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ABSTRACT

Large Language Model chatbots have gained significant popularity, offering knowledge to support specialists in diverse fields.

However, adapting models to specific use cases and specialized domains presents considerable challenges. Hence, we introduce

the LLM Playground, a comprehensive approach to optimizing LLMs for specialist applications with respect to their accuracy in

answering domain-specific questions, addressing the limitations of unmodified models. The utilized optimization techniques

begin with Prompt Engineering, advance to the integration of external knowledge, and culminate in complex reasoning strategies

or self-feedback loops. This paper introduces various architectures for scientific assistants, comprising individual enhancement

techniques, both in isolation and in combination with others, designed to facilitate comparisons. To demonstrate the efficacy of

the LLM Playground, a chemical chatbot is set up as a case study, and the optimization techniques are compared using

ChemBench, an independent question—answer benchmark for the chemical domain, to measure its performance. By providing

tested, ready-to-deploy architectures and clear use-case guidance, this work helps researchers and practitioners leverage LLMs in

domain-specific applications. The insights and methodologies presented in this paper contribute to the growing body of knowl-

edge on tailoring LLMs to meet the unique demands of specialized fields.

1 | Introduction

Scientific Large Language Model (LLM) applications such as lit-
erature summarization [1], data extraction [2], or question-
answering [3] rely on the factual correctness and conciseness
of the output [4].

However, in practice, base models (the large, unmodified LLMs
with heavy pretraining) often generate inaccurate statements [5—
8], fabricate misleading data (hallucinations) [9, 10], or struggle
with data extraction [11, 12]. These errors are limiting factors for
scientific assistant applications of LLMs [13-15]. Many different
methods of variable complexity can alleviate this problem with
varying success [16-19]. Choosing the methods to implement for
a scientific project can thus impact the quality of its outcome, and
a careful evaluation is imperative.

To accelerate the development of LLM-based assistants for spe-
cialized scientific domains, we introduce the LLM Playground, a
framework for evaluating the efficiency of the most prevalent
enhancement methods within a given application. The frame-
work provides five ready-to-deploy chatbot architectures,
enabling systematic comparison. These architectures implement
widely adopted methods of LLM optimization in standalone and
combined approaches. The framework uses a domain-specific
question-answer benchmark to grade the methods. To demon-
strate the effectiveness of the LLM Playground, a chemical assis-
tant chatbot is examined as a case study by employing
ChemBench [20], a standardized framework for the automatic
evaluation of chemical knowledge. Here, ChemBench serves
as an independent quality criterion for the comparative
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assessment of the chemical specialization capabilities of every
architecture. Based on the quantitative measurements of the case
study, this work continues to recommend a course of action that
abstracts from the chemical use case toward generalized best
practices for the application of LLMs in other scientific domains.
Our main contributions are as follows:

« The LLM Playground, a framework to evaluate individual
enhancement methods for LLM-based scientific assistants.

« A collection of chatbot architectures implementing state-
of-the-art techniques to improve the accuracy of an LLM.

« The development of complex reasoning setups, including
iterative self-evaluation and multi-LLM structures.

« A quantified comparison of the effectiveness of these state-
of-the-art techniques for the specialization of LLMs to sci-
entific domains.

« A collection of recommendations and best-practice meth-
ods when employing LLMs.

2 | Related Works
2.1 | Large Language Models

The development of LLMs has marked a significant milestone in
artificial intelligence, particularly in (NLP). LLMs, such as GPT-3
[21] and GPT-4 [22], Llama [23, 24], Mistral [25], Falcon [26], and
recently DeepSeek R1 [27] rapidly hit new milestones in an ever-
expanding research field. They are trained on vast collections of text,
leveraging billions of words from a wide array of sources, including
internet content, books, and articles, using different training tech-
niques [28, 29]. This extensive training enables them to generate
human-like text and make continuous dialog contributions [30].

2.2 | Chemical LLMs

Recent studies have examined the potential of expert LLMs to
address chemical tasks such as forward and retrosynthesis, name
conversion, molecular property prediction, molecule captioning,
and general chemical reasoning [31, 32]. Researchers have explored
various strategies to enhance the accuracy of the answers provided
by the deployed LLM. One of these application strategies is the pre-
training of representations of molecular information, for example,
by the Simplified Molecular Input Line Entry System (SMILES) [33]
or Self-referencing embedded strings (SELFIES) [34] and tokenizing
them, as is done with regular words [31]. Tokenization is the pro-
cess of transforming words into a numeric format that embeds
semantic information about the transformed word. Another appli-
cation is integrating chemistry-specific software tools, designed by
human experts, which the LLM can use autonomously, as in
ChemCrow [35, 36]. A common approach for domain adaptation
is the continuation of the training of the model weights using
domain-specific text data (finetuning) [37, 38]. Another approach
is to supplement existing algorithms with LLMs [39].

2.3 | Prompt Engineering

Prompt Engineering is a fast and easy way to increase LLM per-
formance. At its core, Prompt Engineering is the development of

a set of natural language instructions, like examples, task spec-
ifications, or constraints provided at runtime [40]. Automatic
prompt generation [41, 42] and prompt-based finetuning
[43, 44] have extended the basic principle by a repeatable opti-
mization process. Some quality criterion grades applications
using manually engineered prompts. The prompts are then iter-
atively edited while observing said quality criterion. Ultimately,
the goal is to omit manual inputs completely while outperform-
ing human prompts. However, despite extensive research on the
matter, optimal solutions have not yet emerged [45, 46].

Chemical downstream tasks for LLMs can greatly benefit from
domain-specific Prompt Engineering, such as incorporating
examples of SMILES [33] representations [47, 48]. Systematic
approaches like automatic Prompt Engineer [49] use an LLM
to generate and select instructions. Other modern approaches
engage in automatic prompt generation via evolutionary algo-
rithms, variational inference, and gradient-guided or gradient-
free search [50-53]. Dominant in literature are methods using
evolutionary algorithms [54] based on an LLM’s ability to create
natural language instructions [55]. These methods usually obtain
a set of manually created prompts as their starting population
and combine or mutate them by prompting an LLM to do so.

2.4 | Reasoning

LLMs struggle with inaccuracy resulting from hallucinations
[9, 10], inconsistent use of source material [56], or other uniden-
tified issues [5, 6]. Various types of LLM reasoning have been
shown to alleviate weaknesses and enhance interpretability
[57, 58]. A prominent type of reasoning is Chain of Thought
prompting [59], which refers to the implementation of an exam-
ple of a human-like multistep thought process into the prompt
and encouraging the LLM to mimic it. It relies on the LLM gen-
erating multiple coherent units of text called thoughts. More com-
plex approaches like Tree of Thoughts (ToT) [60] and Graph of
Thoughts (GoT) [61] use iterative self-evaluation and feedback-
loop strategies to handle thoughts more dynamically. With ToT,
the LLM can evaluate each thought, add or disregard them, and
effectively look ahead or backtrack in its answer before generat-
ing the final output. GoT takes this concept even further by also
modeling thoughts as vertices and the relations between them as
edges. This graph then enables GoT to generate an answer that
taps into the LLM’s rich inherent knowledge efficiently.
StructChem [62] advances reasoning in a chemical domain by
specializing the chain for chemical tasks, integrating LLM-
Reasoners [63], and providing an open-source framework.

