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ABSTRACT: Large language models (LLMs) have promised a revolution in

answering complex questions using the ChatGPT model. Its application in GhatoRT e ChatGPT replied
chemistry is still in its infancy. This viewpoint addresses the question of how 3""':;;;&'::"""‘!’"9 Ok, 50 ask J&?}%ﬁ%ﬁ‘}{'@

well ChatGPT understands chemistry by posing five simple tasks in different Chter it e o P
subareas of chemistry. Choworry my teacher!
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Large language models (LLMs) are tools of artificial computer code.”””’ (4) Galactica is a huge open-source
intelligence (AI) that use machine learning algorithms to language model designed to help scientists and was released by
generate text. This allows them to guess or predict words and Meta, hoping to clean up its image from criticism.”* After just
create phrases, paragraphs, and a full essay that reflect how three days, Meta decided to not demonstrate its model to the
humans write and speak. These tasks are performed with public, supposedly because it might not work as well as users

. . o 1-3
unbelievable proficiency in different Iang.uages. LLMs have want or not work with the necessary ethics, receiving more
recently remade natural language processing because they have

helped to develop robust trained models for many different
tasks using data sets with even billions of words.*”” These
models are also trained using complex algorithms to recognize
word-based patterns, allowing them to learn its context and
natural language.”” LLMs are input with text excerpts that are
partially masked or obscured. Thus, a neural network attempts

criticism.”® Critics comment that there is a blind spot to the
serious limitations of the big language models, especially
because the data used to build the models are sometimes not
curated, freely available anywhere on the web, or even from
secondary literature.”> From this point of view, if it is asked
about a physical or chemical property, a LLM can answer any

to predict the absent elements and then evaluates the value or property about a chemical compound, wrong or
prediction to the original text. The neural network executes correct, because the data are not curated or from secondary
this task iteratively adjusting parameters based on the output. literature. Therefore, it is important to remember that LLMs
Finally, this neural network builds a model of how words are have limited understanding of the text it analyzes or generates.
related to each other in sentences.'’™" LLMs are powerful and If LLMs capture a wrong value in its training, it might answer
versatile tools for many applications that might include this value after being asked. The generated answers may be
understanding chemistry, perhaps.'*~*’ apparently valid, but LLMs do not have the ability to reason or

Examples of LLMs are as follows: (1) Turing NLGm was
released and developed by Microsoft in early 2020 with the
largest amount of data to date, 17-billion parameters.”’ (2)
Gopher is a model with 280-billion-parameters developed by
DeepMind.22 It excels in STEM disciplines, which is the first
clue that LLM can understand chemistry. (3) The GPT-3 Received: February 23, 2023
model was developed by the Al research and deployment Published: March 16, 2023
company OpenAl It is nurtured with a publicly available data
set of around 570 gigabytes of text information. GPT-3 has
released one of the largest neural networks that can reconstruct
merely anything with a language structure, including a

demonstrate understanding about the subject. LLMs are also

not able to respond about future trends in chemistry. There are

.. 2425
also several other limitations.”"*>
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The aim of this viewpoint is to raise simple tasks that are
answered correctly or incorrectly, precise or not, using LLMs
in chemistry. Criticisms remind us that the only thing LLMs
“know” for sure is how words and sentences are formed.
Everything else is speculation. Is this criticism too strong? It is
important to mention that what is speculation now might not
be speculation in the future when LLMs will be better built
using more reliable data.” In this viewpoint we briefly review
some of the shortcomings still present in LLMs available today
with the intent to bring the attention of users and developers
to the need for advancements.

To illustrate the underlying issues, we focus our discussion
on specific tasks that LLMs might apply in chemistry using the
OpenAl ChatGPT with the InstructGPT model, text-davinci-
003, which has knowledge of chemistry equations and
common calculations.”” However, the outcomes might not
be of relevance to other LLMs described anywhere. It follows
the control parameters used in the predictions made in this
viewpoint. Temperature is one of the most important settings
to control the output of the GPT-3 engine. It controls the
randomness of the generated text.”® A value of 0 makes the
engine deterministic, which means that it will always generate
the same output for a given input text, using 0.1 will be more
deterministic. The maximum tokens are 256 (1 token is
around four characters) that can be generated by the model.”
A standard “top p” parameter equal to 1 controls how many
different words or phrases the language model considers when
it is trying to predict a sentence. A frequency penalty of 0 was
used to lower the chances of a word being selected again. Also
used was a presence penalty of 0 that encourages the model to
make novel predictions.

B FIRST TASK: CONVERT A COMPOUND NAME
INTO THE SMILES CHEMICAL REPRESENTATION
AND VICE VERSA

The attempt to convert a compound name into the SMILES
chemical representation used the following question: What is
the SMILES representation of {compound name}?*>*!

