to gmve more meamngful and generalizable feature
representations. Therefore, the proposed study 1s essential for
bridging the gap created by existing contrastive learning
approaches and fulfilling the rising requirement for accurate,
label-efficient visual representations in practice

D. Objectives and Scope

The primary objectives of this research are:

* To propose a novel SSL model that integrates
contrastive learming and pretext tasks to learn robust
image representations without labeled data.

e This study evalvates the performance of the proposed
approach using standard datasets, including CIFAR-10,
STL-10, and ImageNet, and compares the results with
those of existing SSL models.

o Tointroduce new evaluation metrics, such as embedding
uniformity, t-SNE visualization, and normalized mutual
nformation  (NMI). which provide a more
comprehensive assessment of learned features and
clustering behavior

This work focuses on unsupervised learning using unlabeled
image data and aims to demonstrate how SSL techniques can be
effectively applied in settings where annotated data 1s limited or
unavailable.

E. Contributions of the Study
The contributions of this research are as follows:

e Introducing a contrastive learning framework
incorporating multiple pre-text tasks to improve the
quality and diversity of learned representation.

e FEvaluating the proposed Contrastrve and Contextual
Self-Supervised Representation Learning (C2SEL)
framework across several standard image datasets, using
both traditional metrics (eg. accuracy) and novel
evaluation techniques (eg. embedding umformity
score).

e A detailed comparison with existing SSL approaches,
such as SimCLR and MoCo, demonstrates the
effectiveness of the proposed approach in leaming
representations that generalize well to downstream
tasks.

F. Structure of the Srudy

The study 1s prearranged as follows: Section II describes
related works. Section III describes the suggested C2SRL
model. Section IV offers experimental outcomes. Section V
presents the discussion. Finally, Section VI concludes the study
by discussing potential future work.
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II. LITERATURE SURVEY

Banafshe Felfeliyan et al. [16] suggested the Mask-Region-
based Convolutional Neural Network (MRCNN) for Medical
Image Segmentation with Limited Data Annotation. This study
utilizes the Osteoarthritis Initiative dataset to evalvate the
effectiveness of the proposed approach for segmentation tasks
under various pre-training and fine-tuning conditions. The Dice
score was 20% higher after using this self-supervised pre-
tramning strategy instead of starting from scratch during training.
Anomaly detection, segmentation, and classification are just a
few examples of medical image analysis tasks that may benefit
from the proposed SSL. This learning model 1z easy to
implement and produces optimal findings.

¥in Zhang and Liangxiu Han [17] proposed a generic SSL
for Representation Learning from Spectral Spatial Features of
Unlabeled images. Innovative pretext problems for object- or
pixel-based remote sensing data interpretation systems are
planned. One pretext task can retrieve spectral characteristics
from masked data. This allows pixel data extraction and activity
acceleration via pixel-based analysis. Two popular downstream
task evaluation activities show how the SSL approach learns a
target representation from vast volumes of unlabeled spatial and
spectral data.

Soroosh Tayebi Arasteh et al. [18] recommended the vision
transformer (ViT) for diagnostic DL wvia self-supervised pre-
traming on large-scale, unlabeled non-medical images. To train
a vision transformer, the author used three different sets of data:
i) SSL pre-training on tedical images, i) SL pre-training on
non-medical images (ImageNet database), and ui) SL pre-
training on chest X-rays, which is the biggest publicly available
labeled chest radiograph dataset to date. Owver 800,000 chest X-
ravs from 6 massive worldwide databases were used to evaluate
the technique, which diagnosed over 20 dissimilar imaging
results.  Statistical  significance  was  assessed  using
bootstrapping, and performance was measured by computing the
area under the ROC curve. Selecting the appropriate pre-training
technique, particularly with SSL. 1s crucial for accurate medical
imaging Al diagnosis.

Jiahe Shi et al. [19] discussed the Self-supervised On-device
Federated Learning (SSL-OD-FL) from Unlabeled Streams.
Even though federated learning has become popular for enabling
privacy-preserving distributed ML, the traditional framework
can't manage these massive amounts of decentralized unlabeled
data with limited edge storage resources because it doesn't have
a data selection method to choose streaming data efficiently
Data privacy is maintained since clients do not exchange raw
data while acquiring accurate visual representations. The results
of the expeniments demonstrate that the proposed strategy 1s
effective and successful in learning visual representations.

Chen Zhang et al. [20] discussed Federated Global Self-
Supervised Learning (FGSS) for large-scale unlabeled mmages.
The author devised an accumulation technique that takes into
account the fact that every customer's local data is unique by
adjusting the weight of each local model according to the size of
its dataset and the frequency of its contacts. The experimental
findings demonstrate that, under certain conditions proposed
framework achieves better performance than exsting
approaches in both ITD and non-IID environments.
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MAF. Abdollah et al. [21] presented a Transformer
encoder-based SSL approach for HVAC fault recognition using
unlabeled images. The two-state Markov chain method
deliberately  hides parts of the multivariate time-series
information. Predicting these hidden parts trains the model. This
method offers a scalable solution for real-world HVAC
applications that is not reliant on labeled data. The Peak Over
Threshold (POT) technique assigns labels to anomalies by
fitting the reconstruction error to a comprehensive Pareto
distribution, which dvnamically defines thresholds. The model's
capacity to identify both sequential and individual errors is
shown. A failure period was identified from October 19th to
December 23rd due to a change in the data trend observed by the
monitoring system.

