Bridging AI and Carbon Capture: A Dataset for LLMs in Ionic Liquids
and CBE Research

Gaurab Sarkar! and Sougata Saha®

IState University of New York at Buffalo
2Mohamed bin Zayed University of Artificial Intelligence
'gaurabsa@buffalo.edu, >sougata.saha@mbzuai.ac.ae

Abstract

Large Language Models (LLMs) have demon-
strated exceptional performance in general
knowledge and reasoning tasks across various
domains. However, their effectiveness in spe-
cialized scientific fields like Chemical and Bi-
ological Engineering (CBE) remains underex-
plored. Addressing this gap requires robust
evaluation benchmarks that assess both knowl-
edge and reasoning capabilities in these niche
areas, which are currently lacking. To bridge
this divide, we present a comprehensive em-
pirical analysis of LLM reasoning capabilities
in CBE, with a focus on Ionic Liquids (ILs)
for carbon sequestration—an emerging solu-
tion for mitigating global warming. We de-
velop and release an expert-curated dataset of
5,920 examples designed to benchmark LLMs’
reasoning in this domain. The dataset incorpo-
rates varying levels of difficulty, balancing lin-
guistic complexity and domain-specific knowl-
edge. Using this dataset, we evaluate three
open-source LLMs with fewer than 10 billion
parameters. Our findings reveal that while
smaller general-purpose LLMs exhibit basic
knowledge of ILs, they lack the specialized
reasoning skills necessary for advanced appli-
cations. Building on these results, we discuss
strategies to enhance the utility of LLMs for
carbon capture research, particularly using ILs.
Given the significant carbon footprint of LLMs,
aligning their development with IL research
presents a unique opportunity to foster mu-
tual progress in both fields and advance global
efforts toward achieving carbon neutrality by
2050. Dataset link: https://github.com/
sougata-ub/11lms_for_ionic_liquids

1 Introduction

Despite notable advancements in modeling and
simulation methods (van Gunsteren and Mark,
1998; van Gunsteren et al., 2018; Frenkel and

“Both authors contributed equally to this paper.
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Smit, 2023), fundamental research in CBE con-
tinues to rely heavily on experimental results. As
computational models (Zhao et al., 2023), LLMs
are predominantly advantageous in computation-
intensive fields, making their precise role in en-
abling progress within experiment-driven domains
like CBE unclear. Nonetheless, recent break-
throughs in material discovery (Lu et al., 2023; Luu
and Buehler, 2024; Lu et al., 2024; Buehler, 2023b)
and protein engineering (Jumper et al., 2021; Liu
et al., 2022; Yu et al., 2022b,a; Hu and Buehler,
2022; Khare et al., 2022) demonstrate the potential
of Al technologies to contribute meaningfully to
such fields. To unlock the potential applications of
LLMs in CBE, it is critical to assess their knowl-
edge and reasoning capabilities. However, this
requires robust, domain-specific evaluation bench-
marks, which are currently lacking in CBE.

While evaluation frameworks exist in related
fields, they predominantly rely on cloze-style tasks
to assess LLMs’ knowledge capacity or focus on
narrow, task-specific evaluations (Zhao et al., 2024;
Murakumo et al., 2023; Zhang et al., 2024; Guo
et al., 2023; Bran et al., 2023). Such approaches
are often insufficiently general and may not ade-
quately capture the complexities of CBE. Given
that LLMs have been trained on a vast corpus of
publicly available online data (Villalobos et al.,
2022, 2024), studies (Chu et al., 2025) have shown
that these models can easily memorize and regurgi-
tate information during cloze-style factual assess-
ments. This limitation provides only a superficial
understanding of LLM capabilities across domains.
Furthermore, the concept of knowledge extends
beyond factual recall to include its application (p-
knowledge) (Fierro et al., 2024). Therefore, evalu-
ating knowledge capacity alone fails to capture rea-
soning ability, hindering the practical deployment
of LLMs, particularly in fields like CBE, where
their utility remains uncertain. To address this gap,
we introduce a reasoning evaluation test-bed de-
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signed to more effectively estimate LLMs’ applica-
bility in such domains.

