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** Motivation + Experiments

» RQ1. Can FineMolTex better generalize to unseen

Os__OH Os__OH ©
[ ~— OO r L molecules?
Given Molecular Graph Given Text
T 4 10 20 4 10 20
KV-PLM 68.38+0.03 47.59+0.03 36.54+0.03 67.68+0.03 48.00+0.02 34.66+0.02
M This molecule is MolCA 83.75+0.54 74.25+0.26 66.14+0.21 81.27+0.33 69.46+0.17 62.13+0.16
aromatic and
A s B é Contane & SN (. - MoMu-S 70.51+0.04  55.20+0.15 43.78+0.10 70.71+0.22  54.70+0.31  44.25+0.43
CQarse-grained matching Contrastive alignment Fine-grained matching Masked multimodal modeling 3D‘MOLM SISSiO 14 7365i013 64791015 7978i0.22 62.38i0.16 53431011
: 2 : MV-Mol 92.24+0.26  85.38+0.19 79.41+0.43 91.28+0.13 85.32+0.15 80.37+0.22
(a) Molecule-level learning (b) Motif-level learning
MoleculeSTM 92.14+0.02 86.27+0.02 81.08+0.05 91.44+0.02 86.76+0.03 81.68+0.03
FineMolTex  96.78+0.05 92.48+0.02 87.94+0.14 96.29+0.12 91.65+0.15 85.07+0.11

» Traditional multimodal molecular learning frameworks fail

to capture fine-grained knowledge of the sub-molecule level. > RQ2. Can FineMolTex bridge the gap to tasks centered on

motiflevel knowledge?
This molecule is an alkyl-

benzene carrying an ethyl

Prompt: This molecule is chloride. Prompt: This molecule contains hydroxyl groups.
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Graph-text retrieval
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This molecule is

chloride Prompt: This molecule is soluble in water. (LogP \l,) Prompt: This molecule is insoluble in water. (LogP/I\)
L | ] Input Mol MoleculeSTM FineMolTex Input Mol MolecuIeSTM FineMolTex
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Text-based molecule editing
(c) Downstream tasks ogregst  Legheass Loﬁi:i% L09P 2.99 LogP 2.76 LogP 3.27
c Q Lo 0
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> Motif-level knowledge is necessary for the generalization to @iL e C& 2aole A el 4* . o o Q@O
unseen mOleculeS LogP: 3.41 LogP: 4.01 LogP: 2.17 LogP: 2. 74 LogP: 1.55 LogP:3.20

» Motif-level knowledge bridges the gap for downstream tasks > RQ3. Can FineMolTex perform better on single-modality