2.5 | External Knowledge

An LLM’s inherent knowledge often does not cover the answers
to domain-specific questions [64, 65]. Retrieval Augmented
Generation (RAG) is a concept aiming for better alignment of
LLM output and confirmable information. To this end, the input
text is augmented with facts from external sources, providing the
LLM with knowledge it might not possess within its own context
[66-68]. Furthermore, specialized tools providing an interface for
knowledge databases to the LLM enable the injection of confirm-
able additional knowledge [69, 70]. Recent works have found
incorrect interpretation of well-retrieved external knowledge
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to be the most limiting factor of LLM tool usage quality [71-73].
It has also been proposed to integrate tools as autonomous
agents, where an agent represents a planning or decision-making
entity [74-77]. The core idea is to capitalize on the LLM’s NLP
capabilities by prompting it to handle one or multiple tool inter-
faces independently, allowing for dynamic tool use at runtime
[68, 78].

2.6 | LLM Benchmarks

The LLM Playground framework relies on an independent qual-
ity criterion to quantify the domain-specific knowledge of indi-
vidual chatbot architectures, as expressed in this case study by
chemical expertise. Simple metric approaches such as ROUGE
[79] and BLEU [80], which rely on measuring the verbatim over-
lap between generated text and a reference text, are widely con-
sidered outdated in the context of evaluating LLMs [81]. Metrics
of growing dimensionality are replacing them, meaning that
many abstract factors are used to grade NLP quality instead of
undynamic exact word matching [82]. Recent research proposes
new methods that capitalize on the NLP capabilities of LLMs
[83]. For example, when evaluating the similarity of a generated
summary and its original text, LLMs can leverage semantic
understanding of both texts, while classical approaches only
operate on a lexical level. Modern quality criteria used to evaluate
LLM applications rely on standardized text collections tailored to
the property being measured. General-purpose benchmarks are
used to measure the NLP quality of the base models [5, 84, 85],
while disregarding the extent of their knowledge or the factual
correctness.

Domain-specific, i.e., chemical benchmarks, contain data to eval-
uate the content of LLM statements [39, 86, 87]. One established
chemical benchmark is ChemLLMBench, which aims to grade
three key capabilities of LLMs, namely understanding, reasoning,
and explaining in the chemical domain [88]. It includes multiple
iterations of eight common chemical tasks that each contribute to
the score given for one of the key capabilities. Another is
ChemBench, which provides wide coverage of chemical subfields
[20]. On more than 2700 question—answer pairs, it tests the extent
of the knowledge LLMs in nine different categories. The percen-
tages of correct answers serve as scores, both per category and in
a weighted average. ChemBench also offers an online scoreboard
that is continuously updated for the most recent prominent base
models.

2.7 | Remaining Challenges

Although methods to improve LLMs have been extensively stud-
ied, existing work focuses on individual techniques or applica-
tion-specific adaptation. An approach for systematic side-by-
side comparison is missing. Especially, the exploration of the
effect that both standalone and shared implementations of differ-
ent domain adaptation strategies have on a system’s accuracy is
crucial. Research progress is further slowed by the need to revisit
the same considerations each time LLMs are adapted to scientific
domains and by the lack of a systematic procedure to formalize
this process.

3 | Method
3.1 | Overview

Figure 1 illustrates an overview of the setup of this study. Our
LLM Playground framework implements modular components
used to build different architectures for enhancing LLM perfor-
mance. Every architecture’s domain specialization capability is
measured by the ChemBench score it achieves. The chatbot
architectures are organized into four components: The LLM,
the natural language instruction (prompt), external data
sources, and flow configurations for the question-answering
workflow. Different variants of each component are considered
throughout this study, starting with optimization methods for the
natural language instructions. A computationally expensive,
automatic prompt optimization technique using an evolutionary
algorithm, as well as a semi-manual, low-cost approach, is con-
sidered. For the LLM, prominent open-source models [24, 27] of
varying size, trained with different techniques, are included. The
available external data sources consist of scientific papers from
arXiv, a SMILES to molecular description converter, and a data-
base featuring a selection of relevant chemical texts and books.
By employing the RAG [67] practice, the chatbot autonomously
retrieves information. Lastly, complex flow configuration
methods like self-evaluation loops or multi-LLM setups are lev-
eraged to maximize the human-like reasoning capabilities of the
base models. The resulting architectures are illustrated in
Figures 2-6.

3.2 | Setup

Throughout this study, the various chatbot architectures are
graded and compared in terms of their quality as a chemical
assistant. To this end, the LLM Playground sets up a repeatable
evaluation procedure. The experiment is conducted iteratively
while exchanging components. Components accessing an LLM
are managed as chains, which organize the order of operations
to perform on the input. The set of operations consists of the
following:

 Prepending a system prompt to give general instructions
» Adding a message prompt that incorporates the text input

« Calling an optional interface for communication with
external data sources

Calling the base model itself to generate text

Gathering and parsing the text output from the full LLM
response

The methods and experiments are divided into two sections: a
separate setup to evaluate methods of natural language
instructions optimization and a setup to evaluate architectures
for standalone and shared realizations of every other component.
This divide is conducted because separating the evaluation of
prompt optimization methods brings great computational relief
without any accuracy downside. Comparing the results, the effec-
tiveness of each component’s contribution to domain adaptation
is then determined. Doing so, practical advice and a best-practice
course of action based on individual requirements is created,
grounded in replicable data.
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FIGURE 1 | Overview of the study setup. The diagram illustrates the LLM Playground. It contains modular components used to build different
architectures for enhancing LLM performance, shown on top. The components include natural language instructions (prompts) that are either
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created manually or generated by an optimization algorithm. The optimization is done either by manually prompting an LLM to do so (light-weight)
or by an evolutionary algorithm (automatic). Another component is the flow configuration, meaning the structured way in which the software inter-
acts with the LLM. This includes setting up workflows where, for example, a model is called repeatedly in a loop to critique its own answers. It can also
involve using multiple models together or implementing self-evaluation methods. Various external knowledge sources are used to supplement the
chatbot’s inherent knowledge. Lastly, different LLMs of varying parameter count can be implemented into the architecture. The components are
assembled into distinct architectures for a chemical assistant. The architectures are evaluated through a standardized benchmarking pipeline shown
at the bottom. Each architecture generates output for all the benchmark questions, and the resulting performance scores are compared.
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FIGURE 2 | Graph illustrating the Reasoning architecture. The user input and the application’s output are depicted as blocks on the far sides. The
other blocks each represent a chain. Chains can add instructions and previous messages to an input text or handle tool interfaces before calling the LLM
to perform a specific task. A Generator chain generates reasoned context for the question, optionally based on previous thoughts, and a Reflection
chain generates thoughts based on the current context. This is done iteratively until a stop criterion is met. Lastly, an Answerer chain generates a final

4
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Thoughts D PP

final Answer
thoughts

" Reflection
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Ready to
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3.3 | Dataset LLM answers from one (best) to zero (worst) according to the

. o . . . share of true positives and negatives.
The quality criterion for the experiments of this study is chosen to P &

be ChemBench [20] as it offers a more fine-grained division of

chemical subfields and a straightforward score of factual correct-
ness, in contrast to ChemLLMBench’s [88] per-capability score.
ChemBench consists of multiple-choice questions and scores the

3.4 | Natural Language Instructions

This paragraph introduces the section of the setup to evaluate
and compare methods of natural language instruction
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to perform a specific task. A Researcher chain generates relevant arXiv queries, and molecular representations that will then be input for one of the
tools, and an Answerer chain generates a final answer based on the output of the tools.
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FIGURE4 | Graphillustrating the RAG-Reasoning architecture. The user input and the application’s output are depicted as blocks on the far sides.
The other blocks each represent a chain. Chains can add instructions and previous messages to an input text or handle tool interfaces before calling the
LLM to perform a specific task. A Researcher chain generates relevant arXiv queries and molecular representations that will then be input for one of
the tools. A Generator chain generates reasoned context for the question, optionally based on the tool output inside the context provided by the
Researcher chain, and an Answerer chain generates a final answer based on the reasoned context of the Generator chain.

optimization. It includes a light-weight solution and a sophisti-
cated automatic approach. For both methods, the risk of overfit-
ting, computational efficiency, and sample diversity are balanced
by a small training split, compared to a large test split. As we find
that the quality plateaus at a training split of ten questions from
each category provided by ChemBench, we use this limited train-
ing split to reduce the risk of overfitting. The remaining questions
form the test split, ensuring reliable evaluation of generalization
performance on a large and diverse benchmark.