Depeng Kong et al. [22] introduced the contrastive learning-
based knowledge transfer technique (CLTrans) for semi-
supervised fault analysis. Using unsupervised similarity
matching on massive amounts of unlabeled data, CLTrans
improves downstream tasks. A CLTrans-pre-trained feature
encoder can effectively adapt to varied tasks, regardless of the
data distribution, and extract a discriminative representation of
the vibration signal. Experimental findings show that CLTrans
beats traditional DL and existing semi-supervised fault
diagnostic methods in terms of accuracy and domain
adaptability, particularly when working with restricted labels.
Data collecting and annotating can be made easter with the help
of unsupervised knowledge transfer and mining.

Zhonglin Zuo et al. [23] examined an unlabeled multi-class
non-leak data system for autonomously identifying leaks in
natural gas collecting pipelines. The representation learning of
the semi-supervised model i1s enhanced by the suggested SSL
approach, and unlabeled multi-class non-leak data 1s modeled
using the supplied multi-sphere support vector data description.
Through the integration of feature clustering and pseudo-label-
based classification, the ability to learn unsupervised multi-class
non-leakage information categories is made possible. Improving
the solution's performance 1s as simple as using a reliable
technique for calculating leak scores. Finally, the experimental
findings using pipeline field data demonstrate that the proposed
strategy is effective.

Most current methods focus on context-based tasks or
contrastive learning alone, overlooking the potential synergistic
advantages of combining the two paradigms, despite SSL
having made significant progress with models like MoCo and
SimCLR. Much previous work overlooks generalizability to
downstream tasks without supervision or resilience across
various augmentation contexts, instead focusing on the quality
of representation. One important area, where research is lacking,
1s a cohesive framework that might improve feature
expressiveness by combining global instance discrimination
with local semantic comprehension To address this, the
Contrastive and Contextual Self-Supervised Representation
Learning (C25RL) model emplovs a hybrid leaming approach
that integrates context-based auxiliarv tasks, such as jigsaw
solving and rotation prediction, into a multi-task optimization
framework. This model aims to close the gap between the two
approaches. Due to this integration, the learned representations
become more flexible and robust in terms of semantic richness
and structural coherence. To achieve better results on
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downstream picture interpretation tasks, even in situations with
little labeled data, the C2SRL model's unique dual-focus design
combines global contrastive goals with fine-grained contextual
cues.

III. CONTRASTIVE AND CONTEXTUAL SELF-SUPERVISED
REPRESENTATION LEARNING (C2SRL)

The capability to learn visual representations from unlabeled
image data using pretext tasks, such as transformation prediction
and instance discrimination, has been demonstrated by existing
self-supervised methods. Manv methods have been developed to
improve performance on subsequent tasks; one of them is the
instance discrimination and masked image modeling strategy,
which uses a contrastive learning goal to train and treats each
picture as a separate class. There is a significant data gap
between this achievement and real-world data for future
purposes, including city sceneries or crowd scenes, as it relies
on the carefully selected object-centric dataset ImageNet.
Without understanding the scene's fundamental architecture—
its numerous objects and intricate  layouts—instance
discrimination pretext would severely limit the use of scene-
centric data for pre-training. Accordingly. it will prioritize
learning scene-centric visuval representations from untagged
data. Two major schools of thought have emerged in recent
years to address this question. Dense representation learning's
one stream simplifies the instance discrimmation problem to a
pixel-level problem, making it more applicable to the dense
prediction challenges that follow. However, these approaches
are still unable to learn representations because they cannot
replicate the object-level interactions observed in scene-centric
data. Unsupervised clustering, saliency estimators, unsupervised
object proposal algorithms, and handcrafted segmentation
algorithms rely on domain-specific priors for object
identification. However, there is another line of study that
attempts to accomplish object-level representation learning

Fig. 1 shows the proposed C2SRL Model. The first step of
the pipeline involves taking an input picrure and applving
random changes, such as cropping, color jittering, and flipping,
to create two additional views. Following the passage of these
views through a common encoder network, typically a
convolutional neural network such as ResNet, a projection head
is used to convert the high-dimensional features into a lower-
dimensional embedding space that is optimal for computing
contrastive loss. Utilizing the InfoNCE loss, this component
combines positive pairings (identical picture views) and
distinguishes negative pairs (dissimilar itnage views). Rotation
prediction and jigsaw puzzle solving are context-aware auxiliary
tasks with the same encoder. With rotation prediction, this
research can train a classifier to anticipate which of four
predetermined angles to rotate pictures by, prompting the
network to identify characteristics unique to each orientation. A
jigsaw puzzle 1s a type of spatial thinking exercise in which a
solver attempts to identifv the correct permutation label by
dividing a picture into patches and rearranging them into
specified permutations. These tasks are fed into dedicated
processing umits using cross-entropy losses to maximize
performance. Lastly, a multi-task loss function 1s used to guide
the joint optimization of the encoder, which combines all three
tvpes of losses: comtrastive, rotational, and jigsaw puzzle. The
result is a strong. pre-trained encoder that can make sense of data
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semantically: this encoder can be fine-tuned for subsequent
tasks, such as clustering or classification, particularly n
situations where labels are unavailable.

