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Large Language Models are Changing Everything!
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Do Large Language Models Understand Chemistry?

Table 3. Experimental results in terms of accuracy (%) on the textbook dataset. The best performing score is highlighted in bold and
second-best is underlined. The average score is weighted by the number of problems in each textbook.

Table 2: The rank of fi

on.

Model Chemistry Physics Math A
Comp etitive, C: C Omp etlt © atkins chemmc quan matter fund class thermo diff stat calc .
Zero-Shot Learning

LLaMA-2-7B 0.00 0.00 0.00 0.00 1.37 0.00 0.00 200 533 0.00 1.03

Task GPT-4 | GPT LLaMA-2-70B 187 256 000 000 140 000 000 000 1070 476 2.4l

Name Prediction 1 2 Mistral-7B 9.35 5.13 8.82 4.08 5.48 2.13 0.00 400 1200 2.38 6.23

e _-Literature Review: GPT-4 possesses extens Property Prediction 1 ) Claude?2 15.00 12.83 14.71 10.20 12.33  6.40 9.00 400 38.70 16.70 1494

such as density functional theory, Feynman diz Yield Predicti 1 3 GPT-3.5-Turbo 4.67 20.51 8.82 2.04 10.96 2.13 2.94 6.00 28.00 9.30 9.59

1eld Prediction
theory, molecular dynamics simulations, and rr GPT-4 45.79 2821 2647 2245 2329 25.53 1791 32.00 49.33 54.76 33.79
_ . Reaction Prediction 1 3 R

. Code Development: GPT-4 is able to assist - GPT-4-Turbo 57.01 41.03 35.29 26.53 | 24.66 21.28 | 26.87 46.00 61.33 52.38 40.99
existing computational chemistry and physics Reagents Selection 2 1 R Ze m‘s_‘h?I Lec{mmg o C(;-T{-’mmp e

. . Retrosynthesis 2 3 LLaMA-2-7B 0.00 2.56 0.00 0.00 0.00 0.00 0.00 0.00 4.00 0.00 0.67

mijetiad asieclion: GF1-41s adledoiecomm _ LLaMA-2-70B 093 256 000 000 000 000 149 000 1070 000 1.89

for specific research problems, taking intoacc Molecule Design 1 3 Mistral-7B 6,54 513 2.94 0.00 0.00 212 1.49 600 10.67 952 4.63

theory. Molecule Captioning 1 2 Claude2 20.56 15.38 8.82 4.08 8.23 4.26 5.97 6.00 36.00 14.29 13.89

_=Simulation Setup: GPT-4 is able to aid in pr¢ Average rank 1.25 ik § GPT-3.5-Turbo 6.54 23.08 2.94 1020 12.33 2.12 5.97 12.00 3333 930 12.17

suggesting simulation parameters, including sj GPT-4 28.04 43.59 14.71 2041 2192 19.15 1791 22.00 50.67 4286 28.52

_«Experimental, Computational, and Theoretical Guidance: GPT-4 is able to assist rese GPT-4-Turbo 60.75 3550 2941 28,57 . 30.14 31.91 ' 2537 38.00 64.00 5476 4237
experimental, computational, and theoretical guidance. Few-Shot Learning + Col Prompting

Biisiicinations: GPT-A onall i Cinf s, Tt . | LLaMA-2-7B 1.87 5.13 2.94 0.00 5.48 0.00 0.00 0.00 12.00 7.14 3.60

¥ Ha L.lcma ions: -4 may 0(:.ca510na y genera.e mcorrec. information. It may s rugg £ [LaMA-2-70B  13.10 12.83 1471 408 233 0.00 0.00 000 1330 952 8 40

reasoning. Researchers need to independently verify and validate outputs and suggestion Mistral-7B 6.54 10.26 294 204 274 213 4.48 400 1467 952 6.17

¥ Raw Atomic Coordinates: GPT-4 is not adept at generating or processing raw atomic ¢ Claude? 15.89 25.64 14.65 6.12 0.59 6.38 10.45 800 33.33 19.05 15.26

complex molecules or materials. However, with proper prompts that include molecular for GPT-3.5-Turbo 8.41 20.51 8.82 6.12 10.96 2.12 1.49 10.00 38.67 698 11.99

supporting information, GPT-4 may still work for simple systems. GPT-4 41.12 33.33 17.65 16.33 17.81 17.02 2090 30.00 49.33 4524 30.36