The attempt to convert SMILES into a compound name
used the following question: What is the compound name
whose the SMILES representation is {SMILES}?

The conversion of compound names to SMILES chemical
representations,30 and vice versa, is a difficult task for LLMs
even for the case of simple alkanes and alkenes (Table 1). The
hit rate is around 27% for both tasks. It is challenging even for
very small molecules such as alkanes of two or three carbon
atoms. It is also difficult for IUPAC or common names of some
compounds. For larger straight chain, branched, cyclic, or
aromatic hydrocarbon compounds of 4 to 10 carbon atoms,
the ChatGPT model makes a lot of confusion as observed in
Table 1. It does not comprehend the difference between
alkanes and alkenes, benzene and cyclohexene, two alkanes
with the difference of several carbon atoms, cis and trans
isomers, and so on. It is also interesting that it adds halogen or
oxygen atoms that do not exist in the molecule. More robust
string representations may be more suitable, but a couple
attempts showed that the ChatGPT model does not
understand the actual and robust SELFIES representation,
for example.32’33
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Table 1. Conversion of Compound Names into the SMILES
Chemical Representations, and Vice Versa®

Convert compound name into the SMILES chemical representation (6/23=26%)
Name SMILES Name SMILES
Ethane c=C Ethene Cc=C
Propane C(C)C)C Propene C=C
Propylene C=C(C)C
Butane Ccccce But-2-ene C=C(C)C
Pentane cccce cis-but-2-ene C/C=CIC
trans-but-2-ene C/C=CIC
Hexane cccce 2-Methyl-2-butene C=C(C)C(C)C
Heptane Ccccceccece 2-Methyl-1-butene C=C(C)C(C)(C)C
Octane CCcccccee Isoprene C=C(C)C(C)C
2-methyl-1,3-butadiene | C=C(C)C(C)=C
Nonane CCccecccecececece Cyclohexane ciccecect
Decane CCCCCCCCCCC | Cyclohexene C1=CC=CC=C1
Xylene C1=CC=CC=C1 Benzene
Convert SMILES into the compound name (5/18=28%)
SMILES Name SMILES Name
CcC Ethane Cc=C Ethene
CCC Tricarbon C=CC Ethylene
Monoxide CC=C Ethene
CCCC Butane CC=CC 1,3-Butadiene
cccce Pentane C/C=C\C 1,3-Dichloropropene
C/C=CIC 1,3-Butadiene
CCCCCC | Hexane CC=C(C)C 2-Buten-1-ol
CCCCCC | Hexane CCC(=C)C 3-Methylbut-1-ene
cC
CCCCCC | Octane CC(=C)C=C 1,3-Butadiene
CccC
CCCCCC | Octane C1=CC=CC=C1 Cyclopentene
CCCC

a 30,31
Green represent correct answers.

B SECOND TASK: FINDING INFORMATION ON
OCTANOL—-WATER PARTITION COEFFICIENTS OF
CHEMICAL COMPOUNDS

The attempt to find octanol—water partition coeflicients of
essential oil components was made using the following
question: What is the octanol—water partition coefficient of
the {compound name}?’**°

The experimental octanol—water partition coeflicients
(log Pexp) of essential oil components is compared with what
ChatGPT finds in the literature (log Pcpqgpr) (Table 2). It is
important to mention that the experimental techniques used to
measure this property for hydrophobic molecules are not the
standard ones.** *® The ChatGPT model found reasonable
values for this property, sometimes much better than those
found using biocheminformatics tools. Excluding the unknown
octanol—water partition coefficients (ChatGPT model answers
the octanol—water partition coeflicient as unknown for some
compounds), the mean relative error was around 31% which is
very reasonable for these kinds of complex molecules.

B THIRD TASK: GETTING STRUCTURAL
INFORMATION ON COORDINATION
COMPOUNDS

The attempt to find the geometries of coordination
compounds was performed using the following question:
What is the geometry of the coordination compound
{compound}?*’

https://doi.org/10.1021/acs.jcim.3c00285
J. Chem. Inf. Model. 2023, 63, 1649—1655
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Table 2. Comparison between Experimental Octanol—
Water Partition Coefficients (logP,,,) of Essential Oil
Components and Value of the Same Property Found Using
the ChatGPT Model (logPcp o)

