
Do Large Language Models Understand Chemistry? A Conversation
with ChatGPT

Cayque Monteiro Castro Nascimento and André Silva Pimentel*

Cite This: J. Chem. Inf. Model. 2023, 63, 1649−1655 Read Online

ACCESS Metrics & More Article Recommendations

ABSTRACT: Large language models (LLMs) have promised a revolution in
answering complex questions using the ChatGPT model. Its application in
chemistry is still in its infancy. This viewpoint addresses the question of how
well ChatGPT understands chemistry by posing five simple tasks in different
subareas of chemistry.

L arge language models (LLMs) are tools of artificial
intelligence (AI) that use machine learning algorithms to

generate text. This allows them to guess or predict words and
create phrases, paragraphs, and a full essay that reflect how
humans write and speak. These tasks are performed with
unbelievable proficiency in different languages.1−3 LLMs have
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.4−7 These
models are also trained using complex algorithms to recognize
word-based patterns, allowing them to learn its context and
natural language.8,9 LLMs are input with text excerpts that are
partially masked or obscured. Thus, a neural network attempts
to predict the absent elements and then evaluates the
prediction to the original text. The neural network executes
this task iteratively adjusting parameters based on the output.
Finally, this neural network builds a model of how words are
related to each other in sentences.10−13 LLMs are powerful and
versatile tools for many applications that might include
understanding chemistry, perhaps.14−20

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.21 (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
model was developed by the AI research and deployment
company OpenAI. 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

computer code.20,23 (4) Galactica is a huge open-source
language model designed to help scientists and was released by
Meta, hoping to clean up its image from criticism.24 After just
three days, Meta decided to not demonstrate its model to the
public, supposedly because it might not work as well as users
want or not work with the necessary ethics, receiving more
criticism.25 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.25 From this point of view, if it is asked
about a physical or chemical property, a LLM can answer any
value or property about a chemical compound, wrong or
correct, because the data are not curated or from secondary
literature. Therefore, it is important to remember that LLMs
have limited understanding of the text it analyzes or generates.
If LLMs capture a wrong value in its training, it might answer
this value after being asked. The generated answers may be
apparently valid, but LLMs do not have the ability to reason or
demonstrate understanding about the subject. LLMs are also
not able to respond about future trends in chemistry. There are
also several other limitations.24,25
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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.26 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
OpenAI ChatGPT with the InstructGPT model, text-davinci-
003, which has knowledge of chemistry equations and
common calculations.27 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.28 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.29

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.

■ 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}?30,31

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

■ SECOND TASK: FINDING INFORMATION ON
OCTANOL−WATER PARTITION COEFFICIENTS OF
CHEMICAL COMPOUNDS

The attempt to find octanol−water partition coefficients of
essential oil components was made using the following
question: What is the octanol−water partition coefficient of
the {compound name}?34,35

The experimental octanol−water partition coefficients
(log Pexp) of essential oil components is compared with what
ChatGPT finds in the literature (log PChatGPT) (Table 2). It is
important to mention that the experimental techniques used to
measure this property for hydrophobic molecules are not the
standard ones.36−38 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 coefficient as unknown for some
compounds), the mean relative error was around 31% which is
very reasonable for these kinds of complex molecules.

■ 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}?39

Table 1. Conversion of Compound Names into the SMILES
Chemical Representations, and Vice Versaa

aGreen represent correct answers.30,31
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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,
K3[NbOF6] and (NH4)2Ce(NO3)6. 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.

■ 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}?40

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.

■ 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}?41

The ChatGPT model makes the right prediction in 6 of 10
molecular point groups of simple molecules compounds
(Table 5). 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%.

■ CONCLUDING REMARKS

LLMs 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,31 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.13

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,13,31

nevertheless, it is important that care must be taken using
completions with difficult prompts.26 It is also noted that
LLMs always answer something. It is somewhat interesting and

Table 2. Comparison between Experimental Octanol−
Water Partition Coefficients (logPexp) of Essential Oil
Components and Value of the Same Property Found Using
the ChatGPT Model (logPChatGPT)

a

aThe 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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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.32,33

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 tools42−44 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.

Table 3. Geometries of Coordination Compounds with Coordination Numbers from 2 to 12a

aGreen represents correct answers.39 Ligand abbreviations: pyr = pyruvic acid, acac = acetylacetonate, en = ethylenediamine, and DMSO =
dimethyl sulfoxide.

Table 4. Water Solubility of 11 Polymersa

a100% of answers are correctly predicted.40
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Table 5. Molecular Point Groups of Simple Moleculesa

aGreen represents are correct answers41.
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