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The real problem

How to reduce the dependence of Al models on data?

Chemical space is vast, while most molecules are not drugs.

This leads to:
i) The process of collecting data to support Al in biomedical research is inefficient.

i) The current data volume and data quality are insufficient to support high accuracy.
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Al Theory

Mathematically, the "Error Bound
Theorem" is proved: the quality of
substructure substituition rules
determines the upper bound of the

model's prediction accuracy.

Why we study “rules”
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Drug discovery with PWRules
Large/high-quality rules are automatically
extracted from protein sequences to serve
as the knowledge base for pharmaceutical

science

How to extract rules and how to use

them?
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"Error Bound Theorem"
--why we study rules
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Unexpected finding: the molecular weight experimen

1) State-of-the-art molecular representation learning models fail to learn molecular weight.

2) We developed MolRuleloss, a substructure-substitution-rule-informed framework that improves the accuracy
and generalizability of multiple molecular property regression models (MPRMs) such as GEM and UniMol for
diverse molecular property prediction tasks.
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MolRuleLoss

We inject substructure substitution rules (SSRs) into the model, and the quality of these rules
(SSRs) is determined by their standard deviation.

Solubility rules Extracted substructure

~ol - NH = 152 substitution rules (SSRs)
Substructure A Substructure B AProperty STD
[*:1]C [*:11[H] -0.277| 0.458
i [*:1]F [*:1][H] -0.223| 0.294
[*:1]F [*:1]ClI 0.520 | 0.361
g «— 0 [1]CC 1]C 0394 | 0.237
-1.19 -0.40
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RMSE

MolRuleLoss improves models’ accuracy

Each dataset uses scaffold splitting
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RMSE with MolRuleLoss

“Error Bound Theorem”

The upper bound of the variation for property change of SSRs are positively
correlated with a model’ s error
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RuleRankingLoss for solubility prediction

a Improving model generalization by adding rules
Data-based rule
extraction is limited RUl ided
in data-sparse uie-guide
scenarios learning
Rules
Transfer of rules from
related properties
(this work)
Data Model
Data-only learning generalizes poorly to unseen molecules.
b Can melting-point rules guide solubility prediction? Melting-point rules Solubility prediction
] Guide?
GSE: log 10 Sy, = 0.5 - log P - 0.01(T,, - 25) (— >
1

Z.Yang ... B.Tian* unpublished data
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RuleRankingLoss for solubility prediction

b ESOL: comparison across backbones [ The original model [ The original model + RuleRankingLoss
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Al theory

Trends : "big data, high-quality data" + "big rules, high-quality rules”

New questions:
How should protein substructure rules be defined?
How can we obtain a large number of such rules?

Incomplete Rules Generalization
Data Models

No generalization
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PWRules for drug discovery

--how we define substructures in proteins
and how to define rules for drug discovery



Protein Word-fragment rules

Protein processing

Protein sequence

Protein words
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Structural validation of word-fragment rules

Protein sequence Protein words Distance for word-fragment pairs
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EF at top 0.5%

True positive rate

Word-fragment rules outperform Glide and PSICHIC.

MassiveDecoy (8 targets)

150 ., i, .
100 = ===
<3 “ - :
501 ° ) ’ ——— L}
0 ] 1 1 l“ E-l _
) o @ < O
o e o ) X
Fe® S
Q 0‘\\6 Q Qc} < © Q
x X

1.0 1

0.5

0.0

9-HT,, (145 matched molecules)

== Qur Model 0.896
— SP-active 0.520
— SP-delta 0.677

0.0

0.5
False positive rate

1.0

b RandomDecoy (67 targets)
§ 6019 . ¢
2 40- —
I e e
g 20 ﬁ & ﬁ nos
0 .I -I .I T |
) o @ Q @]
9Q Lo 2 N
Q,O ) %OQ} ‘-OO 6@. \c,
S ST 8
x XQ
e PW Score ablation: MassiveDecoy

Propagation +3.61
Isolation +2.58
Adaptation +0.75
_Edoe gy 40 .41
discoun
0 2 4

AEF at top 0.5%
(Full — component off)

c Agonist enrichment: scaffold holdout
100
o 9.7 W EF 0.5%
L M EF1%
- - 0,
.é 50 - EF 5%
2 18.4
< 13.6 13.9 51
0 .
5-HT,, GPCR
216 targets
f Agonism module ablation

Full mode! IS 18
Phys. off I, 14
PW rank off I 10
Function off Il 2

0 10 20
Agonists in top 100 (of 50)

J. Chen ... B.Tian* unpublished data

! in vi . @ A2 R
Evaluation of Word-fragment rules in virtual screening tasks”

4" School of Pharmaceutical Sciences, Tsinghua University



Discovery of GPCR agnoists with PWRules

Drug target background

A "Magic Mushroom” Inspires New Directions in Antidepressant Drug Development:

Psilocybin has demonstrated antidepressant efficacy, but its hallucinogenic effects limit its

therapeutic application.

5-HT,,
— 1) Find a binder

T

.
/ \ 2) Find a agnoist

Gq / PLC/ Ca** Gi 3) Gq bias

antidepressant efficacy  hallucinogenic effects

[1] Zhdanava et al., J Clin Psychiatry, 2021.

[2] Goodwin et al., NEJM, 2022. [3] Xu et al., Nature, 2026.

Psilocybin (5HT2A agonist) and Psilocybe




Discovery of GPCR agnoists with PWRules
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Protein Wordwise

1) Unsupervised protein segmentation to build a dictionary (5-20 residues, contiguous/discontiguous)

2) Supervised learning of word functions
A
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Al Theory

Mathematically, the "Error Bound

Theorem" is proved: the quality of
substructure substituition rules
determines the upper bound of the

model's prediction accuracy.

Why we study “rules”

Summary

Drug Discovery with PWRules
Large/high-quality rules are automatically
extracted from protein sequences to serve
as the knowledge base for pharmaceutical

science

How to extract rules and how to use

them?

Code and Paper

1) Property prediction (MolRuleLoss & RuleRankingLoss)
X. Fan ... B.Tian* Chemical Science 2026
Z.Yang ... B.Tian* unpublished data

2) Virtual screening (PWRules)
J. Chen ... B.Tian* Chemical Science 2026
J. Chen ... B.Tian* unpublished data

3) Protein function prediction (Protein Wordwise)
H. Chen ... B.Tian* Advanced Science 2026
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