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Abstract

There is a recently discovered and intriguing phenomenon called Neural Collapse: at the terminal phase of
training a deep neural network for classification, the within-class penultimate feature means and the
associated classifier vectors of all flat classes collapse to the vertices of a simplex Equiangular Tight Frame
(ETF). Recent work has tried to exploit this phenomenon by fixing the related classifier weights to a pre-
computed ETF to induce neural collapse and maximize the separation of the learned features when training
with imbalanced data. In this work, we propose to fix the linear classifier of a deep neural network to a
Hierarchy-Aware Frame (HAFrame), instead of an ETF, and use a cosine similarity-based auxiliary loss to learn
hierarchy-aware penultimate features that collapse to the HAFrame. We demonstrate that our approach
reduces the mistake severity of the model’s predictions while maintaining its top-1 accuracy on several

datasets of varying scales with hierarchies of heights ranging from 3 to 12.
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Figure 1. Illustration of a hierarchy-agnostic ETF (a) and a
hierarchy-aware HAFrame (b) of four leaf classes and their hi-
erarchies (c¢) and (d), respectively. All leaf classes in ETF have the
same hierarchical distance.
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(b) Transformation layer.

Figure 3. Illustration of the customized network architectures. (a) Top: overall network architecture of our approach, the 1x1 convolutional
layer is only used in our type-1I models. (b) Bottom: the proposed transformation layer, where BN is 1D batch norm layer.



Dataset Height Classes Train Val Test
FGVC-Aircraft 3 100 3,334 3,333 3,333
CIFAR-100 S 100 45,000 5,000 10,000
iNaturalist2019 7 1010 187,385 40,121 40,737
tieredlmageNet-H 12 608 425,600 15,200 15,200

Table 1. Statistics of the four datasets used in our experiments.

Model Method Top-1 Accuracy T Mistake Severity | HierDist@1 | HierDist@35 | Hierdist@20 |
Cross-entropy 79.18 +/- 0.5511 2.12 +/- 0.0240 0.44 +/- 0.0097 2.10 +/- 0.0033 2.67 +/- 0.0040

Type.l CRM [24] ?93[] +ff {].52_50 2.08 +/- 0.0201 0.43 +/- 0.0091 1.74 +/- 0.0040 2.44 +/-0.0015
Flamingo [7] 81.00 +/- 0.5873 2.04 +/- 0.0343 0.39 +/- 0.0072 2.06 +/- 0.0041 2.65 +/-0.0018

HAFeature [17] 73.23 +/- 0.6085 2.48 +/- 0.0937 0.66 +/- 0.0152 2.10 +/- 0.0126 2.61 +/-0.0078
cross-entropy 70.58 +/-0.2727 2,15 +/- 0.0159 0.44 +/- 0.0067 2.11 +/- 0.0055 2.67 +/-0.0034

CRM [24] 70.62 +/- 0.2953 2.13 +/- 0.0109 0.43 +/- 0.0058 1.75 +/- 0.0043 2.45 +/-0.0022

Type-II Flamingo [7] 80.02 +/- 0.7886 2.10 +/- 0.0373 0.42 +/- 0.0168 2.08 +/- 0.0058 2.66 +/-0.0031
HAFeature [17] 74.39 +/- 0.7813 2.53 +/-0.0334 0.65 +/- 0.0226 2.10 +/- 0.0064 2.61 +/-0.0041

HAFrame (ours) 80.49 +/- 0.4692 2.02 +/- 0.0381 0.39 +/- 0.0039 1.74 +/- 0.0027 2.45 +/- 0.0024

Table 2. Experiment results on FGVC-Aircraft dataset. The details of type-I and type-1I models are included in the training config.

Model

Method

Top-1 Accuracy T

Mistake Severity .|

HierDist@1 |

HierDist@5 |

Hierdist@20 |

Type-I

cross-entropy
CRM [24]
Flamingo [7]
HAFeature [17]

77.65 +/- 0.2635
77.63 +/- 0.2800
7791 +/- 0.5733
77.49 +/- 0.3391

2.34 +/- 0.0271
2.30 +/- 0.0255
2.31 +/- 0.0179
2.24 +/- 0.0158

0.52 +/- 0.0102
0.51 +/- 0.0093
0.51 +/- 0.0137
0.51 +/- 0.0084

2.25 +/- 0.0084
1.11 +/- 0.0077
2.07 +/- 0.0198
1.43 +/- 0.0108

3.19 +/- 0.0045
2.18 +/- 0.0028
3.08 +/- 0.0094
2.64 +/- 0.0105

Type-II

cross-entropy
CRM [24]
Flamingo [7]
HAFeature [17]
HAFrame (ours)

76.45 +/- 0.2207
76.48 +/- 0.2278
75.19 +/- 0.3188
76.44 +/- 0.1560
77.71 +/-0.2319

2.43 +/- 0.0235
2.38 +/- 0.0175
2.31 +/- 0.0270
2.26 +/- 0.0290
2.21 +/- 0.0108

0.57 +/- 0.0106
0.56 +/- 0.0095
0.57 +/- 0.0043
0.53 +/- 0.0055
0.49 +/- 0.0066

2.35 4+/- 0.0049
[.15 +/- 0.0074
2.42 +/- 0.0161
1.71 +/- 0.0130
1.11 +/- 0.0018

3.30 +/- 0.0030
2.20 +/- 0.0029
3.29 +/- 0.0105
2.84 +/- 0.0143
2.18 +/- 0.0013

Table 3. Experiment results on CIFAR-100 dataset. The details of type-I and type-II models are included in the training config.
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Figure 5. Masking ratio. A high masking ratio (75%) works well  Figure 7. Training schedules. A longer training schedule gives a
for both fine-tuning (top) and linear probing (bottom). The y-axes  noticeable improvement. Here each point is a full training sched-
are ImageNet-1K validation accuracy (%) in all plots in this paper.  ule. The model is ViT-L with the default setting in Table 1.
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Figure 9. Partial fine-tuning results of ViT-L w.r.t. the number
of fine-tuned Transformer blocks under the default settings from
Table 1. Tuning O blocks is linear probing; 24 is full fine-tuning.
Our MAE representations are less linearly separable, but are con-
sistently better than MoCo v3 if one or more blocks are tuned.

method pre-train data ViT-B  ViT-L  ViT-H ViT-Hy4g

DINO [5] INIK 82.8 : : 3
MoCo v3 [9] INIK 832  84.1 ’ .
BEiT [2] INIK+DALLE 832 852 ; -
MAE INIK 83.6 859 869  87.8

Table 3. Comparisons with previous results on ImageNet-
1K. The pre-training data is the ImageNet-1K training set (ex-
cept the tokenizer in BEiT was pre-trained on 250M DALLE data
[50]). All self-supervised methods are evaluated by end-to-end
fine-tuning. The ViT models are B/16, L/16, H/14 [16]. The best
for each column is underlined. All results are on an image size of
224, except for ViT-H with an extra result on 448. Here our MAE
reconstructs normalized pixels and is pre-trained for 1600 epochs.
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