Global warming caused by greenhouse gas emis-
sions remains a critical challenge (Wang et al.,
2016; Sanz-Pérez et al., 2016), necessitating accel-
erated research into effective carbon capture solu-
tions (Sheridan et al., 2018). Meeting the ambitious
carbon-neutral target of the 2015 Paris Agreement
by 2050 (Rhodes, 2016) requires not only reducing
carbon emissions but also investing in technologies
to remove CO; from the atmosphere. Among po-
tential solutions, lonic Liquids (ILs) (Zanco et al.,
2021) stand out as promising candidates for CO;
separation processes due to their non-volatile, non-
toxic nature ("green solvents"), ease of regenera-
tion, and high CO, absorption efficiency. However,
experimentation with ILs and achieving industrial
scalability are resource-intensive and costly, a chal-
lenge that Al technologies like LLMs could help
address. In this paper, we take a foundational step
toward exploring the role of LLMs in supporting
carbon capture research using ILs. Specifically, we
assess the potential of general-purpose LLMs in
domain-specific scenarios by constructing a test
bed of 5,920 expert-curated examples, spanning
varying levels of difficulty, to evaluate the factual
knowledge and reasoning capabilities of these mod-
els in the context of ILs. We benchmark three open-
weight LLMs—I lama 3.1-8B (Dubey et al., 2024),
Mistral-7B (Jiang et al., 2023), and Gemma-9B
(Team et al., 2024)—on this dataset. Given the ab-
sence of prior research in this area, our work repre-
sents a critical step toward identifying the potential
applications of LLMs in IL research. Furthermore,
leveraging LLMs for CO, capture research offers
an opportunity to indirectly address concerns about
their environmental impact (Patterson et al., 2021;
Strubell et al., 2019; Faiz et al., 2024; Li et al.,
2023; Rillig et al., 2023) by aligning their use with
climate solutions. Our contributions are as follows:

* Dataset Creation: Using ILs for carbon cap-
ture as a use case, we construct and publicly
share' a textual entailment test bed contain-
ing 5,920 expert-curated samples designed to
evaluate LLM reasoning capabilities in CBE.

Benchmarking: We systematically bench-
mark three open-weight LLMs—ILlama 3.1-
8B, Mistral-7B, and Gemma-9B—on the test
bed and share the resulting insights.

'Dataset  available  at: https://github.com/
sougata-ub/llms_for_ionic_liquids
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* Analysis: We discuss the implications of our
results and the broader potential for LLMs to
advance IL research and CO, capture tech-
nologies.

2 Related Work

2.1 Ionic Liquids for Carbon Capture

COP21 showed that amongst 196 participating
countries, China, the United States, and India
comprise the top three nations by share of world-
wide CO, emissions. While the United States has
pledged to reach “net-zero” by 2050, the deadlines
set by China and India (the two most populous
countries) are 2060 and 2070 respectively (Rhodes,
2016; Guiot and Cramer, 2016; Dimitrov, 2016;
Robbins, 2016). In an attempt to offset the rising
atmospheric carbon dioxide levels, carbon seques-
tration has emerged as an effective field of research
and the timely development of materials and meth-
ods is pivotal for the efficient capture of CO, (Wang
et al., 2016; Sanz-Pérez et al., 2016). Ionic Liquids
have presented themselves as an excellent solu-
tion for CO; capture due to their environmentally
friendly nature (Blanchard et al., 1999, 2001; Pérez-
Salado Kamps et al., 2003; Anthony et al., 2002;
Zeng et al., 2017; Husson-Borg et al., 2003; Aghaie
et al., 2018; Ramdin et al., 2012). Thorough experi-
mentation, with ILs, to provide a practical solution
is time-conducive and entails high cost (Sheridan
et al., 2018; Maginn, 2009). In that regard, various
machine learning methods have found use to alle-
viate dependence on experiments (Cao et al., 2018;
Baskin et al., 2022; Dhakal and Shah, 2022; Feng
et al., 2022; Paduszynski, 2016).

