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Problem 1: attributes are not fine-grained enough to discriminate fashion
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Problem 1
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M3-Net: Multi-attributemulti-granularitymulti- label network

A_n: known attribute

Threekey components: 
• Attribute-specific representation learning
• Class-specific representation learning
• Multi-label classification
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Multi-granularity training objectives & loss functions
• Attribute-level objective

Loss 1:

• I, 𝐴! : inputs, image I, attribute n
• 𝑥"! : predicted probability of attribute n, class m
• 𝑦"! : GT label of attribute n, class m
• 𝑤#: weight of pos class for class balancing
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Loss 2:

• I ,𝐴!, 𝐶"! : inputs, image I, attribute n, class m_n
• 𝜑"! : image representation on attribute n, class m_n
• I, I+, I-: anchor, pos, and neg in a triplet
• 𝜑$" : class center representation of class m_n

Loss 3:

optimizes in a local view (instance-level)

optimizes in a global view (cluster-level)

• Class-level objective



Experiments
• Datasets

• Task: Fashion retrieval
• Metric: Mean Average Precision & Recall

• Baselines:

• ASEN V1/V2 (AAAI 2020): attribute-based fashion representation learning
• ASEN ++ (IEEE TIP 2021): cascade ASEN with multi-scale learning
• MODC (ECCV 2022): multi-granularity fashion representation learning
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Results
• DeepFashion (multi-label attributes)

M3-Net_a: only attribute-conditioning attentions
M3-Net_c: only class-conditioning attentions
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Results
• DARN (single-label attributes)

• FashionAI (single-label attributes)
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Results
class: slitattribute: partimage class: elegantattribute: style

class: contrast trimattribute: partimage class: stretchattribute: fabric

class: drapedattribute: partimage class: fitattribute: shape
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Results

attribute: texture 
label: print, tribal

Query Top ranked retrieval results

attribute: shape 
label: maxi

attribute: style 
label: miami, heat

attribute: fabric 
label: lace
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