A, Multi-View Generation and Representation Embedding

In the first phase of C2SRL, the model processes raw,
unlabeled input data x; €D through stochastic data
augmentation strategies. The aim 1s to produce semantically
mvariant vet appearance-diverse views that simulate real-world
variance. The two augmentations x! and x? for each image,
random transformations T, and T,, which include color
distortion, cropping, flipping, and Gaussian noise, as in Eq. (1).

1 @
13

2 X

=T,(x;), To(x;), whereT; and T, ~4 (1)

Each augmented view 1s then passed through a shared
convolutional encoder network f:RF*W*€ 5 R? | such as
ResNet-30, to extract high-level semantic features_ as in Eq_ (2)-

R = f(xM), P = (=) @

To reduce overfitting and enforce contrastive separation n
the latent space, this research further maps these embeddings

through a projection head g : R — ]R;d'= often implemented as
a 2-layer MLP with ReLU and BatchNorm, as in Eq. (3):

=0l P=a®)  ©

Algorithm 1: ResNet Encoder for Self-Supervised Representation
Learning
Input:

Augmented image view v € RIEFWE

ResMet depth: Reshet-18, Reshet-50

Output:
Representation vector h € R4

1: function ResNet_Encoder{v):

Vol. 16, No. 7, 2025

2:  #Initial convolution and max pocling

3 x « Conv2D(v kernel_size = 7 x 7, stride = 2, padding = 3)
4:  x +« BatchNormix)

5 x « RelU(x)

6 x & MaxPeool2D(x, kernel_size = 3 x 3,stride = 2, padding =
L

7. # Residual blocks (based on depth)

8:  x +« ResBlock_Layerl(x) #e.g., 64 fiters
9 x +« ResBlock_Layer2(x) #eg., 128 filters
100 x = ResBlock_Layer3(x) #eg., 256 filters
11: x = ResBlock_Layer4(x) #eg, 512 filters

12: # Global average pocling
13: x = GlobalAvgPool2D(x)

14:  #Flatten and normalize
15: h = Flatten(x)
16: h = Normalize(h)

17: return h

Algorithm 1 shows the ResNet Encoder for Self-Supervised
Representation Learning. After applving domain-specific
augmentations, the ResNet encoder processes each mput picture
to create a high-dimensional representation. Max pooling. batch
normalization, ReLU activation, and a 7=7 convolutional laver
are the first steps in the process, which help reduce spatial
dimensions while preserving important characteristics. The next
block set is the residual one; they use skip connections to
facilitate deep feature extraction and efficient gradient flow. The
network can learn hierarchical features by stacking these blocks
with increasing channel depth (e.g.. 64, 128, 236, 312 filters).
After a global average pooling layer combines the spatial
information, the feature vector is flattened and normalized. This
transformed result forms the basis for subsequent self-
supervised learning tasks and 1s fed into the contrastive
projection head in SimCLR or MoCo.
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STT. 10 Dratased

s

_/

>

Fnender

View 2

by

Fig. 1.

—
b aint Loss —b{ Tigsaw Purrle ‘

Proposed CZSRL model.

801 |Page

www.ijacsa.thesaiorg



(IJACSA) International Jowrnal of Advanced Computer Science and Applications,

SimCLR

=

Augmented ﬁuw] {Angnmm‘l View
1 2

y

L J

NT-Xemt Tass

Vol 16, No. 7, 2025

MoCo
P \
Query View ] [ Koy View

\ J
Momenlum
& Encoder

—

Encoder | etonary (Jusue,

o)

|

w3}

(D,
lD

InfuNEE Loss

Fig. 2. SimCLE versus MoCo pipeline comparison.

Fig. 2 illustrates the comparison between the SimCLR and
MoCo pipelines. To implement SimCLR (left), two avgmented
representations of the same picture are fed into a common
encoder and projection head. Then, a contrastive loss function,
NT-Xent (Normalized Temperature-scaled Cross Entropy loss),
15 utilized to group positive pairings and separate negative ones
from the same batch. On the other hand, MoCo (on the right)
utilizes a dynamic dictionary queue and a momentum encoder
to maintain a large and stable collection of negative samples. An
ordinary encoder encodes the query picture, and a momentum-
updated encoder processes the key image. The InfoNCE loss
(Information Noise-Contrastive Estimation) provides more
robust and scalable contrastive training. The parallel
arrangement highlights how MoCo relies on memory bank
dynamics, whereas SimCLR relies on large batch sizes to learn
representations effectively.

B. Contrastive and Contextual Objective Functions

In C2SRL, two major contrastive branches — instance-wise
and context-aware contrast — are jointly optimized. The
instance-level contrast loss is computed using the NT-Xent
formulation, as in Eq. (4):

;o 2
;im\zgi),z!:zJ )
exp| — L)

T
LSmCLR = o0

=1 L[jei] 5P

Here, Sim(.) denotes cosine similarity, and 7 indicates
temperature parameters encouraging hardness-aware negative
mimng.