2.2 LLMs for Scientific Research

Recently, LLMs (Brown, 2020; Chowdhery et al.,
2023; Taylor et al., 2022; OpenAl et al., 2024) have
gained significant popularity with a wide range
of possibilities (Ge et al., 2024; Bubeck et al.,
2023; Nadkarni et al., 2021; Beltagy et al., 2019;
Schick et al., 2024; Buehler, 2023a; Luu et al.,
2023; Mialon et al., 2023; Wei et al., 2023), and
the integration of these transformer-based mod-
els into the fields of materials science and dis-
covery has yielded tremendous results. Leverag-
ing the abilities of LLMs has been beneficial in
various downstream tasks such as protein design
and folding (Jumper et al., 2021; Liu et al., 2022;
Yu et al., 2022b,a; Hu and Buehler, 2022; Khare
et al., 2022), material discovery (Lu et al., 2023;
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Luu and Buehler, 2024; Lu et al., 2024; Buehler,
2023b), educational tasks (Lim et al., 2023; Milano
et al., 2023; Inguva et al., 2021) and chemistry-
related tasks (Castro Nascimento and Pimentel,
2023; White, 2023; Jablonka et al., 2023). The
reliability of LLMs is still a massive topic of dis-
cussion, and their accuracy is often determined by
the size and complexity of the model. Despite their
promises, present pitfalls include the issues of hal-
lucinations and fact recall, which warrants a careful
validation of the model’s output and its eventual
ramifications (Hu and Buehler, 2023; Azamfirei
et al., 2023; Kandpal et al., 2023; Varshney et al.,
2023; Ji et al., 2023; McKenna et al., 2023; Har-
rer, 2023). Invariably, training and using such net-
works comes at a huge environmental cost, largely
in terms of carbon emissions (Li et al., 2023; Pat-
terson et al., 2021; Strubell et al., 2019; Faiz et al.,
2024; Rillig et al., 2023).

The power of LLMs can aid carbon capture by
helping researchers with their advances to address
the growing problem of global warming and offset
the model’s carbon footprint to reach the end goal
of ’net-zero’ carbon emissions.

3 A Practical Test for Knowledge

Although there are several standard definitions of
knowledge in Philosophy (Sartwell, 1992; Nozick,
2016; Williamson, 2005; Zagzebski, 2017; Austin,
1961), the most prevalent ones for non-human enti-
ties like LL.Ms are tb and p-knowledge (Fierro et al.,
2024). Most knowledge probing tasks test for tb-
knowledge, where the model passes the test if it can
recall an answer. For example, probing for factual
questions like "What is the capital of Germany?"
Such tests are weak estimates of knowledge and
hold little pragmatic significance, especially in do-
mains like CBE, where the intended use of LLMs
is still unclear. LLMs as reasoners can be of bet-
ter practical use in such domains. Although some
methods estimate the model’s uncertainty (Huang
et al., 2024, 2023; Ye et al., 2024; Geng et al.,
2023), they still pertain to th-knowledge. How-
ever, a more complete measure of knowledge is p-
knowledge, which tests a model’s capability to use
knowledge in practical tasks. For example, sociode-
mographic prompting (Saha et al., 2025; Pandey
et al., 2025; Li et al., 2024b; AlKhamissi et al.,
2024; Nadeem et al., 2021; Nangia et al., 2020;
Wan et al., 2023; Jha et al., 2023; Li et al., 2024a;
Cao et al., 2023; Tanmay et al., 2023; Rao et al.,
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2023) such as "What would a German find difficult
to understand from a text X?" necessitates a model
to reason from a group’s perspective, which re-
quires prerequisite knowledge. Motivated to create
stronger test beds, we set up an entailment task to
benchmark LLMs’ factual capacity in CBE, where
the model is provided a claim and a list of propo-
sitions and is tasked with determining all proposi-
tions that entail the claim or none. Thus, testing the
model’s reasoning capabilities in a practical setting
is warranted.

3.1 Argument Structures

A claim constitutes one or more facts (proposi-
tions), where some are evident (explicit) from
the text, and some are assumed (implicit) to be
known by the reader (enthymemes) (Walton, 1996;
Besnard and Hunter, 2008; Walton et al., 2008;
Bitzer, 2020). Within a field (such as CBE), the
degree of knowledge of the assumed propositions
is subjective and varies by person, which impacts
the understanding of the claim. For example, the
claim "Ionic Liquids are low-melting, non-volatile
salts which categorize them within the green sol-
vents category" explicitly informs that (i) Ionic Lig-
uids are low-melting, non-volatile salts. (ii) Ionic
Liquids are categorized as green solvents. It also
entails that low-melting and non-volatile salts are
green solvents, which might be unknown (or par-
tially known) to someone from CBE?. The degree
of knowledge about the implicit assumption is sub-
jective and varies within the domain®. We aim to
test this domain-specific knowledge in LLMs via
an entailment task.