that require fine-grained knowledge. tasks?
. - Model BBBP Tox21 ToxCast Sider ClinTox MUV HIV Bace Avg
"‘ FI neMOITex AttrMask  67.8+2.6 75.0+0.2 63.6+0.8 58.1+1.2 75.4+8.8 73.8+1.2 75.4+0.5 80.3+£0.0 71.2
ContextPred 63.1+3.5 74.3+0.2 61.6+0.5 60.3+0.8 80.3+3.8 71.4+1.4 70.7+3.6 78.8+0.4 70.1
InfoGraph  64.8+0.6 76.2+0.4 62.7+0.7 59.1£0.6 76.5+7.8 73.0+3.6 70.2+2.4 77.6+2.0 70.0
(C?:z:;;?gsrt:i’:egliﬂ;:;nﬂfﬂ) Ma?§ﬁ§-§3:§$°ﬁfgmf,§'i"g MolCLR 67.8+0.5 67.8+0.5 64.6+0.1 58.7+0.1 84.2+1.5 72.840.7 75.9+0.2 71.1+1.2 713
/{o GraphMVP  68.1+1.4 77.1+0.4 65.1+0.3 60.6+0.1 84.7+3.1 74.4+2.0 77.7+2.5 80.5+2.7 73.5
Align ‘—l O/T o a"""”‘}”‘”’“ GraphCL  69.7+0.7 73.9+0.7 62.4+0.6 60.5+0.9 76.0+2.7 69.8+2.7 785+1.2 75.4+1.4 70.8
B B BB BB E M B M BB MM N N . KV-PLM 70.5+0.5 72.1+£1.0 55.0+1.7 59.8+0.6 89.2+2.7 54.6+4.8 65.4+1.7 78.5+2.7 68.2
MoMu-S 70.5£2.0 75.6+0.3 63.4+0.5 60.5+0.9 79.9+4.1 70.5+1.4 759+0.8 76.7+2.1 71.6
Importance Score ieniaiie I ----------------------------- 1 ----------- 1 MoMu-K  70.1+1.4 75.6+0.5 63.0+0.4 60.4+0.8 77.4+4.1 71.1+2.7 76.2+09 77.1+1.4 71.4
e e e \ E Sross-prention Cross-attention ; o MolCA 70.0+£0.5 77.2+0.5 64.5+0.8 63.0+1.7 89.5+0.7 72.1+1.3 77.2+0.6 79.8+0.5 74.2
i e — TP AnEIOrmiar g E f >< 1 ! MoleculeSTM 70.0+0.5 76.9+0.5 65.1+0.4 61.0+1.1 925+1.1 73.4+2.9 77.0+1.8 80.8+1.3 74.6
T T —— \ ST S X RESRSICUNA /1rimc > FineMolTex 73.5+1.6 77.1+1.2 68.6+0.9 64.8+1.4 92.5+0.8 76.3+1.2 79.0+1.4 84.0+1.5 76.9
o0 ) é(_@ $€® . .
R TexiEnopder » RQ4. Has FineMolTex learned fine-grained knowledge?
Graph Encoder Text Encoder N (I 7 Molecules Interpretive weights Molecular description
A A T Selective Masking 4 Selective Masking & fine-grained knowledge
- /\N\t N c/{ s+ <CLS> - ammonium +++ of == zzﬁg:fi;e-... - /\N< NS 0/</00 -+ <ClS> -- ammonium -+ oOf - Eﬂ‘ﬁeﬂiﬁf' X heterg?gene Z:gs;o;?;;Leoisit?ogcizcgg:;rgce;;rigarene
mo msy my ms to t5 tg tg mo ms my ms to i ts to = [CTEZNE];? | ‘: powczga% compound
Tokenization Tokenization o N3O N O orgamnit;oog;n | \/ hetdiGaraae
[Input = /\/\r\/\/\/{ This molecule is an ammonium betaine derivative of propanesulfonic acid.] s ’ _ - (a) "
henyl is molecule is a molecule whose structure
@ Position Embedding Important Token () Masked Token g\[ii]z] /@ isp o -ccl:j—Zm;ris:?s t(\j:'\ﬁhphenyll ritngls IinT(ed 5; ?t§=N
Loyt fn P T
. . e @ phenyl
» Contrastive Alignment: o o
CC1=CSC(C)=N1 bromides This molecule is a member of the class of
1 ' exp(cos(ze, Z¢. ) /7) e + s win . A aron
Lcon - = —Emo,to IOg P my B asa?;hrwmator. bromides
2 exp(cos(zm,, 2t,) /T) + 2, t/ exp(cos(Zm,, ztf:) /T) ©
- «* Conclusion
- exp(cos(zt,, Zm,)/7)
2 [ ° °
exp(cos(Zty, Zmy)/7) + 2py €xp(cos(zty, Zm! ) /7) > We reveal that fine-grained motif-level knowledge is

crucial for molecular representation learning.

> We propose FineMolTex to jointly learn both coarse-
and fine-grained knowledge through a contrastive
alignment. task and a masked multimodal learning task,

» Masked Multimodal Modeling:
Lpre = B ), CE(m;» Ym,) +@ D CE(Je;, ysy)
f j

» Importance Score:

respectively.
0, = ;Xp(cos(ztf’ ) | G = exp(cos(zm;, Zm, )) > Extensive experimental results verify the effectiveness of
2. j=1 exp(cos(zt;, zt)) 3L, exp(cos(zm;, Zm) FineMolTex.

» Contact: liyibo@u.nus.edu
» Github: https://github.com/liushiliushi/FineMolTex



