Entropy-Guided Dynamic Tokens for Graph-LLM
Alignment in Molecular Understanding

— A bridge for LLMs to understand molecular graphs.
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> Current Challenges on LLM for Molecular Graph

1. Loss of Structure

(a) Small Mol: N=16
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Fix length tokens
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©: Could you please count the numb-er of carbn_xyl
groups (—COOH) are in the molecule <mol>?

G: Picatboxyligroupsiare in this molecule.

4: Intotal, it has BECOOH v
Q: In <mol>, which backbone carbons are the
carboxyl groups attached?

G: ~COOH on terminal C1 and C4

2. Heavy Fine-tuning
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(b) Larger Mol: N=50

Fix length tokens

Len=8

< >

Q: Could you please count the number of carboxy])
groups (COOH) that are in the molecule <mol>?

G: 5lcarboxyl groupsiare in this molecule.
A: ...10 -COOH are in the molecule. x

Q: Given the molecule <mol>. To which nitrogens
are the five acetate arms attached?

G: ZonNIIon N2, and 26aMN3l total 5)

A: ...as aresult, [ cannot determine. .. x

Table 1: Computing costs comparison between
frozen/unfrozen backbone settings of Mol-Llama.
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T Mol-Llama adapts a Q-Former to let LLM to understand Molecular
2D&3D, has gained great performance on property, mol captioning tasks.
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To collaborate with dynamic tokens, capture the substructure features

=>Novelty 1 — Entropy Guided Patching
to overcome the ‘loss of structure’ issue
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=>Novelty 2 — Dynamic Query Former

To overcome the loss of structure issue caused by fixed length token
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group, a carboxylic acid group,
and an aromatic benzene ring...

Pre-Training Tasks of EDT-Former

Take the original training tasks from Q-Former using the Mol-Llama-Instruct dataset.
(Graph encoder + Dynamic Query Former)

Table 13: Fine-tuning dataset. Four types of in-
struction data from Mol-Llama-Instruct, the data
types and amounts are listed.

Finetuning :
conversation datasets.
Category Amount
Y . Detailed Structural Descriptions 77,239
Evaluation Inference and Evaluation Structure-to-Chemical Features 73,712
Structure-to-Biological Features 73,645
Comprehensive Conversations 60,147




Table 3: Performance on the MoleculeQA benchmark. Models are compared across four tasks
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Mol-Instructions

=> Benchmarks (Structure, Source, Property, Application) with accuracy (%) reported. The best (pink) and second-
best (lightpink) results are highlighted. Modality T/G/3D represents text, graph, and 3D geometry.
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Table 7: Estimated memory usage an d training Mol-Llama3.1 Text/Graph/3D  SFT 82B 7316 7022 4570  46.18 5882 6621
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> time per step for EDT-Former with LLlama3.1-8B. Galactica Text SFT 67B 3235 4192 3105 2821 3338 3396
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Table 4: Results. on the Mol-Ipstructions dataset. Models are finetuned and evaluated on two tasks:  Table 2: Accuracy (%) on zero-shot molecular property prediction benchmarks (Pampa and BBBP). =
molecular description generation (BLEU, ROUGE, and METEOR scores) and molecular property =~ Models are evaluated with three prompting strategies: Direct, Reasoning, and Rich Instructions (see 2
prediction (MAE). The best (pink) and second-best (lightpink) results are highlighted. App. D.3). The best (pink) and second-best (lightpink) results are highlighted. "(QD
— . Pampa BBBP =
Models Size
Models Molocular Descriphion Property (MAE) Direct  Reasoning  Richlnst.  Avg.  Direct Reasoning  Richlnst.  Avg. <
BLUE-2 BLUE-4 ROUGE-1 ROUGE-2 ROUGE-L METEOR o |
eneral LLMs
Alpaca-7B 0.068 0.014 0.178 0.041 0.136 0.107 322.109 G to . a86s 523 4717 5135 | 60R2 6134 6443 €220 o
Baize-7B 0.064 0.015 0.189 0.053 0.148 0.106 261.343 Llama2 7B S5T.14 5753 8452 6640 3737 5156 5300 4734 s
LLaMA-2-7B ey 0.014 bl 0.066 0:148 O:Le 5.553 Llama3.1 8B 5651 46.19 6364 5545 5707 51.03 5515 5442
Vicuna-v1.5-13B 0.052 0.011 0.151 0.055 0.130 0.168 860.051 o)
Galatica-6.7B 0.024 0.008 0.074 0.015 0.063 0.065 0.568 Molecular LLMs 0
g s g0 by U Oa o o MoLLMAZ 7B 7568 M6 @0 7ad0 H3  ss os om0
Mol-Inst.-Llama2-7B 0217 0.143 0337 0.196 0.291 0.254 0.013 Mol luc bl o5 e 3350 7047 5309 s34 Py oyt by g
Mol-Inst.-Llama3.1-8B  0.419 0.361 0.719 0.646 0.709 0.637 15.059 : : : ; : : ; : : ‘ o
3D-MoLM 8B 4693 50.00 6486 5393 4914 51.65 5191 50.90
Mol-LLaMA2-7.2B 0433 0.385 0.711 0.649 0.601 0.601 0.0087 1M 6B 4925 BT 4851 404 S544 Py 601 3503 8
Mol-LLaMA3.1-8.2B 0.445 0.398 0.717 0.656 0.709 0617 0.0079 ML LLaMAR 2B €355 it THERNCCEIl 5.5 g 5008 3806 =
MolReasoner-7B 0438 0322 0.553 0.366 0482 0475 10.323 : - i : d - i : ! : )
EDT-Former-8.3B 0.424 0402 0.726 0.652 0717 0.631 0.0062 (e
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> Ablation and Insights

Ablation on Each Component:

Shows each module has its contribution.

Attention Visualization:

Shows our Entropy-Guided Patching can
capture substructures.

Figure 5: Ablation study of components on the MoleculeQA dataset. Accuracy is reported across
four task types (Structure, Source, Property, and Application) when removing each component

I W/0 Modality Fusion (-26.3%)

I W/0O Dynamic Query (-10.7%)

[0 W/O Entropy Patheing (-11.5%)

(modality fusion, Entropy-Guided Patching, or Dynamic Query Transformer).
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> Future Work  More general; More Useful; Al for Science.

Plan to extend this model to scientific graph from molecular graph.
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