3.2 The Entailment Task

Hypothesizing that knowledgeable agents should
perform consistently, irrespective of the adver-
saries, we create an entailment task with the fol-
lowing setups to benchmark LLMs’ reasoning ca-
pacity, where the model is provided a claim and
a list of propositions and tasked to determine all
propositions that entail the claim, if applicable.
1. Change the number of adversaries: (i) Keep-
ing the number of entailing propositions constant
for a claim, the number of non-entailing propo-
sitions should not affect the model’s entailment
“This is different from general knowledge. For example,
understanding the claim also requires knowledge of "low-
melting, non-volatile salts" and "green solvents", which is an
assumed prerequisite for a domain expert.

3We are only interested in domain-specific knowledge. An
outsider might not possess such knowledge.



performance. (ii) When provided with only non-
entailing options and an additional "none of the
above" option, a consistent agent should always
choose the "none"” option. A drop in performance
indicates a lack of knowledge and supposedly more
reliance on linguistic cues for entailment.

2. Introduce linguistic perturbations: A knowl-
edgeable agent should be invariant to paraphrased
options. Failure to do so indicates reliance on lin-
guistic cues instead of factual cues for entailment.
2. Apply common sense: Knowledgeable agents
should not be derailed by incorrect facts that can
be discerned by common sense.

3.3 Dataset Creation

The dataset is created in multiple phases, employ-
ing two expert annotators, one with a background
in CBE and another from Computer Science and
Linguistics (CSL). The CBE expert has domain
knowledge of ILs for carbon capture, while the
CSL expert is generally unaware of the domain.
Figure 1 illustrates the data creation pipeline with
an actual example. We detail the pipeline below:
Phase 1 encompassed knowledge creation, where
the CBE expert constructed paragraphs capturing
the different aspects of carbon capture using ionic
liquids. The aspects encompassed the need for car-
bon capture, ionic liquids, their physical and chem-
ical characteristics, and their advantages. Next,
the annotator extracted claims from the paragraphs,
which are sentences containing salient knowledge
pertaining to ionic liquids for carbon capture, yield-
ing 74 in total.

Phase 2 encompassed identifying the explicit and
implicit propositions from each claim and imple-
mented in two stages: (i) LLM-based annotation:
We prompted Mistral-7B-Instruct-v0.2 (Jiang et al.,
2023) to identify the explicit and implicit proposi-
tions from a claim. As depicted in Figure 5 (Ap-
pendix A), the prompt comprised a short task de-
scription and three examples of how to perform
the task, followed by the actual claim for annota-
tion. (ii) Expert evaluations: The CBE expert
extensively evaluated the model response by edit-
ing, deleting, or unchanging each model-identified
proposition. Additionally, for each claim, the ex-
pert added propositions that were missed by the
model (if any). Overall, 48 (65%) of the 74 LLM-
based annotations were deemed correct by the ex-
pert and were unmodified, yielding 164 proposi-
tions across 74 claims.

Phase 3 encompassed data standardization. The
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propositions, being fundamental pieces of knowl-
edge, are universal. Hence, in this phase, we stan-
dardized the propositions across all claims. Us-
ing sentence transformers (Reimers and Gurevych,
2019), we clustered the propositions by their em-
bedding cosine-similarity* and computationally
marked propositions belonging to the same cluster
as equivalent. The CBE expert evaluated the clus-
tering results, which were accurate in only 28% of
cases. The expert annotated and rectified the in-
correct cluster assignments, yielding 125 universal
propositions across all 74 claims.