3.41 | Light-Weight Approach

We implement the simplest optimization method by prompting
our LLM to output variations of a manually composed prompt.
Every variation is inserted as the system prompt of the LLM to
perform the training split questions. The best-performing var-
iations are then compared on the test split. Computational

resources are hereby minimized at the cost of some manual
input.

3.4.2 | Automatic Approach

An evolutionary algorithm [54], similar to those in prominent
literature [55], is established as a sophisticated automatic
approach. In the initial iteration, the LLM is tasked to create
a starting population of 50 chemical domain prompts, referred
to as specimen (Examples in Appendix A.2.1). After this, the algo-
rithm repeatedly performs three steps designed to optimize the
ChemBench score achieved by the chatbot when using the spec-
imen as its system prompt:

+ Calculating the fitness of each specimen as the mean
ChemBench [20] score achieved when using the specimen
as the system prompt.

Advanced Intelligent Discovery, 2026
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interfaces before calling the LLM to perform a specific task. A Researcher chain generates relevant arXiv queries and molecular represen-
tations that will then be input for one of the tools. A Generator chain generates reasoned context for the question, optionally based on the
tool output inside the context provided by the Researcher chain. Multiple Student chains call a smaller, faster LLM to generate reasoned
thoughts, optionally based on the tool output inside the context provided by the Researcher chain. A Professor chain calls the larger, more
accurate LLM to generate a revision of the Ensemble of thoughts, and an Answerer chain generates a final answer based on the reasoned
context of the Generator chain.

« Randomly selecting specimen to be eliminated. A higher 3.5 | Architectures

fitness increases a specimen’s probability of survival (fit-
P p v ( This paragraph introduces the five architectures set up for

ness-guided tournament selection).

« Mutating or recombining the remaining specimen by
prompting the LLM to create a new prompt based on
two input-specimen. For this, the system message consists
of instructions and examples similar to [55].

The algorithm iteratively performs on the designated training
split of ChemBench’s questions for 50 epochs. We then evaluate
the impact of the optimization algorithm on the chatbot’s chem-
ical expertise in the separate test split.

comparative experiments. These architectures implement stand-
alone and shared realizations of the various components. Every
architecture is composed of chains, which organize the order of
operations to perform on the input. With these proposed archi-
tectures, we do not aim to find final, finetuned configurations for
a specific application. We intend to measure the potential of the
explicit design choices we find most prevalent: external knowl-
edge or not, implementing a multi-LLM setup, and leveraging
self-feedback reasoning for a specific system. The architectures
are thus designed to be as simple and representative of a
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realization of these design choices as possible. Doing so, the LLM
Playground enables the comparison of these design choices.
Consequently, finetuning details such as the self-feedback itera-
tions or the database tools for external knowledge are kept fixed
to enhance comparability. While details can marginally affect the
outcome, the performance of a model heavily depends on its
strengths and weaknesses, which the inclusion or omission of
an individual design choice addresses measurably.

3.5.1 | Reasoning

The Reasoning architecture introduces a complex structure of
dynamic, iterative LLM calls. It is a standalone flow configura-
tion approach designed to capitalize on LLM reasoning. Figure 2
illustrates a flowchart of the Reasoning architecture. Three
chains are assigned virtual roles as follows:

« Generator: Generates reasoned context for the question,
optionally based on previous thoughts.

« Reflection: Articulates thoughts based on the current con-
text. It critiques the context expressed by the Generator.

« Answerer: Formulates a final answer based on the context
and thoughts provided by the Generator and Reflection
chain.

The Generator and Reflection chain are iteratively repeated
until a stop criterion is met, with the goal of generating the most
in-depth context possible, utilizing all of the LLM’s inherent
knowledge. The stop criterion for the Generator-Reflection
loop can be defined individually. We find a fixed number of five
iterations to work well, but such specific implementation details
can be finetuned for individual applications. To pass the gener-
ated text from one chain to another, the LLM output is parsed as
a separate message to the prompt of the next chain. This means
that each iteration must be completed before another chain can
call the LLM, which disables parallel processing of a singular
task. A higher per-task runtime is to be expected with the
Reasoning architecture. As this architecture aims to enhance
the strength of broad inherent knowledge, we expect a result that
is fully dependent on the inherent knowledge of the base LLM.
To confirm this hypothesis, we are looking for an increase in
quality when comparing a smaller LLM to a larger LLM of oth-
erwise similar quality.

3.5.2 | RAG

The RAG architecture introduces a basic standalone implemen-
tation of external knowledge. It consists of two chains only, with
no iterative calls. The following briefly describes the virtual roles
of the RAG architecture’s chains, as illustrated in Figure 3:

« Researcher: Generates queries specifically fitted to the
available tools. Any context the LLM expects to be useful
is expressed as a structured tool input and automatically
parsed to the interface by the chain. In the chemical use
case of this work, the available tools include a SMILES
to clear name converter and an arXiv interface, which pro-
vides access to scientific papers.

« Answerer: Formulates a short and precise answer based
on all of the context provided by the Researcher chain.

This architecture is expected to mitigate the weakness of an
LLM’s limited knowledge, as external sources can supply infor-
mation beyond the model’s own. Base models lacking the factual
knowledge to answer domain-specific questions can be identified
by this architecture, and information can be supplemented
accordingly. However, it cannot fully prevent hallucinations,
so some risk of failure remains. The quality of the external data
and the LLM’s ability to formulate appropriate queries are also
critical to its success. Notably, this method disregards reasoning
entirely. Because DeepSeek R1 models always produce reasoned
outputs, no experiments with this architecture were conducted
using those models.

3.5.3 | RAG-Reasoning

By combining the RAG and the Reasoning architecture, the
RAG-Reasoning architecture introduces a combined realization
of flow configuration and external knowledge implementation. It
is illustrated in Figure 4. To address the increased runtime of the
RAG-Reasoning architecture, we omit the iterative structure,
expecting the context to be rich enough after the Researcher
and the Generator chain call. The chains’ virtual roles are as
follows:

« Researcher: Generates queries specifically fitted to the
available tools. Any context the LLM expects to be useful
is expressed as a structured tool input and automatically
parsed to the interface by the chain. In the chemical use
case of this work, the available tools include a SMILES
to clear name converter and an arXiv interface, which pro-
vides access to scientific papers.

+ Generator: Generates reasoned context, but not the final
answer itself. Having the Researcher chain’s output in its
context, the Generator chain might comment on the given
external knowledge input.

« Answerer: Formulates a short and precise answer based
on all of the context provided by the Researcher and
Generator chain.

Because this approach uses both the inherent LLM knowledge
and external sources, it is expected to outperform other
approaches. We expect it to leverage the strength of good quality
text generation and the strength of extensive information extrac-
tion from the provided tool sources. The architecture can allevi-
ate the weakness of limited inherent knowledge.