C2SEL introduces contextual learning wvia a dedicated
context encoder module ¢ (- ) that extracts spatial or semantic
relationships from local regions within x; Let ¢; = c(x;) € R
represent the contextual descriptor. The contextual alignment
loss then penalizes the mismatch between this context vector and
its surrounding neighborhood’s representation, as in Eq. (3):

1oy 1 2
= —E[=1 || (= EZJ'E.P[ Zj ||

®)

Leontext

Furthermore, the context-weighted contrastive loss 1s
defined to enhance informative sample relationships:

C25RL
o =_

As shown in Eg. (6), where a; = sim (¢, z;) € [0,1]
captures the contextual alignment between embedding and
context.

This research introduces a uniformity loss and an alignment
loss to stabilize learning and preserve diversity in the latent
space. The uniformity loss ensures dispersion over the
hypersphere, as in Eq. (7):

Lum‘form = 103 (‘.\%zﬁ;ilexp (_2"2(' _z}'"j)) (7)

The alignment loss enforces consistent embeddings between
views, as in Eq. (8):

Loy (1.0 _@?
Lajign = ;Zi\=l||zl — %l ®
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Fig. 3. Self-supervised learning workflow.

Fig. 3 shows the SSL workflow. The mternet's full potential
can be realized by finding methods to tap into the vast amounts
of unlabeled data available worldwide. SSL can be tramned
without human input because it 15 a subfield of ML rather than
supervised learning. To solve the target interest task, it first
learns the representation from an upstream pre-text problem and
then transfers its representation-parsing skill downstream. Since
labels are no longer required for model training in the pretest
task, any unlabeled data source can be utilized, regardless of it
relevance to the target task. The network is pre-trained upstream
of SSL. and its weights are fine-tuned using particular data
downstream. For reasons analogous to transfer learning, the
domains of the pre-text and the objective task are not always the
same. Though SSL works best when pre-trained with the same
data. Prior networks trained using natural imagery often perform
worse than upstream networks tramned diectly with medical
resources, regardless of the amount of fine-tuning applied. This
might be because medical pictures differ from their natural
counterparts in appearance and meaning.

Algorithm 2: Contrastive and Contextual 55L
Input:

- Unlabeled dataset D = {xs.x0...., 30}

-Augmentations T = {ty o}

- Encoder f(-), projection head g(*)

- Epochs E, batch size B, temperature T
Output:

- Trained encoder f(+)

1:forepoch=1to E do
2: for batch {x;} € Ddo
31 Generate views: 1yy — t1(x) v = f2(xg)
4:  Representations: zp «— g(f(wia)) 2z = g{f(wz))
5t Leonrrase & NT — Nent(ziy, 22, 7)

[

7

: r; « Rotate(x;),L_rot «
CrossEntropy(RotationClassifier(f(r:)))

3 Ji + Jigsaw(x:). L jig «—
CrossEntropy(JigsawClassifier(f (7))

a:

10: Lipeaié Loontrasr + A2+ Lrot + Ao+ Ly,
11: Update the model using L.

12: end for

13: end for

Return: f(-)

Algorithm 2 shows the C2SRL pseudocode. The procedure
starts by applving two separate augmentation functions to each
input picture to create contrastive embeddings. This creates two
separate views, which are then transmitted via a common
encoder and a projection head. Afterwards. these embeddings
are used in an NT-Xent function, which pulls positive pairings
(augmented views of the same picture) closer together in the
embedding space and pushes negative pairs (views of distinet
images) further away. Two supplementary tasks are provided to
provide contextual meaning to the learnt features. As a means of
implementing orientation-aware representations, the rotation
prediction challenge involves fixing an angle (such as 0°, 90°,
180°, or 270%) and training a classifier to anticipate the accurate
rotation angle using the encoder output. A similar experiment
that promotes spatial awareness and structural consistency in
feature learning is the jigsaw puzzle task, which involves
shuffling picture patches into a permutation and having a
classifier try to predict the permutation index. Combining the
weights of the contrastive, rotation prediction, and jigsaw
classification losses vields the overall loss function. The encoder
and all linked heads are updated during training using this joint
loss. The encoder can be used for downstream tasks, such as
classification or clustering, immediately after training, even
without labeled tramning data. It can be fine-tuned. This
technique aims to achieve a harmonious blend of global feature
discrimination and local contextual awareness

C. Joint Optimization and Model Update

The total loss objective of C25RL unifies all components
into a weighted sum optimized via stochastic gradient descent:

Logray = Ay - LR 4 05 Lonpene + 43 Lomiform + A5 * Latign [©)]

As inferred from Eq. (9). where A,,..4, are
hyperparameters that control the impact of each objective.

The backpropagation-based parameter update rule is, as in

Eq. (10):
8«8 —1 Vol where 8 ={f, g, c} (10)

To integrate momentum encoding (as in MoCo), this
research includes a momentum encoder f, updated via
exponential moving average, as in Eq. (11):

6, = m- O +(1—m)- 8, wherem €[0.99,1] (1)
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Fig. 4. Constrative representation learning.