Phase 4 involved constructing false variants of the
propositions at three difficulty levels: (i) Low: In-
valid version of a proposition, and can be discerned
using common sense reasoning. For example, the
proposition "lonic liquids can be categorized as
conventional or task-specific” was augmented to
"lonic liquids can be categorized as conventional
or task-specific only while recharging batteries."
(i) Medium: Invalid version of a proposition that
might need a mix of common sense and knowl-
edge of science for discerning. For example, "Ionic
liquids can be categorized as conventional or task-
specific due to specific environmental conditions
and chemical habitability." (iii) High: Determining
invalidity requires considerable knowledge about
ILs. For example, "lonic liquids can be categorized
as conventional or task-specific based on molecu-
lar weight, isotope atom count, and hydrogen bond-
ing capabilities.” All variants were manually con-
structed by the CBE expert and evaluated by the
CSL expert, who does not know ILs. The CSL ex-
pert evaluated 60 random propositions (15 original
and 15 from each level of difficulty) by determining
if the proposition was correct or assigning a level
of difficulty if they thought it was incorrect. Com-
paring their response with the original labels, the
expert attained an F1 score of 67% in discerning
factual correctness. For the incorrect propositions,
the expert attained F1 scores of 80%, 15%, and
42% for levels 1, 2, and 3, indicating the difficulty
of the options for a non-expert.

In phase 5, we introduced linguistic variations
in the original and all three incorrect variants of
each proposition by paraphrasing. We prompted
the Llama-3.1-8B instruction-tuned variant (Dubey
et al., 2024) using the prompt "Paraphrase the fol-
lowing text without changing the meaning of the

*We used the ’all-MiniLM-L6-v2’ model for computing
embeddings.
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Figure 1: Dataset Creation Pipeline

Group | Description | Id Experiment Correct options Incorrect options Median F1 Std Dev F1
Present Para- Difficulty Para- Gemma | Llama | Mistral | Gemma | Llama | Mistral
phrased phrased
. 1 | orig+random No 49.0 66.0 55.0 21.7 16.1 18.9
0 | Baselines 2 | paratrandom Yes Yes | Random | No 795 | 630 | 570 218 | 140 | 185
3 | none+levell Level 1 9.0 30.0 1.5 55 6.8 31
Only 4 | none+level2 Level 2 No 2.0 29.0 0.0 4.9 12.3 1.0
1 providing 5 | none+level3 No No Level 3 3.0 21.5 0.0 43 8.6 0.5
incorrect 6 | none+levell-para Level 1 3.0 17.5 0.0 1.7 73 0.5
options 7 | none+level2-para Level 2 Yes 0.0 17.5 0.0 2.0 6.4 0.5
8 | none+level3-para Level 3 1.0 18.5 0.0 5.3 2.4 0.0
Difficulty le- | 9 | orig+levell Level 1 35.0 73.5 62.5 26.6 14.6 19.6
2 vel of incor- | 10 | orig+level2 Yes No Level 2 No 32.0 68.5 60.5 19.9 12.3 18.7
rectoptions | 11 | orig+level3 Level 3 29.5 67.5 58.0 18.0 12.1 16.9
Paraphrasing | 12 | para+levell Level 1 40.5 66.5 62.0 24.1 144 20.1
3 the correct 13 | para+level2 Yes Yes Level 2 No 34.5 66.0 60.0 233 13.5 18.1
options 14 | para+level3 Level 3 31.5 64.0 60.0 18.8 13.0 17.0
Paraphrasing | 15 | orig+levell-para Level 1 39.5 66.0 57.0 22.1 11.7 17.3
4 the incorrect | 16 | orig+level2-para Yes No Level 2 Yes 35.5 64.5 57.5 17.0 11.1 17.1
options 17 | orig+level3-para Level 3 34.0 63.0 58.5 13.5 10.5 16.6
Paraphrasing 18 | para+levell-para Level 1 335 63.5 58.0 10.7 11.2 16.9
5 all options 19 | para+level2-para Yes Yes Level 2 Yes 35.5 64.5 59.5 15.6 11.8 17.6
20 | para+level3-para Level 3 36.5 60.5 58.5 11.9 10.8 17.8

Table 1: Definitions
experiments with 5, 7, 10, and 15 options

text. Text: <text>"and resorted to greedy decoding
for paraphrasing.

Using the 74 claims, the 125 original propositions,
and their incorrect and paraphrased variants, we
constructed the test set for the entailment task in
phase 6. For each claim, we created variants with
5,7, 10, and 15 propositions as options. Listed in
Table 1, we constructed 20 experiments using dif-
ferent permutations of the original and paraphrased
versions of the correct and incorrect propositions,
yielding a dataset of 5,920 examples. On average,
the claims contain 14 words, the original propo-
sitions contain 12, and the incorrect propositions
contain 17.
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of experiments and aggregated model results (median F1 and standard deviation) across
. The best scores are highlighted in bold.