3.5.4 | Ensemble

The Ensemble architecture introduces a complex flow configu-
ration method using two separate, interacting LLMs of different
sizes. Figure 5 illustrates the Ensemble architecture. First, a
smaller model with a high-temperature parameter1 is prompted
for reasoning, resulting in the Student chain. This yields rich
context, as the high-temperature parameter encourages diverse
answers. The answers are combined and passed to the
Professor chain, which calls a large LLM. The virtual chain roles
can be summarized as follows:

+ Student: Generates extensive thoughts regarding the ques-
tion, without explicitly answering it.
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» Professor: Analyzes and critiques the students’ context
and answers the questions based on this.

This approach introduces a degree of freedom by generating
high-temperature context with a smaller LLM. The results are
expected to depend strongly on the smaller model’s inherent
knowledge. If the amount of knowledge lost by scaling down
the model is significant, this will be evident in underwhelming
results compared to the Reasoning architecture. Using a smaller
model that is easily parallelized, this approach does not introduce
additional latency to the answers.

3.5.5 | Ensemble-Researcher

This combined architecture aims to use both external knowledge
and complex flow configurations. It is a variant of the Ensemble
architecture using the method of the RAG architecture. Again, a
smaller (Llama 3 8b) model is used by one of the chain types to
generate intermediate context. Figure 6 shows a flowchart of this
architecture. The four chain types are each given a virtual role:

« Researcher: Generates queries specifically fitted to the
available tools. Any context the LLM expects to be useful
is expressed as a structured tool input and automatically
parsed to the interface by the chain. In the chemical use
case of this work, the available tools include a SMILES
to clear name converter and an arXiv interface, which pro-
vides access to scientific papers.

« Student: Generates extensive thoughts regarding the ques-
tion, without explicitly answering it. Having the
Researcher chain’s output in its context, the Student
chain might comment on the given external sources.

« Professor: Analyzes and critiques the Student chains’
context.

« Answerer: Formulates a short and precise answer based
on all of the context provided.

With four linear chain types, this approach has a high runtime;
however, it is expected to perform well, as it leverages both inher-
ent knowledge and external data sources, if the context provided
by the smaller models is of sufficient quality and the main base
model is able to extract the provided information well. While the
vast context given by the Student chains does provide a wide
range of reasoned thoughts, it is also prone to hallucinations.

3.6 | Implementation

We use Huggingface [89], a distributor of open-source artificial
intelligence models for the base models. To build our base LLM
application, we use the open-source framework LangChain [90],
and to construct the specific architectures, we use its LangGraph
tool. The application backend is served using LangServe and
FastAPI [91], while LLM inference is performed through
Huggingface’s Text Generation Inference toolkit, deployed via
a Docker container. For the frontend, we employ Angular, with
Keycloak [92] handling user authentication and management.
Grafana [93] monitoring is integrated for fast and easy process
supervision. All experiments were conducted on a system

equipped with 4 X NVIDIA RTX A6000 GPUs, an Intel Xeon
Gold 6354 CPU, and 125 GB of DDR4 RAM.

4 | Results
4.1 | Prompt Engineering

Multiple independent experiments with varying starting popula-
tions show no significant improvement of the mean ChemBench
score over the 50 epochs. Some starting populations even result
in a decrease of the ChemBench score (see Figure 7a). However, a
notable rise is achieved by both the simple LLM approach and
the evolutionary algorithm when picking the top-performing
prompts. Throughout multiple experiments, the top-performing
prompt has been identified after only a few epochs, with excep-
tions being marginal improvements achieved at a significantly
higher computational cost. We observe a marginal improvement
of the evolutionary algorithm over the simple approach. The
prompt used to achieve the maximum score is given in
Appendix A.2.3. All results are displayed in the appendix in
Table Al.

4.2 | Architectures

The following presents the results of each base model across all
architectures, accompanied by a brief analysis of the data.
Detailed per-category scores are given in the Appendix section

(@) unsuccessfull Training progression

0.69 *Mean Score
Standard deviaton

0.68

0.67

0.66

0.65

0 5 10 20 25 Epochs
(b) successfull Training progression

eMean Score
0.70=Standard deviaton

0.69
0.68

0 5 10 20 25 Epochs
FIGURE 7 | Results of an unsuccessful (a) and a successful (b) train-

ing progression of the automatic Prompt Engineering training via evolu-
tionary algorithm. The blue line shows the mean ChemBench score of the
population present in the epoch indexed by the X-axis. Around the blue
line, an area is displayed to indicate the standard deviation of the scores at
the current epoch.
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Llama 70b = Ensemble
80%
« Ensemble-
Researcher
60% RAG-Reasoning
= Reasoning
40% “RAG
Llama 3.1 70b
20% unmodified

FIGURE 8 | Bar graph displaying the average ChemBench score of
every architecture with the Llama 3 70b base model. The X-axis contains
all the architecture, as labeled by the colors of the legend to the right, and
the Y-axis displays the average ChemBench score.

A.3. Across multiple evaluations, the scores are consistent, and
the unmodified models reproduce the independently reported
scores provided by the ChemBench Leaderboard, indicating that
the variance in scores results from the different architectures.

Using the Llama 3 70b base model, a top-performing architecture
is observed. The RAG-Reasoning (yellow) variant yields an
average per category increase of 8% compared to the baseline
(light orange), followed closely by the RAG architecture (see
Figure 8). The most significant quality gain occurs in analytical
chemistry, with a 75% increase (see Figure Al). In inorganic
chemistry, we observe a 5% decrease relative to the baseline.
Neither the Ensemble nor the Ensemble-Researcher method
performs well; the latter even falls below the baseline. The stand-
alone flow configuration of the Reasoning architecture performs
worst overall.

The small-scale DeepSeek R1 1.5b model does not perform at par
with the baseline (orange) on average, no matter what architec-
ture is deployed (see Figure 9). It does, however, manage to rec-
reate the baseline performance for the Chemical Preference
category (see Figure A2). The Reasoning (green) architecture
was most successful, but on average, the per-category score still
drops by 31%.

Even at reduced size compared to the baseline, the DeepSeek R1
32b model yields highly improved scores (see Figure A3). It per-
forms best when tasked to utilize its inherent knowledge
(Figure 10). The Ensemble (blue) architecture, closely followed
by the Reasoning (green) architecture, outperforms both the
baseline (yellow) and all architectures using external knowledge.
With an average improvement of 120% per category compared to
the baseline, it also outperforms Llama 3 using the RAG archi-
tecture substantially. The category most improved by every

Deepseek R1 1.5b  ®=Ensemble
80%
= Ensemble-
Researcher
60%

RAG-Reasoning
40%

v 1 II

FIGURE 9 | Bar graph displaying the average ChemBench score of

= Reasoning

o Llama 3.1 70b
unmodified

every architecture with the DeepSeek R1 1.5b base model. The X-axis con-
tains all the architecture, as labeled by the colors of the legend to the
right, and the Y-axis displays the average ChemBench score.

Deepseek R132b  ®=Ensemble

80%
= Ensemble-
Researcher

60%
RAG-Reasoning
40% I =Reasoning
Llama 3.1 70b
20% “unmodified

FIGURE 10 | Bar graph displaying the average ChemBench score of
every architecture with the DeepSeek R1 32b base model. The X-axis con-
tains all the architecture, as labeled by the colors of the legend to the
right, and the Y-axis displays the average ChemBench score.

architecture is analytical chemistry, while the inorganic chemis-
try score improves by only 5% (see Figure A3).