Fig. 4 shows the constructive representation learning. The
representation h 18 projected using a network denoted by the
function g(.) and the embedding function f(.). The projection
head used a non-linear hidden laver, usually composed of the
representations z, to help map them to a vector space. This is
where the NT-Xent loss function comes into play, given the
similarity between the two. The learnt representations may be
transferred using the pretrained network that 1s produced. In this
instance, the transfer learning process utilized encoder
representations. When learming discriminative representations,
the triplet loss function is seen as useful for training an encoder
to distinguish between positive and negative samples. The
C2SEL  architecture incorporates contextual learning
techniques, such as local patch alignment and spatial co-
occurrence modeling, alongside traditional contrastive learning.
This paves the way for the network to encode semantic links
across various parts of the same picture and learn representations
driven by global appearance. Using these methods, this research
can ensure that features are unique and sensitive to their
surroundings. For a more refined learning dynamics, this
research employs distributional regularization approaches, such
as variance confrol and embedding uniformity, to promote
balanced feature space utilization and prevent representational
collapse. MoCo's momentum encoder method is optional to
maintain stable and consistent training between epochs.

IV. RESULTS

The STL-10 Image Recognition Dataset is to be thanked for
supplving the data [24]. The STL-10 image recognition dataset
is an upgrade over CIFAR-10. This dataset is ideal for deep
learning, unsupervised feature learning, and self-taught learning
algorithms due to 1tz 100,000 unlabeled pictures and 500
training shots. Due to the dataset's higher resolution than
CIFAR-10, it 1s challenging to construct scalable unsupervised
learning systems using it. Included in the data summary are the
following files: images zip, which contains training images, and
images. Zips for unlabeled use. Ten categories: arrplanes, birds,
cars, deer, cats, horses, dogs, ships, monkeys, and trucks; 96x96
pixels full color; 500 training shots (10 pre-defined folds) and
800 test images per class. To use m unsupervised learning, using
a dataset of 100,000 photos. This curated collection is derived
from a larger. related set of photographs. Included in the
extensive list of species and vehicles are bunnies, bears, trams,
and buses, among many more. For picture retrieval, the labels in
ImageNet were used. Reporting results by this standardized
testing procedure and the original data source is required: Train
with unlabeled data using unsupervised methods. When training
with labeled data. ten (pre-defined) folds of 100 samples were
used. Table I shows the experimental setup.

TABLEI EXPERIMENTAL SETUR
‘Component Configuration

STL-10 (100.000 unlabeled images for S5L pre-training, 5,000 labeled for
Dataset .

fine-tuning)
Image Size 96 = 96 pixels
SST. Methods E\;:IOCO (_\_-.'[_omenrur:n Contrast v2), SimCLE (Simple Framework for

ontrastive Learning)

Pre-texst Tasks Contrastive learninz. Rotation prediction, Jizsaw puzzle solving
Backbone Network ResNet-18 (Lightweight for STL-10), pre-tramed via S5L methods
Batch Size 256 (for contrastive leaming)
Leamning Rate 0.03 (3imCLR) / 0.06 (MoCo), with a cosine annealing schedule
Optimizer Stochastic Gradient Descent (SGD) with =09
Epochs (Pre-training) 200
Epochs (Fine-tuning) 100 {on labeled subset for classification task)
Hardware 32 GB RAM, NVIDIA Tesla V100 GFU
Software Libraries PyvTorch 2.x Torchvizion, NumPy, aci-kit-learn
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1) Mean Average Precision (mAF): The Mean Average
Precision (mAP) 15 a well-established and reliable metric for
evaluating the effectiveness of ranking and classification
algorithms in scenarios with numerous classes and limited
labels. For jobs further down the pipeline, mAP can verify
whether the learned representations remain valid within the
C2S8RL framework, which does not utilize human-annotated
labels during pre-tramning. Every target category 1s averaged by
mAP after calculating the area under the precision-recall curve
for each class. Here is the formulation:

o
|74

As shown in Eg. (12), where @ denotes the number of
queries and recall (k) 1s a binary indicator showing whether the
kth prediction is relevant. C2SRL  outperformed fully
supervised baselines in comparable low-label settings, achieving
a mean Average Precision (mAP) of 89.6% on the STL-10
dataset with just 10% labeled data for fine-tuning. Fig. 3
demonstrates the mean average precision

mAP =$z° (

a=1 Z!fqul Precision(k) -‘recaii(k)) 12y
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2} Inference rime: For real-time systems that depend on fast
decision-making, inference time is a crucial operational
measure. The time it takes for the trained model to process and
predict labels for one instance 1s quantified. This study used
GPU acceleration to assess C2S5RL's inference latency on
several datasets. Here 1s the expression for the computation:

Tag = 3 Za (67 — 77 (13)

As inferred from Eq. (13), where N 1s the number of
samples, and £7°7° £f"?  are timestamps before and after
inference for the ith image. Deploving the C2SRL model in
resource-constrained or edge-computing scenarios, such as
autonomous drones or mobile vision systems, is feasible, since
the model showed an average inference time of 13.2 minutes per
image on CIFAR-10. Fig. 6 shows the inference time.