3.4 Experiments

Listed in Table 1, we group the 20 experiments into
five groups and test our three hypotheses in Section
3.2. Comprising two experiments, Group O serves
as the baseline. By only providing incorrect propo-
sitions with their difficulty and stylistic variations,
the experiments in Group 1 test the model’s knowl-
edgeability by measuring the propensity of select-
ing the "none" option. Group 2 quantifies the ef-
fect of varying the difficulty levels of the incorrect
options while keeping the original propositions un-
changed. Group 3 perturbs the original proposition
by paraphrasing and measures the impact of chang-
ing the incorrect option difficulty levels. Groups
4 and 5 measure a model’s invariance to linguistic



variations and the difficulty levels of the incorrect
options. For all groups, we experiment with 5, 7,
10, and 15 propositions as options to test for the
model’s capability of being invariant to additional
incorrect options. Except for group 1, the number
of correct options varies from 1 to 5. As depicted
in Figure 1 (Phase 6), we construct prompts from
each example and probe the Llama-3.1-8B-Instruct,
Mistral-7B-Instruct-v0.3, and gemma-2-9b-it, set-
ting the temperature to 0. We process each model
response and use Llama-3.1-8B-Instruct to rectify
ill-formatted outputs. Figures 6 and 7 (Appendix
A) illustrate the prompts for the entailment task and
correcting the ill-formatted LLM responses.

4 Results and Observations

Table 1 shares the model-wise median F1 score and
the standard deviation across all options (5, 7, 10,
and 15). Figures 2, 3, and 4 plot the precision and
recall scores for all groups of experiments. The
baseline results (Group 0) in Table 1 indicate that
LLMs are knowledgeable about ionic liquids and
carbon capture. Llama performs the best, followed
by Mistral and Gemma. However, paraphrasing the
original propositions (Id 2) reduces Llama’s perfor-
mance, which contrasts with Mistral and Gemma,
where the performance increases. This effect of
stylistic perturbations on the model results shows a
tendency to rely on linguistic cues.

Effect of the number of incorrect options

We observe a correlation between model perfor-
mance and the number of incorrect options in Fig-
ures 2, 3, and 4. The precision scores for all models
drop with more incorrect options, indicating an ad-
verse effect of the number of adversaries on their
reasoning capabilities. For Llama and Mistral, the
recall scores remain mostly consistent, but drop for
Gemma. Nonetheless, as depicted in Table 1, the
standard deviation of Llama is the lowest, followed
by Mistral and Gemma. For Llama and Mistral,
this decline in precision but constant recall scores
indicates a propensity to make more predictions
as the number of options increases without chang-
ing the prediction for the correct propositions. On
the contrary, increasing the number of adversaries
causes Gemma to change the prediction for the
correct propositions, indicating an unreliability of
utilizing facts for reasoning.

Effect of the difficulty of incorrect options
Comparing experiment Id 1 with Group 2 and
Id 2 with Group 3 in Table 1 and Figure 2,
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we observe that increasing the difficulty level of
the adversarial facts hampers the model perfor-
mance for Llama and Mistra, which is the oppo-
site for Gemma. The comparisons indicate that
the experiments comprising random adversaries
(Orig/parat+random) are more challenging test
beds than the difficulty-controlled adversaries, es-
pecially for Llama and Mistral. We hypothesize
that since we gradually balance between common
sense and domain-specific knowledge across three
difficulty levels, higher performance in level 1
can be due to the model’s capability of common
sense reasoning, which decreases as the difficulty
increases, requiring more domain-specific knowl-
edge. However, using random adversaries presents
less scope for common-sense reasoning and re-
quires domain-knowledge-based reasoning for en-
tailment resolution. Gemma, on the other hand,
is more reliant on syntactic cues than reasoning.
Hence, it falters when provided with factually incor-
rect yet syntactically similar options to the claim.
This is also evident from Gemma’s decreasing re-
call scores in Figure 2, compared to Llama and
Mistral, which are more consistent.