@Precise Computation: GPT-4 is not proficient in precise calculations in our evaluated b GPT-4-Turbo 9.81 3590 2647 1837 2329 1915 3284 32.00 6533 50.00 39.45
usually ignores physical priors such as symmetry and equivariancefinvariance. Currently, t Few-Shot Learning + Python.

numbers returned by GPT-4 may come from a literature search or few-shot examples. It i¢ LLaMA-2-7B 0.93 2.56 0.00 0.00 0.00 0.00 0.00 000 667 0.00 1.20

GPT-4 with specifically designed scientific computation packages or machine learning mc LLaMA"Z"TOB 0.93 7.69 2.94 0.00 09 0.00 1.49 0001730~ 9.52 = 5.14

. Mistral-7B 4.67 0.00 5.88 2.04 2.74 2.13 0.00 400 17.33 1190 5.32

Graphormer and DiG.

Claude2 6.54 12.82  14.71 4.08 1781 851 5.97 20.00 40.00 16.67 14.92

¥ Hands-on Experience: GPT-4 can only provide guidance and suggestions but cannot ¢ GPT-3.5-Turbo  13.08 3333 ] ]2 16.33 26.01 4.26 7 46 1600 44.00 2619 1991

experiments or run simulations. Researchers will need to set up and execute simulations c GPT-4 57.01 3846 44.12 3469 2877 23.40 3433 44.00 68.00 38.10 4322

themselves or leverage other frameworks based on GPT-4, such as AutoGPT , HuggingGF GPT-4-Turbo e | 34 39 17.65 2653 27.40 12.76 1642  34.00 42.67 3095 28.47




Goal: “extract knowledge” from LLMs -> ill-defined!
Reframed as: finding molecules with optimal properties
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Large Language Models for Molecular Optimization

SOTA on 23 tasks!
Beat 25 strong baselines!

deco_hop /@:
Method MOLLEO MOLLEO MOLLEO g
Task type dhjactive (1) REINVENT  Graph GA GP BO (MoISTM) (BioT5) (GPT-4) @ﬁ
QED | 0.941 £0.000 0.940+0.000 0.937+0.000 0.937+£0.002 0.937+0.002 0.948 + 0.004 “
Property JNK3 | 0.783+0.023 0.553+£0.136 0.564+0.155 0.643+0.226 0.728 +£0.079  0.790 + 0.027
optimization DRD2 | 0.945+0.007 0.964+0.012 0.923+0.017 0975+0.003 0.981 +0.002 0.968 +0.012
GSK33 | 0.865+0.043 0.788+0.070 0.851+0.041 0.898 + 0.041 0.889 +0.015 0.863 £0.047 gﬁﬁg
mestranol_similarity | 0.618 £0.048 0.579+0.022 0.627 +£0.089 0.596 £ 0.018 0.717 £0.104 0.972 + 0.009 @ @ o
Name.based albuterol_similarity | 0.896 +0.008 0.874+0.020 0.902+0.019 0.929 +£+0.005 0.968 + 0.003  0.985 + 0.024
apfimization thiothixene_rediscovery | 0.534 £0.013 0.479+0.025 0.559+0.027 0.508 £0.035 0.696 + 0.081  0.727 + 0.052 ‘
celecoxib_rediscovery | 0.716 + 0.084 0.582+0.057 0.728 £0.048 0.594 +£0.105 0.508 £0.017 0.864 + 0.034
troglitazone_rediscovery | 0.452 +0.048 0.377x0.010 0.405+£0.007 0.381 £0.025 0.390+0.044 0.562 + 0.019 -14.7
perindopril_mpo | 0.537+0.016 0.538+£0.009 0.493+0.011 0.554+003~ -~~~ -~~~ -~ " =7 Graph-GA MolLEO(MolSTM)  MolLEO(BioT5) w”  MOlLEO(GPT-4)
ranolazine_mpo | 0.760+0.009 0.728 +£0.012 0.735+£0.013 0.725 £ 0.04
sitagliptin_mpo | 0.021 £0.003 0.433+0.075 0.186 +£0.055 0.548 +£0.06
amlodipine_mpo | 0.642+0.044 0.625+0.040 0.552+0.025 0.674 +0.01
fexofenadine_mpo | 0.769 £ 0.009 0.779+0.025 0.745+0.009 0.789 £0.01
osimertinib_mpo | 0.834+0.046 0.808 +0.012 0.762+0.029 0.823 +0.0C
zaleplon_mpo | 0.347£0.049 0.456+0.007 0.272+0.026 0.475 £0.01
medianl | 0.372+0.015 0.287 £0.008 0.325+0.012 0.298 +0.01
median2 | 0.294+0.006 0.229+0.017 0.308 +0.034 0.251 +0.03
Structure- isomers_c7h8n202 | 0.842 +0.029 0.949+0.036 0.662+0.071 0.948 +0.03 MoILEO(GPT-4) M
based isomers_c9h10n202pf2cl | 0.642+0.054 0.719+0.047 0.469+0.180 0.871 £0.03
optimization deco_hop | 0.666 +0.044 0.619+0.004 0.629+0.018 0.613 +0.01 Mol LEO(BioT5) J\\
scaffold_hop | 0.560£0.019 0.517+0.007 0.548 +£0.019 0.527 £0.01
valsartan_smarts | 0.000 = 0.000 0.000 +0.000 0.000 £0.000 0.000 = 0.0C Mol LEO(M 0| STM)
Total (1) 14.036 13.823 13.182 14.557 /\ ‘\\
Rank ({) 4 5 6 3 Graph-GA__[ | . |
0.0 0.2 0.4 0.6 0.8 1.0
Table 1: Top-10 AUC of single-objective tasks. The best model for each t Fitness
three are underlined. We also report the sum of all tasks (total) and the ran | _
Init pop Random crossover/mutation, one round [l 2000 oracle calls