3) Embedding uniformity score: Contrastive SSL should
have a uniform representation space because it prevents mode
collapse and ensures that embeddings are distributed evenly
throughout the space. The embedding uniformity score will be
high if the representation vectors consistently cover the unit

hypersphere. Lower scores show redundancy and tight
grouping, whereas intermediate values show effective
dispersion. A metric is calculated by
- ¥
U =108 e pmp [e 2151 ] a4

As discussed m Eq. (14). z; and z; are normalized
representation vectors of images x; and x;. The C2SRL model
achieved a uniformity score of -1.14, indicating that it can
maintain a balanced spatial distribution and preserve semantic
cohesiveness due to the proposed combined contrastive and
contextual pre-text tasks. Fig 7 shows the embedding
uniformity score.

4) t-SNE visualization: Using t-distnbuted Stochastic
Neighbor Embedding (t-SNE) for a 2D projection of the high-
dimensional representation space, this study aimed to provide
qualitative insight into the usefulness of the leamed feature
embeddings. Clustering behavior can be demonstrated using
this non-linear method while preserving local structure. To
reduce the Kullback-Leibler divergence between the
distributions of the probabilities of paired similanties, the t-
SNE method 1s used

KLPIQ) = Zepylog(2)  19)

As discussed i Eq. (15). where p;; denotes the jomnt
probability in high dimensions and g;; in the low-dimensional
space. Even without labels during training, visualizations of
C25RL embeddings on the CIFAR-10 dataset showed tight,
well-separated clusters per semantic category. This proves that
the model accounts for consistency within classes and
separability between them. Fig. § shows the t-SNE visualization.

information  (INMI):
generated by unsupervised learning and the agreement between
the ground truth labels can be measured using Normalized

3) Normalized mutual Clusters

Vol. 16, No. 7, 2025

Mutual Information (NMI). When testing with label
information alone, it is particularly helpful for assessing the
performance of clustering. This research defines the NMI as:

2-4(C.¥) (16)

NMI(C.Y) = H(C)+H(Y)

As deliberated in Eq. (16), where I{C,¥) is the mutual
information between the predicted cluster assignment € and the
true labels ¥, and H () i1s the entropy. Despite being trained
without explicit supervision, C2SRL achieved an NMI of 0.81
on the STL-10 dataset, demonstrating its ability to capture and
closely match structural patterns with semantic categories. Fig.
9 shows the normalized mutual information. List the ways the
C28FL architecture is better than previous self-supervised
learning approaches to understand its uniqueness and utility.
Traditional case discrimination systems, such as MoCo and
SimCLR, emplov contrastive learning. C2SRL combines
contextual semantic thinking with contrastive goals, utilizing
Jjigsaw puzzles and rotation prediction. Due to this integration,
the model recognizes both global and local wvisual patterns,
thereby umproving feature representation. The fact that C25RL
achieves higher classification accuracy (92.4% on CIFAR-10
and 84.7% on STL-10) with just 10% of the labeled data
supports these increases. It has greater normalized mutual
information (NMI  0.81). The framework's low-label
effectiveness. as indicated by these improvements over simple
SSL models, supports its usage in computer vision.

V. DISCUSSION

Representation learmning and generalizability testing on
diverse datasets will not affect the intended C2SRL architecture.
In restricted resource contexts, high batch sizes for contrastive
learning are computationally mtensive. Real-time systemns and
edge devices may cause scalability concerns. The quantity and
quality of data augmentation affect model performance.
Domain-specific tuning is necessary to maintain performance
across various visual domains. Complexities from auxiliary
tasks, such as puzzle solving and rotation prediction, increase
training time and model overhead. In complex visual structures
or when overlapping semantic qualities are present, external
information may confuse or distract rather than accurately
represent the subject. There is a need for further validation when
applving the learned representations to tasks outside of picture
clustering and classification, such as object identification or
semantic segmentation. Future research may mvestigate
lightweight designs or adaptive augmentation approaches to
overcome these limitations and develop a more useful and
flexible system

VI. CONCLUSION

This study proposes the C2SRL framework, which addresses
key limitations in existing self-supervised learming (SSL)
approaches by effectively combining global feature
discrimination and local semantic understanding. By mtegrating
contrastive learming with context-aware tasks such as jigsaw
puzzle solving and rotation prediction, C2SRL enhances the
generalizability and robustness of learned visual representations.
Experimental evaluations on benchmark datasets, ncluding
STL-10 and CIFAR-10. confirm the framework’s ability to
achieve high classification accuracy, strong feature alignment,
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SEED: A Cross-Layer Semantic Enhanced SLU
Model With Role Context Differentiated Fusion

Changjian Wang, Dongsong Zhang, Shezheng Song, Zhen Huang, Yuxing Peng
School of Computer
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ChangSha, Hunan, P. R. China
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Abstract—The mainstream SLU models, such as SDEN,
take the joint training way of slot filling and intent detection
because of their correlation and add contextual information
to improve the model performance by the contextual vector.
Although these models have proved effective, it also brings
challenges for slot filling. The slot filling decoder is fed with the
deep-layer semantic encoding without alignment information,
which will affect the performance of slot filling. The alignment
information of the history utterances is attenuated in the
context vector because of the repeated fusion process, which
is not conducive to the performance improvement of slot
filling. In order to solve the above problems, we proposed
a novel cross layer semantic enhanced SLU model with role
context differentiated fusion, which eontains two important
improvements: 1) the word embedding information of the
current utterance is introduced into the slot filling decoder
to strengthen the alignment information based on the mutual
attention mechanism; 2) the utterances of different roles are
fused in different ways to rveserve the alignment information
of history utterances in the contextual vector. A large number
of experiments were carried out on the standard dataset from
SDEN, named KVRET#, and the results verify the effectiveness
of our new model. Our model can increase the F1 score of slot
filling by more than 7.5% than the existing models.