The large DeepSeek R1 70b base model is most successful when
omitting external knowledge as well. It yields the best results
with the Reasoning (green) architecture (see Figure 11). This
result is also the highest among all models and architectures,
recording an improvement of 122% on average per category com-
pared to the baseline (orange). We note that this result is only
slightly higher than the top-performing DeepSeek R1 32b archi-
tecture. However, the one architecture that has improved the
most, as compared to the smaller DeepSeek R1 32b model, is
the Reasoning architecture, which gains three percentage
points.

Directly comparing the top-performing architectures of each base
model, it is apparent that the DeepSeek R1 model does not main-
tain its chemical capabilities when scaled down to 1.5b param-
eters. However, on larger scales, it performs significantly better in
every category than Llama 3 70b with a RAG-Reasoning archi-
tecture does. The DeepSeek R1 70b model especially excels in
“Inorganic Chemistry”, which is the category with the lowest
recorded improvements. Between the 32b and the 70b
DeepSeek R1 model, the margins are very small, with the smaller
model even outperforming the full 70b model at “Technical
Chemistry” and “Physical Chemistry” (see Table A2 and
Figures A4 and A5).

5 | Discussion

The results demonstrate that the quality of domain-specific LLM
applications heavily depends on their exterior design. A compar-
ison of the design parameters is thus sensible. Using the LLM

Deepseek R1 70b  ®Ensemble

80%
= Ensemble-

Researcher
RAG-Reasoning

60%
40% I I

Llama 3.1 70b
20% “unmodified

= Reasoning

FIGURE 11 | Bar graph displaying the average ChemBench score of
every architecture with the DeepSeek R1 70b base model. The X-axis con-
tains all the architecture, as labeled by the colors of the legend to the
right, and the Y-axis displays the average ChemBench score.
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Playground, this comparison is effectively executed, and an opti-
mal setup for an LLM-based scientific assistant application is
found for multiple base models. We observe notable improve-
ments both over the baseline of an unmodified Llama 3.1 70b
and over suboptimal architectures when using an optimal design,
identified by the LLM Playground, that empathizes the base
model’s strengths and alleviates its weaknesses. For the Llama
base model, this means incorporating external knowledge sour-
ces to supplement its limited internal knowledge. The Llama 3
70b model excels in instruction following, which leads to a strong
positive influence of external data sources, as the model strictly
follows both the structure necessary to generate good tool queries
and the instruction to use the information of the provided data,
even when internal model knowledge leads to contrary results. In
contrast, DeepSeek yields the best results when no external
knowledge is included, but one of the complex reasoning archi-
tectures is used to take advantage of DeepSeek’s inherent knowl-
edge and reasoning capabilities. The inefficiency of external
knowledge implementation can be due to an inability to produce
well-suited queries for the tool available, to the model not using
the context provided by the tools, or to a low-quality tool context.
Without a clear way to quantify the relevance of a tool’s context
to a specific question, this uncertainty limits the generalizability
of this insight (Tables A3-A6).

Even the success in certain subcategories of the chemical domain
depends on the chosen methods. This is likely due to an uneven
distribution of knowledge inherent to the base models toward
different topics that stem from both the coverage of these topics
in the training data and the model’s ability to remember and
access the facts. The use of ChemBench may have influenced
the results, as the distribution of questions across categories
can affect performance, with improvements varying noticeably
between architectures and categories. Comparing the results
recorded by every architecture enables the formulation of a best
practice when adapting an LLM to a domain, depending on the
base model. In the following, the recommended LLM practices
depending on the capabilities of the base model at hand are con-
densed from a discussion and interpretation of the experiment
results.

Considering the margin of improvement between the low-cost
LLM Prompt Engineering approach and the high-cost evolution-
ary algorithm, it is apparent that using an evolutionary algorithm
is not necessary for good results. It maximizes the potential of the
Prompt Engineering impact and is thus advisable if optimization
is prioritized over cost efficiency.

Comparing the DeepSeek R1 models of different sizes (see
Figure A5), we conclude that scaling up the model does not guar-
antee an improvement. The 1.5b model is too small and yields
insufficient results, but the 32b model is very much on par with
the 70b model, with lower computational cost; thus, model size is
indeed a contributing factor, though its impact appears to plateau
beyond a certain point. When heavily relying on inherent knowl-
edge and omitting external data sources, the benefits of a larger
model are most substantial, at the expense of considerably higher
training and inference costs. We postulate that the reasoning-
based architectures have a stronger effect on larger base models,
because the models are better able to store factual knowledge
within their parameters, in parallel to the semantic language
capabilities. For applications using external data sources, the
advantage of an increased model size saturates quickly, as soon

as the base model is consistently able to formulate concise tool
queries. This saturation is likely due to the larger models being
able to formulate a lot of high-quality context toward a specific
question, which nonetheless can be factually incomplete or
wrong, as LLM text generation is a statistical process. The added
tool context ceases to appear necessary next to the generated tool
context, and the model does not base its decision on the infor-
mation present in the tool context. A look into the trade-off
between model sizes and efficiency is thus imperative. The sug-
gested starting point is a smaller model with a RAG architecture.

Regarding the various architectures, the results show a consider-
able improvement for almost all components used in the chatbot
architecture in comparison to the baseline. The LLM likely ben-
efits from any additional context. Our results indicate that
unmodified base models do not reach their full potential and that
an LLM almost always performs better when embedded in a
framework offering more interaction than a simple system
message.

This study provides five different architectures, tested on a chem-
ical use case, that can improve a base model in this way. They are
available at our git:

https://github.com/DavidExler/Chemical-Chatbot-Architectures

along with a framework to host an extensive Assistant chatbot
application at:

https://github.com/DavidExler/TAI-Chemical-Chatbot.

Of these five architectures, as expected, the Reasoning
approach’s improvements depend most on the models’ inherent
knowledge quality. This was expressed by the unusually great
improvement of the DeepSeek R1 70b model with this architec-
ture, when compared to the 32b equivalent. The Reasoning
architecture benefits most from larger base models and is thus
recommended for applications with large GPU memory avail-
able. We suggest employing reasoning architectures for future
base models that perform well on knowledge benchmarks.
Especially when development resources are limited, a simple
self-evaluation setup improves base models with broad inherent
knowledge, even if they do not perform well in instruction fol-
lowing benchmarks or similar metrics.

The RAG method significantly increased Llama 3’s performance,
particularly compared to approaches without external knowl-
edge. In contrast, it had a smaller effect on DeepSeek R1. This
may reflect DeepSeek R1’s stronger internal knowledge, Llama
3’s more effective tool use, or limitations in the open-access exter-
nal data sources used in this study. Either way, it is apparent that
using external knowledge approaches is very efficient when
applied to models prone to lacking knowledge, like smaller base
models, because it supplements crucial information toward a spe-
cific topic. External knowledge implementation does not scale
well for advanced applications, likely because a larger context
corpus negatively affects an LLM’s quality when the inherent
knowledge can produce the correct answer.

With RAG-Reasoning extending the Reasoning architecture, it
shares not only its potential but also its inherent weaknesses.
Llama 3 profits most from this combination approach. The archi-
tecture is recommended as a baseline to implement LLMs into
scientific domains, as it is the most reliable starting point. It offers
multiple design parameters to tune, like adding new tools, fine-
tuning the data sources, and increasing the number of iterations.
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https://github.com/DavidExler/Chemical-Chatbot-Architectures
https://github.com/DavidExler/IAI-Chemical-Chatbot

This architecture is a well-suited starting point for future base
models that will be integrated into operational systems where
data sources and hardware are already curated.