Name logPexp | logPchatger | Error (%) ]
linalool 3.19 4.3 35
limonene 4.38 A7 7
gamma-Terpinene 4.36 4.2 4
(+)-Camphene 4.22 UNK
camphor 2.74 4.3 57
terpinyl acetate 3.96 UNK -
eugenol 2:23 4.6 106
citronellal 3.83 4.2 10
citronellol 3.91 4.3 10
p-cymene 4.1 4.2 2
(R)-(-)-Carvone 2.47 33 34
(1R)-(-)-fenchone 2.59 4.7 81
geraniol 2.54 4.5 77
carvacrol 2.99 4.4 47
thymol 3.15 4.3 37
alpha-terpinene 4.25 4.2 -1
(1R)-Camphor 241 4.2 74
(%)-B-citronellol 3.21 4.3 34
Eucalyptol 2.89 4.2 45
L-(-)-menthol 3.85 4.2 9
(-)-menthone 3.33 4.3 29
p-Ment-6-en-2,8-diol 1.81 UNK -
(-)-cis-Myrtanylamine | 2.05 UNK =
(1S)-(-)-Verbenone 2.23 3.2 43
Linalool oxide 2.43 UNK -
Piperitone 2.85 UNK -
1,4-Cineole 2.97 4.7 58
Myrtenal 2.98 UNK ~
(-)-Borneol 3.01 4.3 43
Dihydrocarvone 3.08 UNK =
(+)-Pulegone 3.08 4.3 40
(-)-Carveol 3.12 4.2 35
(-)-Perilla aldehyde 3.13 UNK -
(S)-cis-Verbenol 3.16 4.3 36
(S)-(-)-Perilla alcohol 3.17 UNK -
(+)-Fenchol 3.17 4.2 32
(+)-Isomenthol 3.19 2.6 -18
Limonene oxide 3.2 UNK =
Dihydrocarveol 3.21 UNK -
(+/-)-1soborneol 3.24 43 33
Terpinen-4-ol 3:26 UNK -
alpha-Terpineol 3.28 4.3 31
Methyleugenol 3.45 4.2 22
Nerol 3.47 UNK =
beta-lonone 3.84 4.3 12
alpha-lonone 3.85 4.2 9
Linalyl acetate 3.93 4.3 9
Neryl acetate 3.98 UNK -
Menthyl acetate 4 UNK
Geranyl acetate 4.04 4.2 4
alpha-Terpinolene 4.24 UNK =
Car-3-ene 4.38 UNK o
Car-2-ene 4.44 UNK -
(+)-alpha-Pinene 4.44 4.3 -3

“The relative error (%) is also presented for each compound. Values
in pink are obtained from ref 34 and blue from ref 35. UNK:
unknown.
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The geometries of coordination compounds with coordina-
tion numbers from 2 to 12 are predicted in Table 3. The
ChatGPT model makes the right prediction in 5 of 12
coordination compounds. It is important to mention that it
predicts almost correctly two coordination compounds,
K;[NbOF4] and (NH,),Ce(NO;)s Both compounds are
only a different kind of octahedron. So, if this is considered
correct, the hit rate of the ChatGPT model is 58%, which is
considered good because some of these compounds are not
common.

B FOURTH TASK: WATER SOLUBILITY OF
POLYMERS

The attempt to find the water solubility of polymers was made
using the following question: What is the water solubility of
{polymer}?*°

The ChatGPT model makes the correct prediction of the
water solubilities of 11 polymers (Table 4) because they have
important applications in industry and academy. It is honest to
note that this task is simple to predict even for a student
because the chemical structure and functional group of the
monomer are clear and simple evidence for a student to make a
good prediction. Also, it is important to mention that the
ChatGPT prediction is more reliable when the question is
about something contextualized.

B FIFTH TASK: MOLECULAR POINT GROUPS

The attempt to find the molecular point groups of the
molecules was performed using the following question: What is
the molecular point group of {molecule}?*

The ChatGPT model makes the right prediction in 6 of 10
molecular point groups of simple molecules compounds
(Table S). This is considered reasonable because this subject
is not as popular and common as coordination chemistry, for
example. If complex molecules are used in these questions as
used for the coordination chemistry subject, the hit rate might
be less than 60%.

B CONCLUDING REMARKS

LLM:s are nowadays applied to interpret questions in chemistry
subjects and answer them to understand if LLMs can
comprehend chemistry. Although researchers have recently
stated that they found high accuracy on chemistry questions
using some tricks,*! it is presented here in five tasks that the
accuracy in answering the questions was between 25% and
100% without any tricks. The low or high accuracy depends on
several important considerations: reasonable prompts should
give correct answers, questions on popular subjects are easily
answered, very specific topics that are not well included in a
database or are not well trained in the model gives low
accuracy, and the development of better prompts or strategies
for training and fitting this knowledge in models might output
better results.'’