LLM editting, one round

1000 oracle calls B 4000 oracle calls



Large Language Models for Molecular Optimization

Optimize initial pool

ot ’ - Table 3: Initializing MOLLEQO with the best molecules
Op tl mize dO Ckl I g Scores hﬁtl.\:logtel JNI?;;)E 01872UC from ZINC 250K [67]. The results of three different
s EGER Gl . ;‘:S 0'787:0'035 LLMs in MOLLEO and Graph-GA are compared. For
q 25 Pt i all molecules in ZINC 250K, we run the JNK3 oracle
7o MOLLEO MOLSTM) |  0.81540.048 and select the top 120 molecule pool. We run MOLLEO
B Sl MOLLEO (BIOTS) 0.799:0.036 initializing from this pool of molecules and optimizing
s -9.0- .07 _ MOLLEO (GPT-4) 0.844+0.052 JNK3. We report the top-10 AUC on the output of
bp -10.01 -10.07 . MOLLEO. See the description of the models in the text.

S 10 \ 11.07 42.01

= R \ 1720 - -13.0

Multi-obf

(a) (b)

- _ Task 1: QED (1), INK3 (), | Task 2: QED (1), GSK38 (1), gffcgre%f%&;g I((f),m’ MoILEO(GPTA L ED R
optimization SRR Saseore (1) DRD2 (}) . Graph-GA Graph-GA
A " 10C . MoILEO(BioT5) MoILEO(BioT5)
Egrega d Model Sum Hypervolume Sum Hypervolume Sum Hypervolume MoILEO(MOLSTM) MoILEO(MOLSTM)
objective Utopian Point 0.25 %X Utopian Point 0.4
Graph-GA 1.967 £ 0.088 0.713 +£0.083 | 2.186 £ 0.069 0.719 +£0.055 | 3.856 +0.075 0.162+0.048 d | ot
. MOLLEO (MOLSTM) | 2.177£0.178 0.625 £0.162 | 2.349 £ 0.132 0.303 £0.024 | 4.040 £ 0.097 0.474 £0.193
. MOLLEO (B10T5) 1.946 £ 0.222 0.592 £0.199 | 2.306 £0.120 0.693 £0.093 | 3.904 £0.092 0.266 = 0.201
Fl; MOLLEO (GPT-4) 2.367 £0.044 0.752 £ 0.085 | 2.543 +0.014 0.832+0.024 | 4.017 £0.048 0.606 = 0.086 O
Ac Graph-GA 2.120+0.159 0.603 +0.082 | 2.339+0.139 0.640 £ 0.034 | 4.051 £0.155 0.606+0.052 h
co PO MOLLEO (MOLSTM) | 2.234 +£0.246 0.472+0.248 | 2.340+0.254 0.202 £0.054 | 3.989 +£0.145 0.381 £0.204 le
| MOLLEO (B10T)Y) 2.325£0.164 0.630+0.120 | 2.299 £0.203 0.645+0.127 | 3.946 £0.115 0.367 £0.177
CO. MOLLEO (GPT-4) 2482 £ 0.057 0.727 £0.038 | 2.631 £0.023 0.820 £ 0.024 | 4.212 £ 0.034 0.696 £ 0.029 C(
1f 1

Table 2: Summation and hypervolume scores of multi-objective tasks. We report the results for two
aggregation methods: Summation (Sum) and Pareto optimality (PO). The best model for each task is

bolded.