Effect of only incorrect propositions as options
Compared to the baseline (Group 0) in Table 1, in
Group 1, the performance of all models drastically
reduces when presented with only incorrect facts
and a "none" option to choose from. Mistral and
Gemma perform worse than Llama, with median
F1 scores < 10 for all experiments and near zero for
some. All models perform worse with paraphrased
incorrect options. Figure 4 plots the precision,
recall, and f1 scores for Group 1 experiments. In-
terestingly, for all three models, sometimes the
precision increases with higher options in some
experiments. For Gemma, the precision scores in-
crease while the recall decreases with an increase
in incorrect choices. On the contrary, for Llama
and Mistral, the precision and recall scores increase
for some experiments. For Llama, presenting 7 and
10 options yields higher F1 scores for most experi-
ments compared to 5 options. Mistral yields higher
F1 scores when prompted with 7 choices compared
to other options. We hypothesize that for Llama
and Mistral, increasing the choices provides more
inter-option reasoning opportunities, resulting in
higher F1 scores. We also think the position of
the "none" option in the prompt might be a con-
founding variable, which we leave for future work.
Nonetheless, when only presented with incorrect
facts and a "none" option, the drastic reduction in
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performance for all models indicates that although
LLMs contain facts about ionic liquids, they can’t
reliably utilize and reason with them for complex
tasks.

Effect of paraphrasing

Comparing Groups 2 and 3 in Table 1, although
paraphrasing the correct options reduces the F1
score across all difficulty levels for Llama and Mis-
tral, paraphrasing the incorrect options in Group 4
has a higher diminishing effect on the model per-
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formance than Group 2, which is the opposite for
Gemma. We hypothesize that this might be due to
Gemma’s reliance on linguistic cues for entailment
compared to Llama and Mistral, where Gemma
relies more on syntactic similarity than semantics.

Comparing Groups 3 and 5, paraphrasing the
incorrect options reduces the F1 score across all
difficulty levels for Llama and Mistral, which is
the opposite for Gemma, except for experiment 15.
Comparing Groups 4 and 5, paraphrasing the cor-



=8 none+levell @ none+level2

—" num-.‘+|t:ve:|].|#ara

ELric = pr
75 A

50

______

=4~ none+level2-para

metric = re

—#- none+level3 none+level3-para

metric = f1

ewwah = Epow

- [2pow

BuwIE|

75 A

50

25 A

Ll

|E0SIU = [Spow

T T T T T T

10 15

Figure 4: Model-wise precision, recall, and F1 for experiments in comparison suite 5.

rect options reduces the F1 score for Llama across
all difficulty levels. On the contrary, the F1 score
increases or remains the same for Gemma and Mis-
tral, except for experiment 18. We hypothesize that
since the correct and incorrect options share syntac-
tic similarities, they get equally transformed while
paraphrasing, causing their paraphrased versions
to maintain syntactic similarity, which weaker rea-
soning models like Gemma exploit. We leave the
testing out of this hypothesis as future work.

Overall, Llama performs best across all ex-
periments, followed by Mistral and Gemma.
Our results indicate that although LLMs possess
knowledge of ionic liquids and carbon capture,
their domain-specific reasoning capabilities are
limited. The performance drop in Group 1 experi-
ments is drastic for all models and sometimes near
zero for Mistral and Gemma, which questions their
reasoning capabilities.

5 Discussion

Our experiments indicate that smaller LLMs strug-
gle to coherently reason within the domain-specific
constraints and choose non-probable options in the
entailment task. This is likely because LLMs are
general-purpose and not geared to niche domains
such as ILs. We propose that LLMs should be fine-
tuned for CBE using curated datasets. Pre-training
the models on domain-specific data, fine-tuning us-

39

ing PEFT (Mangrulkar et al., 2022) methods like
LoRA (Hu et al., 2021), or in-context learning and
efficient methods such as RAG (Lewis et al., 2020;
Gao et al., 2024) should help impart the domain-
specific knowledge and constraints, which requires
collaborative advancements in the intersection of
LLMs and CBE. Such domain-specific LLMs can
scale IL research by assisting researchers in the bot-
tlenecked areas of data analysis, experiment design,
and property predictions. Furthermore, they can
serve as educational guides to researchers willing
to gain familiarity with the field. This work should
be a valuable resource for researchers eager to eval-
uvate LLMs for varied fields and collaboratively
help attain the sustainability goals of the UN>.