In this viewpoint, we attempted to mimic a regular student
prompting the ChatGPT model to answer questions on
chemistry subjects without using any tricks such as inserting
copyright notices in source files or fine-tuning with human
feedback. Although aligning language models with human
intent is a promising direction to get correct answers, "
nevertheless, it is important that care must be taken using
completions with difficult prompts.”® It is also noted that
LLMs always answer something. It is somewhat interesting and

https://doi.org/10.1021/acs.jcim.3c00285
J. Chem. Inf. Model. 2023, 63, 1649—1655
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Table 3. Geometries of Coordination Compounds with Coordination Numbers from 2 to 12

Coordination compound | Geometry Correct?

[Ag(NHs)2]* Linear Yes

[Cu(CN)s]* Trigonal planar Yes ‘
CoCla(pyr)> Square planar
cis-PtCl2(NHzs)2 Square planar Yes

VO(acac)2 Octahedral No. Square pyramid
[Ni(CN)s** Trigonal bipyramidal &
[Cr(en)s][Ni(CN)s] Octahedral No. Trigonal bipyramidal
[Co(en)(Cls Octahedral *
K3[NbOFe] Octahedral

bis-(tert- Octahedral No. Pentagonal Bipyramid
butylacac)2(DMSO)di-

oxoUranium

(NH4)2Ce(NO3)s Octahedral

Ceric ammonium nitrate | Tetrahedral No. Cuboctahedron

“Green represents correct answers.” Ligand abbreviations: pyr = pyruvic acid, acac = acetylacetonate, en = ethylenediamine, and DMSO =

dimethyl sulfoxide.

Table 4. Water Solubility of 11 Polymers®

Polymer

Answer

Poly(ethylene glycol)

Poly(ethylene glycol) with a molecular weight of less
than 1,000 is highly soluble in water, while those with
a molecular weight of more than 10,000 are only
slightly soluble.

Polyvinyl pyrrolidone

The water solubility of polyvinyl pyrrolidone (PVP) is
generally considered to be very high, with a solubility
of up to 20% in water at room temperature.

Polyvinyl alcohol

The water solubility of polyvinyl alcohol (PVA) is
generally considered to be very high, with most
grades of PVA being completely soluble in cold
water.

Polyacrylic acid

The water solubility of polyacrylic acid is very high,
with a solubility of up to 90% in water at room
temperature.

Polyacrylamide

Generally, anionic polyacrylamide is more soluble in
water than cationic polyacrylamide. Anionic
polyacrylamide is typically soluble in water up to 1-
2%, while cationic polyacrylamide is usually only
soluble up to 0.1-0.2%.

N-(2-Hydroxypropyl)
methacrylamide

The water solubility of N-(2-Hydroxypropyl)
methacrylamide is approximately 0.1 g/L at 25 °C.

Polyethylene

Polyethylene is insoluble in water.

Polyvinylchloride

The water solubility of polyvinyl chloride (PVC) is
very low, with only 0.01-0.02 g/100 mL of water at
room temperature.

Polyvinyl acetate

The water solubility of polyvinyl acetate is very low,
with only 0.1 g/L at 20 °C.

Polystyrene

Polystyrene is not water soluble.

Polydimethylsiloxane

Polydimethylsiloxane is insoluble in water.

#100% of answers are correctly predicted.*

surprising that non-English languages may generate even better
outputs.

It is disappointing that the conversion of SMILES
representation into compound names, and vice versa, gives
such low accuracy. This prompt gives a low hit rate because the
answer sometimes misses or adds a methyl group, for example.
Other confusions are including a nonexistent atom in the
representation, confounding between regular cyclic and
aromatic, or not understanding isomers. Unfortunately, the
ChatGPT model did not perform well in several attempts to
understand the most actual and robust string representation,
SELFIES.”>*
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Finally, it is essential to give a rationalist prediction of the
future in the field of LLMs. It is important to mention that
neither experimental nor computational chemists should fear
the development of LLMs. The automation of tasks should not
reduce the need for hands and creativity of experimental or
computational chemists. Instead, many exciting and better

artificial intelligence tools*> ™+

should be integrated into
research to expand and solve even complex problems that
challenge researchers for long periods of time, reducing the

effort and facilitating the resolution of the problem.

https://doi.org/10.1021/acs.jcim.3c00285
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Table S. Molecular Point Groups of Simple Molecules”

Molecule Point group

H20 Cav

CHa Cav

NH3 CSv

Ethene Caov

Acetylene Desh

Benzene Dsh

AsFs Cav 0. Itis Dan
SCl4 Cav I No. Itis Cov.
BrFs Cov Y
Ferrocene Dsh

a 41
Green represents are correct answers .
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The code is executed in Python 3.8.10 and available at https://
github.com/andresilvapimentel/AI4Chem. Access to OpenAl
GPT-3 InstructGPT (text-davinci-003) is governed by OpenAl
and not the authors.
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