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Abstract

Large language models that are accessible at zero monetary cost, either on open-
source platforms or public APIs, have broad accessibility, but lack factual accuracy
and domain-level reasoning in scientific applications. We compare zero-cost access
LLMs with a specially designed benchmark of validated questions in materials
science and physics, and we find significant weaknesses in zero-shot performance.
To combat this, we present an improvement pipeline that integrates dense retrieval,
structured grounding through a scientific knowledge graph, and unsupervised trend
analysis from live literature (e.g., arXiv). The system feeds both an unstructured
and structured context to the LLM with the aid of sophisticated prompting methods.
We introduce three domain-relevant metrics —Factual Correctness in Physical
Sciences (FC-PS), Quantified Physicochemical Constraints Score (QPCS), and
Literature Alignment — to analyze outputs beyond typical NLP benchmarks. Our
approach reduces hallucinations by 68% and continuously enhances the scientific
basis. Our results emphasize that model size is less important than system design
and domain adaptation for scientific discovery supported by AI.

1 Introduction

Large Language Models are also promising instruments for speeding up scientific inquiry through
serving as smart assistants. Their reliability in processing expertise-specific domain knowledge is
still a pressing challenge [1]. General models tend to distort facts [2], abuse scientific jargon, and do
not have access to the latest advances in the literature [3]. Current benchmarks miss the subtleties of
scientific rigor [4], and simply scaling the size of the model is not a guarantee of factual correctness
or scientific soundness [5]. In order to overcome these limitations, we here provide an end-to-end
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framework for analysis and improvement of free-tier LLMs for scientific contexts. Our approach
makes three major contributions: (1) we develop a new benchmark that mirrors scientific inquiry
in real-world settings, based on textbooks, research forums, and question patterns characteristic of
domains; (2) we develop domain-specific evaluation measures that measure scientific accuracy and
factual basis in addition to common NLP metrics; (3) we develop and test an enhancement pipeline
that integrates unsupervised literature retrieval [7] with structured knowledge graph grounding [6],
which significantly enhances performance, dependability, and scientific reasonableness.

2 Methodology

We benchmark free-tier large language models, using a tailored test set of proven scientific questions
from textbooks, forums, and actual expert tasks. These models demonstrate persistent failures in zero-
shot scenarios, specifically in terms of factual accuracy, scientific thinking, and constraint satisfaction
[3]. To fill these voids, we introduce a two-stage improvement pipeline integrating dense document
retrieval [8], structured grounding through a scientific knowledge graph [6], and unsupervised trend
analysis in the new literature (e.g. arXiv). For every question, the system determines applicable
entities, fetches contextually relevant documents, and combines both graph-based (structured) and
literature-based (unstructured) input into the prompt. We also use sophisticated prompting strategies,
such as chain-of-thought reasoning [9], to enhance multistep inference. In order to move beyond
the boundaries of typical NLP metrics [4], we propose three domain-specific measures: Factual
Correctness in Physical Sciences (FC-PS), Quantified Physicochemical Constraints Score (QPCS),
and Literature Alignment. This unified approach improves factual grounding, reduces hallucinations,
and allows domain-savvy evaluation and discovery in scientific settings.

3 Results

Our assessment of free-tier LLMs demonstrates mixed strengths in domain-specific scientific mea-
surements (Figure 1). QWEN and BARD/GEMINI surpass ChatGPT in factual accuracy (FC-PS) and
physicochemical constraint observance (QPCS), with BARD exhibiting ideal logical reasoning (LTC)
and highest scientific groundedness (SGS). ChatGPT significantly falls behind in QPCS, suggesting
struggle with rigid scientific laws. These numerical findings emphasize the inability of baseline LLMs
to consistently capture domain-specific scientific rigor, especially when limited to free-tier access.
Through knowledge graph grounding and unsupervised real-time arXiv recall, our upgrade process
increases accuracy, reduces hallucinations by 68%, and offers verifiable citations. Unsupervised
trend extraction identifies current research trends and reflects the system’s capability to ground new
scientific advancements dynamically. In general, merging ordering knowledge, logical prompting,
and focused retrieval greatly enhances model dependability and domain grounding, which invariably
outperforms baseline LLMs on our tailored metrics.
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Figure 1: Top row: assessment of domain-specific metrics across various models. Bottom row: left
— knowledge graph induced from literature to enrich LLM answers with context; right — outcome
of an unsupervised clustering algorithm applied to discern research trends from papers.
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