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TL; DR. Interpreting MAE through meta-learning and applying advanced meta-learning techniques
to improve unsupervised representation of MAE on arbitrary modalities.

Introduction Interpreting MAE through meta-learning Experiment
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pretext tasks (ShED) or utilize mask (Capri, |V|AE) [1-2]. Amortization-based meta-learning utilizes model (OI’ memory) for meta-leaner: Modality Time-series  Tabular  MS Image Token Speech RGB Image
: : : : . a Dataset PAMAP2  HIGGS  FEuroSAT  Ge Pf: Libri  WaferM:
Masked Auto-Encoder (MAE) is a powerful SSL for various domains without « SUQ ={(x;,y)}, ~ T:Sampling task (# task = 1) (@) - e oem e ™ i
Random initialization
needing domain-specific bias: mask prediction task. . = : ; : ; :
g P P ‘Z( ) f@ (‘S) I\(/Iimory Sx < E“‘J?;e’ Baseline 69,8 5481 62.37 37.27 301 17.1 77.77
q) — q). B
* Image (MAE [3]); Language (BERT [4]); Tabular (Met [5]); Y = 9o (X ) Z) X E | . Self-supervised learning Framework
AN\ T
. i : . . Task formulation of MAE with batch size 1: | e-Mix 80.1 65.7 87.4 40.5 31.3 60.2 92.6
Research Question 1: Is MAE indeed a modality-agnostic? y . ShED 2% 9 eg.0! 61.5' 116 547 348" 0241
* Tokenize(x) := {(m, )_((m))}m .= Sx U Ox T—— Capri . - 67.47 2350 274 254 92.51
. . . . = i/ -t - ) I
Observation: MAE with a proper decoder size outperforms previous approaches . 2. — £(S VAN i _ MAE 85.3 70.07 86.3 53.6 447 460 93.9
x = fo(Sx) e N = MetaMAE 89.3 71.5 $8.5 69.4 623 798 95.5
i 08, i ibriS — (@) — @ - . HECN §
decoder size  EuroSAT Pfam  LibriSpeech — e x@ = P (Zy) = 9o (q; Zy) o . 9o SSL Framework
. 5 ; / I e . . , i ] .
prev. best 87.4 54.7 60.2 ,« “ =ﬂ:§§ = (b)  Pretraindata  Transfer data Baseline e-Mix ShED Capri MAE MetaMAE
d decod / N - -
0 36.3 44.7 33.3 T e | o er'_‘ ” a==== M ethod . M eta MAE Genomics Genomics-00D 8.6 9.7 1.3 5.5 222 37.2
2 86.7 61.4 68.1 S HENEN °
1 %7 4 613 641 mo—— SCOP 8.0 57 107 20 79 11.8
’ + I )T — a : . . . Secondary 52.4 53.7 67.6 495 625 65.9
6 86.7 61.4 74.1 Integration of two advanced meta-learning techniques to enhance MAE: Pfam Stability 0.31 039 053 026 040 0.53
=z Fluorescence (.04 0.20 0.27 0.06 0.06 0.31
- c c . . xX i , ¥ ¥ ¥ m - W
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