6 Conclusion

Global warming remains a pressing challenge, ne-
cessitating scalable and interdisciplinary solutions
such as carbon capture. To address this need, we
propose leveraging LLLMs to support research on
Ionic Liquids, a promising avenue for carbon cap-
ture. As a foundational step, we construct and
publicly share an expert-curated dataset designed
to evaluate LL.Ms’ knowledge and reasoning ca-
pabilities within the specialized domain of Ionic
Liquids. Our benchmarking of three open-weight

>https://sdgs.un.org/goals



LLMs—Llama, Gemma, and Mistral—reveals that
while general-purpose models, particularly Llama,
demonstrate a strong grasp of Ionic Liquid-related
knowledge, they fall short in domain-specific rea-
soning tasks. Building on these findings, we out-
line potential pathways for LLMs to advance Ionic
Liquid research, including their use as agents in
simulations, reasoners for material discovery and
design, and educational tools to help researchers
familiarize themselves with the field. Moreover,
optimizing LLMs for climate research not only ad-
vances carbon capture efforts but also offers a dual
benefit by mitigating the models’ own carbon foot-
print. This alignment between Al innovation and
environmental goals supports the broader aim of
achieving carbon neutrality by 2050.

Limitations

This study has some notable limitations. Firstly,
we only evaluate three open-weight models with
less than 10B parameters for their knowledge and
reasoning ability with ILs. Although extraneous
experiments with larger and open-API models in-
dicate a similar trend, they are not quantified and
non-generalizable. Secondly, our entailment test
set is not an exhaustive resource for IL research.
It contains limited facts and only tests reasoning
capabilities through entailment. We need more
diverse datasets that probe the reasoning capabil-
ities of LLMs from multiple aspects. Thirdly, we
do not experiment with fine-tuning the models on
our dataset and measure their impact on reasoning,
which we intend as future work. Also, our work is
limited to two expert evaluators and might benefit
from multiple experts. Despite these limitations,
our research takes a foundational step in the inter-
disciplinary field of LLMs for ionic liquid research,
which is very nascent.

Ethics Statement

We confirm that all conducted experiments are
solely for academic purposes and adhere to eth-
ical standards. The expert evaluators were appro-
priately compensated for their tasks, following all
administrative and regulatory policies. The shared
dataset strictly pertains to ionic liquids. It does
not contain potentially explicit and sensitive con-
tent that might exhibit bias, be hurtful, or offend
anyone.
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[INST] ## Example 2

Below is another example of extracting the assumptions from a claim. The assumptions are ordered from the basic level to more complex.
Claim: Most ionic liquids tend to be costlier than ... and hence effective regeneration of ... ionic liquid batches. [[INST]

Assumptions:

1. lenic liquids used for carbon dioxide capture can be regenerated.

2. lonic liguids tend to be costlier than traditional solvents for carbon dioxide capture.

3. Effective regeneration of ionic liquids is important ... batches.

[INST] ## Example 3

Below is another example of extracting assumptions from claim. Note that the claim is a fact. Hence it does not contain any assumptions.
_< Claim: lonic liquids can be termed as conventional. [/INST]

Assumptions:

\.| 1. No assumptions as the claim is a fact.

[INST] Identify the assumption from the following claim. Order them from the basic level to more complex ones. Respond with none if the
claim is a fact.

Claim: Task-s ic_ionic liquids absorb carbon dioxide. [/INST]

Assumptions:

1. lonic liquids exist in various task-specific forms.

2. Carbon dioxide is a gas species that can interact with ionic liquids.

3-shot Examples

Prompt

Response”

Figure 5: Mistral 3-shot prompt to automatically extract and generate the missing assumptions from claims.

{"1": {'entails": False, 'confidence': 5}, '2": {'entails" True, 'confidence": 5}, '3": {'entails" True, 'confidence": 5}, '4" {'entails": False,
‘confidence”: 5}, 5" {entails": True, 'confidence": 5}, '6" {'entails" False, 'confidence" 5} Response

Figure 6: Sample prompt for the entailment task.

{1": {entails": False, 'confidence": 1}, '2" {'entails': False, 'confidence’: 5}, '3" {'entails": False, 'confidence’: 5}, '4": {'entails': False,
‘vonfidence”: 5}, '5": {'entails": False, ‘confidence": 5}, 6: {'entails": True, "confidence’: 5} Response

Figure 7: Sample prompt for correcting the LLM response using Llama.
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