Ensemble, on the other hand, is primarily suited for models
native to reasoned outputs, as it relies on extensive context.
With DeepSeek R1’s success, future LLMs might be finetuned
for Reasoning as well. Ensemble’s biggest advantage in this
case would be the reduction of runtime achieved by outsourcing
the context generation to a smaller base LLM, which can be par-
allelized at low computational expense, given that the GPU mem-
ory available is sufficient for two models. If latency is a major
concern for an application, using this approach is recommended;
otherwise, the Reasoning architecture is advisable.

Lastly, as this architecture’s results are underwhelming in com-
parison to methods of similar implementation expense and
computational cost, it is not recommended for now. Future base
models finetuned for reasoning on a smaller scale might enable
this approach.

As we observe the architectures targeting a specific potential
strength or weakness perform well with a model expected to have
this strength or weakness, we postulate that the provided archi-
tectures do in fact capture the general potential of a design
choice, even if details of implementation can still be finetuned
individually.

Future studies could insert more base models into this test setting
to compare and contrast the results and also investigate the
impact that both the database size and the number of texts
the LLM can take from the database for a single answer have
on the output quality quantitatively. Furthermore, new architec-
tures could be added and compared employing ChemBench’s
standardized scoring system. Further investigations could also
take non-open-weight models into account and compare the
results to evaluate the cost-benefit ratio of paying for a base
model. Also, as the ability to formulate meaningful queries for
the use of tools or the way that a model handles data from exter-
nal sources is likely dependent on its training data in a similar
way, future work could compare the quality of applications using
our architectures with LLMs finetuned for either tool use or
inherent chemical knowledge. Consequently, architectures rely-
ing on one of these aspects probably do better if the model excels
at it. A noticeable irregularity in our results is the great average
improvement of the category “Analytical Chemistry.” The
“Toxicity and Safety” category, on the other hand, scores poorly
and is never improved much by any architecture. Subsequent
research might continue the experiments by including additional
categories or applying them to completely different scientific
domains.

6 | Conclusion

This article introduces the LLM Playground, a framework to
compare optimization methods for LLMs. In a case study, this
framework is used to optimize a scientific assistant chatbot’s
accuracy on a chemical dataset. The experiments show that
the methods effectively locate and alleviate limitations of unmod-
ified LLMs by applying optimal enhancement techniques. This
work aims to streamline the domain specification process for
LLMs as methods in the field continue to expand. Future work

might expand on this method by integrating the LLM Playground
to compare design choices within a pipeline for fully automated
exploration and optimization of LLM workflows. Further studies
can also explore the comparison framework in a multi-agent
setup to include design choices regarding the interaction and
communication methods individual agents employ. However,
such studies are constrained by the ecological impact associated
with the high energy consumption of additional case studies,
which we deemed excessive for the scope of this study.
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Appendix

A

Acronyms

LLM Large Language Model

NLP Natural Language Processing
RAG Retrieval Augmented Generation
ToT Tree of Thoughts

GoT Graph of Thoughts

Automatic Prompt Engineering
Starting Population Example

“Meta’s Assistant is an advanced Llama 3 70B model, intricately designed
to serve as a robust resource in chemistry and related scientific fields.
Built on the Llama architecture, this model processes and interprets com-
plex chemical information with high accuracy. From detailed chemical
structure inquiries to comprehensive laboratory guidance, Assistant is
a well-rounded tool for professionals, students, and those with a passion
for chemistry. Its capabilities span organic, inorganic, physical, and ana-
lytical chemistry, delivering reliable insights for diverse chemistry needs.”

“The Assistant model, a cutting-edge Llama 3 70B creation by Meta,
brings unparalleled expertise to the world of chemistry. Specializing in
chemical principles, reactions, compounds, and more, Assistant leverages
its deep understanding to address an extensive range of chemistry-related
tasks. From organic to analytical chemistry, Assistant provides step-by-
step guidance on synthesis, reaction mechanisms, safety data, and labo-
ratory best practices, making it a valuable resource for academics, indus-
try professionals, and hobbyists alike.”

Results

Best Prompt

”Assistant, a sophisticated Llama 3 70B model developed by Meta, is spe-
cifically trained to excel in the field of chemistry. With the powerful
Llama architecture, Assistant provides exceptional understanding and

TABLE A1 | Comparison of Prompt Engineering performance.

Model Mean score
Baseline 0.534
Evolutionary Algorithm set 1 0.5908
Evolutionary Algorithm set 2 0.6010
Evolutionary Algorithm set 3 0.3821
Evolutionary Algorithm set 4 0.5912
Evolutionary Algorithm set 5 0.6086
Simple approach 0.6057

handling of complex chemical information. Covering a wide array of
topics, from chemical principles and reactions to compound properties,
Assistant is invaluable for chemists, students, and science enthusiasts
alike. Whether you have questions about chemical structures, mecha-
nisms, or laboratory practices, Assistant offers comprehensive support
with accuracy and clarity.”

Per-Category Results

Bar Graphs

Tables

Node Pompts
Reasoning Prompt—Generator

You are a chemistry student engaging in deep study. You possess knowl-
edge of core chemistry (stoichiometry, balancing equations, basic reac-
tions). You strive to not only solve problems but also understand the
underlying principles.

Analyze and solve the user’s chemistry problem, following this structured
approach:

1. Rephrasing and key insights: Briefly rephrase the problem,
highlighting the most critical data and its implications.

2. Conceptual foundation: Explain the key chemical concepts
involved, demonstrating your understanding of their rele-
vance to the problem.

3. Strategic approach: Outline your solution plan, anticipating
potential challenges.

4. Detailed solution with rationale: Solve the problem step-by-
step, justifying each step with chemical reasoning and
showing calculations.

5. Critical evaluation: Reflect on your solution. Discuss poten-
tial limitations, assumptions made, or areas where further
information would improve accuracy or understanding.

Prioritize insightful reasoning and exploration of chemical principles. If
uncertain, articulate your thought process and identify knowledge gaps.

Reasoning Prompt—Reflection

You are a distinguished senior researcher, renowned for your rigorous
and insightful critiques. You are tasked with evaluating the work of a
chemistry student, demanding intellectual rigor and a deep understand-
ing of the subject matter.

Analyze the student’s response with an unyielding critical eye. Produce a
comprehensive report that adheres to the following:

1. Relentless scrutiny: Examine the student’s response with
meticulous attention to detail. Verify the accuracy of every
claim, assess the depth of understanding demonstrated, and
rigorously evaluate the logical coherence of their
arguments.

2. Challenge and probe: Actively challenge the student’s con-
clusions. Identify any leaps in logic, unstated assumptions,
or inconsistencies in their reasoning. Demand concrete evi-
dence and specific justifications for each assertion made.
Do not accept any statement at face value.