Index Terms—Spoken Language Understanding, Role Con-
text, Differentiated Fusion

I. Introduction

Spoken Language Understanding(SLU) [1, 2, 3, 4, 5lis
the core component of task-oriented dialogue system. Its
main goal is to understand the semantics of utterances in
the dialogues and to complete two tasks, slot filling and
intent detection.

Intent detection can be treated as a semantic utterance
classification problem. Slot filling can be treated as a
sequence labeling task. In the early stage, intent detection
and slot filling are usually processed separately.[6, 7. 8]
Later, deep neural networks that jointly perform intent
detection and slot filling(2, 5, 9. 10] have become the
mainstream way because of their strong correlation. Many
studies have confirmed the effectiveness of the joint
training and it is helpful to improve the performance of
slot filling and intent detection. At first, these jointly-
training models only thought about the effect of word
sequence context on intent detection and slot filling. In
fact, the broader context of the sequence of utterances is
also important for the task and the context information in

978-1-6654-0898-1/21/531.00 ©2021 IEEE
DOL 101109 TCTAIS2525 2021.00201
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history utterances helps with the SLU tasks. Therefore, re-
cent models[1, 11, 12, 13, 14, 15] encode history utterances
into the context vector. By adding contextual information,
the decoders of intent detection and the slot filling can
be fed with more semantics, which further improves their
performance. Especially, the accuracy of intent detection
can reach a very high level. Taking SDEN as an example,
the accuracy of KVRET® data set can reach more than
95%.

Although joint training and increasing contextual in-
formation have proved effective, it also brings challenges
for slot filling. Firstly, the slot filling decoder is fed
with the deep-layer semantic encoding without alignment
information in the existing models. Different from intent
detection, slot filling needs explicit word alignment besides
semantic information[6, 7]. Since the contextual vector
deepens the network, the alignment in the word embed-
ding will be diluted with the repeated fusion in the model.
As a result, the slot filling decoder can not obtain enough
alignment information and thus the performance of slot
filling is affected. Secondly, the alignment information of
the history utterances is attenuated in the context vector
because of the repeated fusion process. In fact, different
roles have different conversational habits[16. 17] and slots
mainly exist in the utterances of the responders. But the
existing model fuses history utterances repeatly without
distinction to generate the contextual vector, which will
lead to the weakening of the alignment information in the
history utterances and is not conducive to the performance
improvement of slot filling.

To solve the above problems, we propose a novel cross-
layer SEmantic Enhanced SLU model with role context
Differentiated fusion (SEED). The new model is designed
innovatively in two aspects: first, the word embedding of
the current utterance is introduced to the slot decoder
to enhance the word alignment information, so as to
improve the F1 score of slot filling; second, the utterances
of different roles are fused in different ways to improve the
information fusion effect of contextual vector for slot filling
according to their different importance on slot filling.

Our contributions are as follows:

« A cross-layer semantic enhancement method for slot

filling is proposed. Based on the mechanism of mutual
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Teaching reform and practice of C language course based on
ACM-ICPC competition

LIN Jinzhu, NI Tianwei
(Depulmem of Electrical , Hohai University Wentian College, Ma"anshan 243031, China)

Abstract: Combined with the chaacteristics of C language, this paper introduces the general idea of the G language
course teaching reform based on the ACM~ICPC competition by using a variety of teaching methods such as cases-driven and
hierarchical teaching etc., in order to cultivate students’ interest in leamning C language even further and further sirengthen the
students” programming ability and competition ability. The reform has achieved good teaching results.

Key words: C language; ACM-1CPC; practical teaching
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Research on Distortion Correction of Soccer Robot Image Processing System

Based on Monocular Vision

LIN Jinwhu, MA Chun-yan, NI Tian-wei

( Department of Electronics and Information Engineering, Hohai University Wentian College  Maanshan, 243031, Anhui)

Abstract: The soccer robot image processing system captured the effective image information through the
video capture device and processed it, which provided important information sources for the decision-mak-
ing system, Usually, when the high-speed camera collected the images in the competition field in real
time, there were some problems such as low image acquisition rate, distortion correction effect was not ob—
vious. It presented a distortion correction method of soccer robot image processing system based on monoc—
ular vision in this paper. The camera calibration was corrected by two steps, and the distortion coefficient

was calculated by the least square method, fitting the error. The experimental results showed that the

Oct. 2018
Vol. 7,No. 5

method can effectively improve the overall performance of the system.