Retrosynthesis Planning

Complex reasoning: Can LLMs generate synthetic routes for a
given molecule?

With reaction template set R and purchasable building blocks set C

Retrosynthesis planning: a sequential decision-making process, starting from
the target molecule and ending with a set of purchasable building

blocks.
H OH
HO/\/ I\‘
H,N % N
Reaction Reaction
Datab : Database
Purchasable AAbESE Intermiedate

building blocks molecules Target Molecule




Retrosynthesis Planning

LLM-Syn-Planner

1. INITIALIZATION
2. EVALUATION

3 Level Evaluation
Ensure chemical
validity and prevent
adverse hallucinations

Reaction
Routes

Input target molecule
[0,1,1,0,0,1,0,..]

Database

1. Molecule

Update Mating Pool . Reaction
Keep top n. routes
by reward

Retrieve routes of top 3 most LLM System Prompt

similar molecules As a professional chemist
(by Tanimoto fingerprint similarity) specialized in synthesis
Retrieved Route 1 ElFIElh,FSIS, you die tasked with... 3. SELECTION
g::g ; Retrieved Route 2 ‘ Mutated Routes 1, 2, ... | Selected Route 1 ‘

Step 3: i Step1,2,..: < > Step 1:

Step 1:
P Retrieved Route 3 Selected Route 2

Step 2: : : _
| Step3: | Stepl: < > Mutate reactions and/or : Step 1:
Step3: < > INVALID steps Step3: | Stepl: < >

Step 2: <INVALID>

Compute Route Rewards
m € M (molecules at INVALID step) TR PR
Reward = — Y.} SC Score(m) proposed at this step




Retrosynthesis Planning

LLM-Syn-Planner achieve comparable performance compared with specialized
models

USPTO Easy USPTO-190 Pistachio Reachable Pistachio Hard
Algoniiim Solve Rate (%) Solve Rate (%) Solve Rate (%) Solve Rate (%)
N=100 300 500 N=100 300 500 N=100 300 500 N=100 300 500

Graph2Edits(MCTS) | 90.0 935 955 427 547 605 773 884 942 260 410 590
RootAligned(MCTS) | 98.0 98.0 980 794 794 794 993 993 993 83.0 83.0 83.0
LocalRetroMCTS) | 925 945 955 443 509 583 867 900 953 520 550 620
Graph2Edits(Retro*) | 92.0 955 970 S1.1 594 785 940 950 955 710 740 79.0
RootAligned(Retro®)t | 99.0  99.0 99.0 868 868 868 987 987 987 780 780 78.0
LocalRetro(Retro®) | 955 975 980 510 658 737 973 993 993 630 690 720

LLM(MCTS) 34.5 68.5 7355 258 212 513 127 0 T 0.0 40 5.0
LLM(Retro™) 508 90 755 232 2608 306 14.7 190 152 0.0 20 230
LLM-Syn-Planner 910 950 98.5 64.7 70.0 80.5 95,5 047 96.7 720  73.0 80.0

Baselines: Combine single-step specialized models with searching
algorithms

LLM doesn’t work well as a single-step retrosynthesis-predictor

9



Retrosynthesis design

LLM-Syn-Designer: Optimize molecules towards a given property while keeping

synthesizabllit
4 4 lterative refinement

Y OH
HO N H
°X HO. O N&®
- y
HZN\/\OH Cg O

Reaction Reaction

Database Database

Purchasable Interneidate
building blocks molecules

Target Molecule

Combining MolLEO and LLM-Syn-Planner together:
filter out molecules with SC score > 3 in each iteration



LLM-Syn-Designer: Optimize molecules towards a given property while keeping

synthesizabillity
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Thank you for listening!

Codes are all public!

Questions and discussions!

hwang984@gatech.edu

Thanks to Yuanqi Du for providing parts of the content and valuable
suggestions for this presentation.



