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Figure 2. The overall framework of AMMA.
Introduction Experiments: Qualitative Results
 We are the first to propose utilizing the three core « Evaluate performance of our model on two standard
modalities for protein representation learning: sequence, downstream tasks.
structure, and function. Table 1. Performance on protein function annotation tasks.
* We point out the asymmetric relationship between Method [ Moy | EC GOME____GOCC__ GOBP e im
. . | Seq. Str.  Func. | Fue AUPR F,.. AUPR F,. AUPR F,., AUPR S B
seqguence, structure, and function of proteins and propose  EwnRiseaaen | 569 884 659 630 477 324 452 32 614 543
OntoProtgm (Zhang et Etl_.:)._iDEEJ v v 84.} 85.4 Eﬂl 60.3 441 320 436 28.1 58.7 51.0
AMMA, a masked autoencoder framework that adopts a Sabrot (Sueaiont — | v v S8 855 688 S8o 412 06 451 235 610 470
. e . . ProtST (Xu et al.,[2023) v v 87.8 839.4 66.1 64.4 48.8 36.4 48.0 32.8 62.7 35.8
unified multi-modal encoder and asymmetric AVMMA-symmetric (ours) 7 v v |76 ms 20 23 83 31 B5 243 20 467
. . . AMMA-contrastive (ours) v v v 87.7 89.5 65.2 61.3 44.3 28.2 28.2 17.3 56.4 49.1
decoders to account for the asymmetric relationship. AVMA (ours) [V 7 |%7 w8 613 5 8 369 49 36 @2 563

 We experimentally demonstrate that AMMA is highly

effective In learning protein representations and benefits ~ Experiments: Improving performance with
performance on a variety of downstream protein-related unpaired data

tasks.
Data \ EC GO-MF ]
| Puired Unpaired | Fome  AUPR  Fn aUPR % Table 2. EC/GO results with
S | 30S ribosomal S13 | L | 50s ribosomal 122 © sequence O structure @ function 120K 0k 2% 1 207 64 646 o eXtraunpaired data.
120k 50k 88.2 904 669  64.6 77.5

L: 50S ribosomal protein L22
L ]

Experiments: Ablation studies and qualitative
analysis

« Effect of the asymmetric decoders
HTAI2+I\/IADP+

S: 30S ribosomal protein S13

Figure 3. Visualization
of highly attended
residues in a
functional context.

Figure 1. t-SNE visualization of the three modalities of proteins.

Methodology: Asymmetric Multimodal Masked
Autoencoder (AMMA)

 We introduce AMMA, asymmetric multi-modal masked Reference AMMA (ours)  AMMA-symmetric
autoencoder.  Comparison with contrastive learning
1. Each modality data is encoded by a frozen pretrained 0 O @ o 0w @
uni-modal encoder. R g il Y o PN
2. The encoded features are then masked and integrated ik Sh s gﬁ ’;‘:ia o s g DR MRS Gx
into a unified representations by a multi-modal encoder. e A T B SRt Gt
3. Each asymmetric decoder reconstructs the original (a) XM’MA ’- -" T ) AMl‘\;I;z?‘c;ontrastive‘w";‘

feature for each modality.

* During decoding, the input latent features are
asymmetrically passed to the decoders.

* This requires AMMA to encode structural and function ~ Ratio e TP Average
information into sequence latent features, which allows B e L e

Figure 4. t-SNE visualization of three protein modalities
« Effect of masking ratio

_ _ 1 1 1 84.6 87.2 66.4 64.8 75.8

AMMA to capture unique asymmetric sequence- 1 2 2 87.7 ~ 89.8 664 642 77.0
. . . 2 1 1 73.0 75.9 65.1 63.2 69.3
structure-function relationships. > 1 2 86.7 89.2 659  64.7 76.6
2 2 1 87.9 89.5 52.4 53.6 70.9

Lseq = MSE(Xseq, Xlog). Lotr =MSE(Xaer. Xliy). Leune = MSE(Xeunc. Xbune),

L Lo+ Lovr+ Lrone. Table 3. Experimental results with different a.
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