3. Independent verification: Independently verify all informa-
tion provided and any steps taken by the student. Never
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LLama 70b
B Ensemble M Ensemble researcher RAG reasoning M Reasoning ® RAG ® LLama 3.1 70b BASE
80%
60%
40%
20%
0%
Analytical General Technical Organic Inorganic Physical Toxicity and  Materials Chemical
Chemistry Chemistry Chemistry Chemistry Chemistry Chemistry Safety Science Preference
FIGURE Al | Per-category comparison of model performance using Llama 3 70b across different architectures. The Y-axis represents the mean

ChemBench score, while the ChemBench task categories are grouped along the X-axis. Within each category group, the chart displays the scores
achieved by each tested architecture as well as the baseline performance of the unmodified LLama 3.1 70B model.

r11.5b
B Ensemble B Ensemble researcher RAG reasoning B Reasoning B LLama 3.1 70b BASE
80%
60%
40%
20%
0%
Analytical General Technical Organic Inorganic Physical Toxicity and  Materials Chemical
Chemistry Chemistry Chemistry Chemistry Chemistry Chemistry Safety Science Preference
FIGURE A2 | Per-category comparison of model performance using DeepSeek R1 1.5b across different architectures. The Y-axis represents the mean

ChemBench score, while the ChemBench task categories are grouped along the X-axis. Within each category group, the chart displays the scores
achieved by each tested architecture as well as the baseline performance of the unmodified LLama 3.1 70B model.

r1 32b
B Ensemble B Ensemble researcher RAG reasoning M Reasoning M LLama 3.1 70b BASE
100%

I

Analytical General Technical Organic Inorganic Physical ~ Toxicityand  Materials Chemical
Chemistry Chemistry Chemistry Chemistry Chemistry Chemistry Safety Science Preference

FIGURE A3 | Per-category comparison of model performance using DeepSeek R1 32b across different architectures. The Y-axis represents the mean
ChemBench score, while the ChemBench task categories are grouped along the X-axis. Within each category group, the chart displays the scores
achieved by each tested architecture as well as the baseline performance of the unmodified LLama 3.1 70B model.
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FIGURE A4 | Per-category comparison of model performance using DeepSeek R1 70b across different architectures. The Y-axis represents the mean

ChemBench score, while the ChemBench task categories are grouped along the X-axis. Within each category group, the chart displays the scores

achieved by each tested architecture as well as the baseline performance of the unmodified LLama 3.1 70B model.
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FIGURE A5 | Per-category comparison of the best-performing architectures of

every base model. The Y-axis displays the mean ChemBench score

achieved by the specified architecture, while the ChemBench task categories are grouped along the X-axis.

accept the student’s response without your own critical 5.
assessment and rationalization.

4. Targeted feedback: Provide concise, actionable feedback
geared toward substantial improvement. Focus on specific
areas where the student’s understanding is lacking, their
reasoning is flawed, or their approach is incomplete.
Highlight opportunities for deeper exploration and more
rigorous analysis.

Strictly no solutions: Under no circumstances should you
provide the correct answer or directly solve the problem
for the user. Your role is to guide the student toward a
deeper understanding through incisive critique, not to pro-
vide solutions. Your goal is a thorough assessment of
strengths and weaknesses. Your ultimate objective is to
deliver a penetrating critique that exposes weaknesses, illu-
minates areas for improvement, and compels the student to
elevate their understanding of the subject matter.

TABLE A2 | Comparison of the per-category ChemBench scores of the top-performing architecture with every base model.

Llama 70b DeepSeek R1 1.5b R1 32b R1 70b
Analytical Chemistry 0.7137 0.3649 0.7529 0.7686
General Chemistry 0.7608 0.5215 0.8549 0.8652
Technical Chemistry 0.6579 0.3794 0.7474 0.7399
Organic Chemistry 0.731 0.4736 0.8147 0.8305
Inorganic Chemistry 0.7345 0.4518 0.8109 0.8677
Physical Chemistry 0.7175 0.4741 0.8206 0.7974
Toxicity and Safety 0.3887 0.1686 0.3926 0.4381
Materials Science 0.6275 0.3884 0.7225 0.6968
Chemical Preference 0.5213 0.5129 0.5638 0.5701
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TABLE A3 | ChemBench scores per category for every architecture using the Llama 70b base model.

Llama 70b Ensemble Ensemble-Researcher RAG-Reasoning Reasoning RAG
Analytical Chemistry 0.6412 0.6003 0.7137 0.6332 0,6529
General Chemistry 0.7235 0.7157 0.7608 0.6588 0.7022
Technical Chemistry 0.5895 0.5737 0.6579 0.5559 0.6684
Organic Chemistry 0.6939 0.6696 0.7310 0.6550 0.7278
Inorganic Chemistry 0.7164 0.6727 0.7345 0.6655 0.7636
Physical Chemistry 0.6763 0.6454 0.7175 0.6383 0.6844
Toxicity and Safety 0.3476 0.3396 0.3887 0.3427 0.3719
Materials Science 0.5700 0.5388 0.6275 0.5311 0.6855
Chemical Preference 0.5289 0.5173 0.5213 0.5225 0.5568
Average 0.6097 0.5859 0.6503 0.5781 0.6460
TABLE A4 | ChemBench scores per category for every architecture using the DeepSeek R1 1.5b base model.
DeepSeek R1 1.5b Ensemble Ensemble-Researcher RAG-Reasoning Reasoning
Analytical Chemistry 0.3745 0.4075 0.3381 0.3649
General Chemistry 0.5078 0.4588 0.4546 0.5215
Technical Chemistry 0.3895 0.3684 0.3433 0.3794
Organic Chemistry 0.4751 0.4720 0.4344 0.4736
Inorganic Chemistry 0.4073 0.3699 0.3265 0.4518
Physical Chemistry 0.4433 0.4284 0.3579 0.4741
Toxicity and Safety 0.1843 0.1786 0.1858 0.1686
Materials Science 0.3625 0.3746 0.3387 0.3884
Chemical Preference 0.5115 0.4986 0.4471 0.5129
Average 0.4062 0.3952 0.3585 0.4150

Reasoning Prompt—Answerer

You are an answerer tasked with answering a user’s question based on
the result of other LLMs.

Follow these rules:
Give a short but precise answer and follow the user guideline
on how to answer.

Base your results on all previous messages

Structure your answer like the user requested.

RAG Prompt—Researcher

You are a researcher in the field of chemistry.

You are supposed to write a comma separated list of arXiv queries that
you want to search for.

If you need any smiles strings converted to simplify the problem solving,
you can also write them in a comma separated list.

Your output should be a json object with the following structure:

{
“arXiv”: “queryl,query2,query3”,

», »

”smiles”: "smilesl1,smiles2,smiles3”

}

RAG Prompt—Answerer

You are an answerer tasked with answering a user’s question based on
the result of other LLMs. Give a very detailed answer, if available, includ-
ing any code, math, or references that got generated during the process.

Don’t create new results, your output should be based on the results of all
previous Messages.

RAG-Reasoning Prompt—Researcher

You are a researcher in the field of chemistry.

You are supposed to write a comma separated list of arXiv queries that
you want to search for.

If you need any smiles strings converted to simplify the problem solving,
you can also write them in a comma separated list.

Your output should be a json object with the following structure:

{

“research_thoughts”: "To research on this topic, I should look into...”,

», »

”smiles”: “smiles1,smiles2,smiles3”,
“arXiv”: ”queryl,query2,query3”
}

or

{
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TABLE A5 | ChemBench scores per category for every architecture using the DeepSeek R1 32b base model.

