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I Introduction

FRRIBJRA: Long-tailed (LT) data distribution multilabel image classification (MLC)
&Rk :

1. learning unbiased instance representations (i.e. features) for imbalanced datasets.
2. the co-occurrence of head/tail classes within the same instance

3. complex label dependencies “ ()
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Class index of VOC-LT dataset

Figure 1: An illustrative example and the challenges of the
LT-MLC problem on the VOC-LT dataset(Wu et al. 2020).



I Neural Collapse (NC)

RS AREMILE Y=XW+b Simplex Equiangular Tight Frame (ETF)

‘Then, we specity three fundamental characteristics of the
neural collapse (NC) phenomenon below.

* Variability Collapse (NC1): The variability within the
last-layer activations for instances within the same class
collapses to zero, meaning the activations converge to
their class means.

* ETF Convergence (NC2): The class means collapse to
the vertices of a simplex ETF, which is a highly sym-

. . . 1 % i
metric geomf:tnc structure i.e. f; - f; =& —==, Vi,j €
[C], i # 7, f.is the feature prototype of class c. |

* Self-Duality (NC3): Up to rescaling, the last-layer clas- |
sifiers also collapse to the class means, leading to a self-
dual configuration where classifiers align with the class

X characteristics  classifier: means which means that the classifier vectors collapse to

the same simplex ETF ie. v; - v, — —ﬁ, Vi,j €
T [C], @ # j where v. = e, Ve € [C], v, is the classi-

fier vector of ETF classifier.



I Method
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Figure 2: Overall structure of MLC-NC. MLC-NC consists of 3 major components: ETF Label Embedding Guided Feature
Learning, Feature Projection and Collapse Calibration, and Binarized Fixed ETF Classifier.

MLC-NC consists of three major components: ETF Label Embedding Guided Feature Learning (ETFAR2R N 5] SAFAE

>]) to learn distinct between-class features, feature projection and collapse calibration (45{iE

T, SINERIE)  to reduce

within-class feature variation, and binarized fixed ETF classifier (—{E{¢¥EEETF%2588) to maximally separate the pair-wise
angles of all classes. In the following, we elaborate on the details.
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I Method (ETF Label Embedding Guided Feature Learning ETFFR&EHR A3 |-§’-f|%fﬂ_£$>j)

In the long-tail multi-label domain, different labels corre-
features z, = G(x.), z, € wahxchanls spond to fe.at.ures lgcated n (.ilfferent.palo’ts of the? 1nstaqce.
! ( 1) A - A W Therefore, it is crucial to consider spatial information during

ResNet50 { bi 155 & lc} 6 Rdxc;& attention | feature extraction, as different classes emphasize different
esivet 3 ;— locations. Hence, we need to extract corresponding features
: - } for each class, as detailed below.
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I Method (Binarized Fixed ETF Classifier—_{E{t[& fEETFéj\%'é%%)
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s \ datasets. We first synthesize a simplex ETF classifier Vgt =
pmp— 1. {vi,v2,...,vc} € RPXC by Eq. (1), where D = p x C.
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COCO-LT VOC-LT

Category Methods Total Head Medium Tail Total Head Medium Tail
ML-GCN 4424 44.04 48.36 38.96 68.92 70.14 76.41 62.39
MLC Focal Loss 49 .46 49 80 54.77 42.14 73.88 69.41 81.43 71.56
ASL 54.35 50.59 58.76 51.82 78.31 TL12 84.95 78.71
ERM 4127 48.48 49.06 2425 70.86 68.91 80.20 65.31
RS 46.97 47.58 50.55 4130 75.38 70.95 82.94 73.05
RW 4227 48.62 45.80 32.02 74.70 67.58 82.81 73.96
I T-SLC OLTR 45.83 47.45 50.63 38.05 71.02 70.31 79.80 64.96
LDAM 40.53 48.77 48.38 22.92 70.33 68.73 80.38 69.09
CB Focal 49.06 4791 53.01 44 85 75.24 70.30 83.53 T2.74
BBN 50.00 49.79 53.99 44 91 73.37 T1.31 81.76 68.62
DB 52.53 50.25 56.33 49 .54 78.65 73.16 84.11 78.66
DB-Focal 519 51.13 57.05 51.06 78.94 73.22 84.18 79.30
LT-MLC URS 56.90 54.13 60.59 54.47 81.44 75.68 85.53 82.69
MFM 55.25 48.71 58.24 57.08 79.64 66.32 84.69 85.83
MLC-NC 60.52 49.69 64.94 64.21 84.37 T2.75 88.15 90.31

Table 1: Performance (mAP%) comparison on COCO-LT, VOC-LT. The best and second-best performances are highlighted in

bold and underline notes.