Key words: soccer robot; monocular vision; image processing; distortion correction
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Teaching about College Computer Basis Course Based on MS Office Grade Two

LIN Jinzhu, NI Tianwei, LI Saihong
{Electrical and Information Engineering Department, Hohai University Wentian College, Ma' anshan 243031, China)

Abstract: This paper persents the teaching reform and practice of college computer basis course based
on MS Office grade two. Through the preparation of teaching materials and case teaching resource database,
construction of diversified teaching resources, optimization of classroom teaching. improvement of the exam-
ining mode and so on many kinds of ways to advance the reform process in order to adapt to the needs of rap-
id development information society for the computer basis talents. The practice shows that the teaching re-
dents’ interest in cl

form has achieved good teaching effects.It not only improves the learning, but

also improves the students' practical operation ability.

Key words: M5 Office; college computer basis; teaching reform
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Exploration of Teaching Practice in C Language Programming Course under the
Perspective of Professional and Innovation Integration

LIN Jinzhu, NI Tianwei
{Xinyang College, Xinyang Henan, 464000, China)

Abstract: In current  higher education, the professional and innovation  integration has  become a key 1o cultivating

high=quality talenis. Taking the C language programming eourse as an example, this paper explores the path of integrating

innovative entrepreneurship training while imparting professional knowledge, Through setting dual objectives for professional oourses

and innovation entreprencurship, building a mapping relationship between C language professional knowledge and innovative entre-

preneurship knowledge, optimizing teaching methods, conducting innowative entrepreneurship practioss, and  reforming teaching

evaluation methods, this paper aims o |!|Yl\"|llf‘ new ideas for the teaching reform of the C language programming course and

contribute 10 eultivating high-cuality talents with innovative spirit and practical abilities,

Key words: Professional and innovation integration; C language programming: Teaching practice; Innovation and entrepre=

neurship: Curneulum evaluation; Class—eompetition enmbination
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Teaching Reform and Practice of C language Course Based
on Outcomes-based Education
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Abstract;Combined with the current situation and existing problems of C language teaching, this
paper uses the concept of results oriented education, starting from the expected learning results of
students, organizing teaching content with task as the center, creating an open teaching environment,
optimizing teaching factors, and building a scientific and effective evaluation system to carry out
teaching reform of C language course. The practice shows that the teaching reform effectively improves
the teaching quality of C language course and provides support for the achievement of graduation
requirements of this major,
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Abstract: This paper analyzes the teaching status and existing problems of the Java Web application development course
in the context of engineering education professional certification. At the same time, based on the cetification standards for
engmeering education, this paper has reorganized the teaching content of the Java Web application development course, and
carried out reform practices in teaching modes, teaching methods, and educational evaluation, Practice has shown that imple=

menting the teaching philosophy o “student I output oriented, and continuous improvement” in cureulum  reform
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Teaching Reform and Practice of Java EE Platform Course Based on
Applied-talent Cultivation Mode

Ni Tianwei, Lin Jinzhu

(Wan jiang University of Technology, Maanshan Anhui,243031)

Abstract; The cultivation of application—oriented talents is the national education development

requirements for application-oriented universities,

and is the only way for the transformation and

development of application-oriented universities. Java EE platfom course is the core course of applied—
talent cultivation in computer major.This paper analyzes the existing problems of the current curriculum
system, and puts forward the main reform contents and methods of Java EE platfom course curriculum
Keywords; Application-oriented university; Talent cultivation; Java EE platform; Teaching reform
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Research and Practice on the Construction of Artificial Intelligence and Big Data
Professional Groups from the Perspective of “w — Type Talents”

NI Tianwei, LIN Jinzhu
(Xinyang College, Xinvang Henan, 464000, China)

Abstract: With the continuous development of technology, artificial intelligence has beoome a hot topic in the world
technology field. In this context, it is paticularly impartant to cultivate artificial intelligence and big data professionals with
the charaeleristics of " type talents” . Taking the construction of the adificial intelligence and big data professional group
at Xinyang College as an example, this paper propeses an innovative strategy for the construction of professional groups, which
involves innovative training modes, optimization of curriculum sysiems, reform of teaching modes, econsiruction of social practice
education platforms, and integrated development of industry, scademia, and research. Especially in the construction of the
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Abstract

With the increasing number of normal students each year, The workload of selecting tutors is increasing in the process

of internship inside and outside school. In this design, the Java language is used for programming, and the system function is realized by

combining with the use of the database, which can effectively manage the graduates’ choice of tutors. Administrators can update mentor

information in time, - can check the situation of students’selection of tutors and make adjustments.
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Teaching Reform and Practice of Artificial Intellisence Course Based on the
Background of New Engineering

FENG Yan, YOU Lei, 11 Jian, WANG Jing
{Schoal of Congruter and Information Technology, Xmyang MNormal University, Mimyang, China, S64000)

Abstract According to the current requirements of artificial intelligence talents, this paper discusses the teaching
reform methods of artificial intelligence course. By analyzing the problems existing in the teaching of artificial
intelligence course, this paper puts forward some reform methods, such as optimizing the course comtent.
changing the teaching mode, strengthenmg the mm-depth cooperation between schools and enterprises, and
constructing a diversified evaluation mechanism. The results of practice show that the reformed teaching can
stimulate students’ inferest in leaming, not only improve students' practical ability, but also improve students’
imneovation ability and comprehensive quality.
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