DeepSeek R1 32b Ensemble Ensemble-Researcher RAG-Reasoning Reasoning
Analytical Chemistry 0.7529 0.6922 0.6528 0.7445
General Chemistry 0.8549 0.8059 0.7920 0.8640
Technical Chemistry 0.7474 0.7211 0.7275 0.7778
Organic Chemistry 0.8147 0.7792 0.7967 0.8053
Inorganic Chemistry 0.8109 0.7745 0.7602 0.7818
Physical Chemistry 0.8206 0.7649 0.7850 0.8142
Toxicity and Safety 0.3926 0.3721 0.4129 0.3953
Materials Science 0.7225 0.6900 0.6640 0.6801
Chemical Preference 0.5638 0.5590 0.5623 0.5638
Average 0.7200 0.6843 0.6837 0.7141
TABLE A6 | ChemBench scores per category for every architecture using the DeepSeek R1 70b base model.
DeepSeek R1 70b Ensemble Ensemble-Researcher RAG-Reasoning Reasoning
Analytical Chemistry 0.7941 0.7255 0.7077 0.7686
General Chemistry 0.8578 0.8235 0.8553 0.8652
Technical Chemistry 0.7500 0.6842 0.6563 0.7399
Organic Chemistry 0.8274 0.7959 0.8021 0.8305
Inorganic Chemistry 0.8182 0.7455 0.8003 0.8677
Physical Chemistry 0.7732 0.7629 0.7910 0.7974
Toxicity and Safety 0.4252 0.4059 0.4482 0.4381
Materials Science 0.7625 0.7000 0.6436 0.6968
Chemical Preference 0.2772 0.5534 0.5730 0.5701
Average 0.6984 0.6885 0.6975 0.7305

”», %

“research_thoughts”: ”I am missing some information about ..., so I will
look into that.”

9, %

”smiles”: ”smiles1,smiles2,smiles3”,
“arXiv”: “queryl,query2,query3”
}

RAG-Reasoning Prompt—Generator

You are a chemistry student engaging in deep study. You possess knowl-
edge of core chemistry (stoichiometry, balancing equations, basic reac-
tions). You strive to not only solve problems but also understand the
underlying principles.

Analyze and solve the user’s chemistry problem, following this structured
approach:
1. Rephrasing and key insights: Briefly rephrase the
problem, highlighting the most critical data and its
implications.

2. Conceptual foundation: Explain the key chemical concepts
involved, demonstrating your understanding of their rele-
vance to the problem.

3. Strategic approach: Outline your solution plan, anticipating
potential challenges.

4. Detailed solution with rationale: Solve the problem step-by-
step, justifying each step with chemical reasoning and
showing calculations.

5. Answer: Provide the final answer, ensuring it aligns with
the problem statement and your solution.

Prioritize insightful reasoning and exploration of chemical principles. If
uncertain, articulate your thought process and identify knowledge gaps.

RAG-Reasoning Prompt—Answerer

You are the answerer. You are responsible for providing the final answer
to the user’s question based on the insights and analyses provided by the
professor and students.

Ensemble Prompt—Student

You are a chemistry student engaging in deep study. You possess knowl-
edge of core chemistry (stoichiometry,balancing equations, basic reac-
tions). You strive to not only solve problems but also understand the
underlying principles.

Analyze and solve the user’s chemistry problem, following this structured
approach:
1. Rephrasing and key insights: Briefly rephrase the problem,
highlighting the most critical data and its implications.

2. Conceptual foundation: Explain the key chemical concepts
involved, demonstrating your understanding of their rele-
vance to the problem.

3. Strategic approach: Outline your solution plan, anticipating
potential challenges.
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4. Detailed solution with rationale: Solve the problem step-by-
step, justifying each step with chemical reasoning and
showing calculations.

5. Answer: Provide the final answer, ensuring it aligns with
the problem statement and your solution.Prioritize insight-
ful reasoning and exploration of chemical principles. If
uncertain, articulate your thought process and identify
knowledge gaps.

.Ensemble Prompt—Professor

You are a chemistry professor engaged in deep study. You possess knowl-
edge of core chemistry (stoichiometry, balancing equations, basic reac-
tions). You strive to not only solve problems but also understand the
underlying principles.

Follow this structured approach:

1. Independent solution and justification: Solve the problem yourself,
showing all steps and explaining the chemical reasoning behind each
step. Explain why your chosen answer is correct and why the other
options are incorrect, referencing relevant chemical principles.

2. Student response analysis: For each student response:

Conceptual understanding: Evaluate the student’s grasp of the core chemical
concepts. Identify specific strengths, weaknesses, and any misconceptions.

Reasoning depth: Assess if the student merely selected an answer or if
they explored the underlying chemical logic. Did they justify their choice
with sound reasoning?

Error analysis: If the student is incorrect, pinpoint the exact error in their
reasoning or calculation.

3. Synthesis and final answer: Provide a final answer that synthesizes
your independent solution with the best aspects of the student responses.
Explain why this final answer is the most complete and accurate,
highlighting any key insights gained from the analysis.

Ensemble-Researcher Prompt—Researcher

You are a researcher in the field of chemistry. You are supposed to write a
comma separated list of arXiv queries that you want to search for.

If you need any smiles strings converted to simplify the problem solving
you can also write them in a comma separated list.

Your output should be a json object with the following structure:

{
“research thoughts”: ”To research on this topic, I should look into...”,

9, %

”smiles”: "smiles1,smiles2,smiles3”,

9, 9

“arXiv”: “queryl,query2,query3”
}

or

{
“research thoughts”: ”I am missing some information about ..., so I will
look into that.”

9, %

”smiles”: ”smiles1,smiles2,smiles3”,

“arXiv’: “queryl,query2,query3”
}

Ensemble-Researcher Prompt—Student

You are a chemistry student engaging in deep study. You possess knowl-
edge of core chemistry (stoichiometrybalancing equations, basic

reactions). You strive to not only solve problems but also understand
the underlying principles.

Analyze and solve the user’s chemistry problem, following this structured
approach:

1. Rephrasing and key insights: Briefly rephrase the problem,
highlighting the most critical data and its implications.

2. Conceptual foundation: Explain the key chemical concepts
involved, demonstrating your understanding of their rele-
vance to the problem.

3. Strategic approach: Outline your solution plan, anticipating
potential challenges.

4. Detailed solution with rationale: Solve the problem step-by-
step, justifying each step with chemical reasoning and
showing calculations.

5. Answer: Provide the final answer, ensuring it aligns with
the problem statement and your solution.Prioritize insight-
ful reasoning and exploration of chemical principles. If
uncertain, articulate your thought process and identify
knowledge gaps.

Ensemble-Researcher Prompt—Professor

You are a chemistry professor engaged in deep study. You possess knowl-
edge of core chemistry (stoichiometry, balancing equations, basic reac-
tions). You strive to not only solve problems but also understand the
underlying principles and how they relate to the given context.

For each multiple-choice question, follow this structured approach:

1. Contextualized problem analysis: Before attempting a solution, analyze
the question within the provided chemical context. What specific con-
cepts are being tested? What are the key relationships or principles at
play? What potential challenges or nuances might exist?

2. Independent solution and justification: Solve the problem yourself,
showing all steps and explaining the chemical reasoning behind each
step. Explain why your chosen answer is correct and why the other
options are incorrect, referencing relevant chemical principles and the
context established in step 1.

3. Student response analysis: For each student response:

Conceptual understanding: Evaluate the student’s grasp of the core chem-
ical concepts in relation to the specific context of the question. Identify
specific strengths, weaknesses, and any misconceptions.

Reasoning depth: Assess if the student’s reasoning aligns with the con-
textual analysis. Did they justify their choice with sound reasoning that
demonstrates an understanding of the underlying chemical logic within
the given context?

Error analysis: If the student is incorrect, pinpoint the exact error in their
reasoning or calculation, and explain how it relates to the context and
relevant chemical principles.

4. Synthesis and final answer: Provide a final answer that synthesizes
your independent solution with the best aspects of the student responses.
Explain why this final answer is the most complete and accurate,
highlighting any key insights gained from the analysis, and how the con-
text influenced the solution.

Ensemble-Researcher Prompt—Answerer

You are the answerer. You are responsible for providing the final answer
to the user’s question based on the insights and analyses provided by the
professor and students.
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