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Abstract. This work introduces a Retrieval-Augmented Generation (RAG)-
based scholarly assistant, for automated reading of papers, which benchmarks
several open-source LLMs. The developed system uses a pipeline of document
processing, citation and structural analysis, and LLM-based question-answering
to produce summaries and insights from academic literature. The benchmarking
is done using a range of quantitative metrics majorly BLEU, METEOR, ROUGE
scores. Other parameters like Perplexity, factual consistency and computational
resource usage are also taken into consideration. The evaluation report is gener-
ated by the tool and provide downloadable CSV file. Visual demonstration of the
data is also included in the user interface. Our developed toolkit is assessed on
five domain-specific research papers (in medicine, literature, economics, com-
puter science and mathematics) ensuring an even comparison across domains. It
has been observed that the smaller RAG-based models (DeepSeek-1.5B, 8B), re-
sponds faster while exhibiting average higher factual consistency. On the con-
trary, the larger generative models (Mistral-7B and LLaMA3-8B) provide more
detailed answers with higher overlaps. However, it costs higher computation and
occasional factually inaccurate outputs. This extensive evaluation bolsters the
potential for an open scholarly assistant. Furthermore, it leaves a much clearer
impression of domain dependent challenges and strengths as well as a set of di-
rections for future advancements.
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1 Introduction

With recent advancements in natural language processing (NLP) and large language
model technologies, the capabilities of LLMs have now enabled them to perform well
in understanding and generating human-like text, which has invoked interest in using
LLM techniques for research assistance[1]. At present, for example, researchers are
frequently overwhelmed by information when skimming literatures and Al assistants
can help to solve these problems by summarizing papers, extracting main findings or
answering domain-specific questions. However a common issue we face with stand-
alone LLMs is the generation of fake or untruthful Fact claims[2]. The need is particu-
larly acute in academic communications, where factual accuracy and good citation
practices are key. Retrieval-Augmented Generation Schick and Schiitze [3] have intro-
duced the powerful RAG model to prevent hallucination by incorporating LLM outputs
in external knowledge sources. In a RAG pipeline, the model retrieves documents or
whether snippets (e.g., from relevant paper text or database) that provide evidence to
inform on its generated responses. A side-effect of this is that one may get more accu-
rate and contextually relevant answers than with traditional retriever / reader style rank-
ing setups, which fits quite naturally into things like research paper analysis or question-
answering.

2 Literature Review

The growth of the academic literature has rendered manual literature review impracti-
cal. Amidst the tens of thousands of journals that together publish millions of papers
each year [4], even niche subdisciplines are inundated with new research. Hanson et al.
refer to this trend as “the squeeze on scientific publishing” with “a drastic increase in
burdens for Researcher (writing, reviewing, reading) per unit time”[5]. The explosion
of information demands smart automation for evidence synthesis and knowledge or-
ganization. Early work that supports literature review included NLP based techniques,
such as summarization and topic analysis. Existing extractive summarization methods
(typically based on term frequency, or static embeddings) had contributed to compress-
ing content in an easy-to-consume way — but have weak performance on more compli-
cated source documents from the academic domain. For instance, Vishnu et al. (2020)
surveyed several NLP-based summarization techniques and pointed out the challenges
of dealing with different content (such as figures, tables), maintaining coherence in
generated summaries [6]. It grows from contemporary transformer-based architectures
and language models. Models are able to take into account contextual and semantic
information far more effectively than previously, such that summaries of scientific ar-
ticles can be made fluent and context-aware. A related development of interest is the
retrieval-augmented generation (RAG) framework by Lewis et al. which integrates a
parametric neural language model with nonparametric memory (often, a vector-indexed
text database) for dynamic retrieval of information combined while generating the out-
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put [3]. Lewis et al. found that RAG models fine-tuned for knowledge-heavy tasks per-
form better than the common sequence-to-sequence models and produce more factual
and about-specific-ness outputs. This property applies especially to the literary review
where facts are so important and he graduated in sources. In fact, quite a few systems
have recently included RAG so that you can query massive document collections (or
corpora). Scherbakov et al. (2024) offer an overall coverage of how LLMs can support
different review phases. They found that most prototype systems used GPT-based
LLMs to perform such tasks as searching databases, screening abstracts, extracting core
information and writing sections of the review paper. In particular, their meta study
point out that GPT models are overall better than BERT-based models when it comes
to information extraction as they have higher average precision and recall [7]. However,
very few of the published studies at that time were producing real “auto-generated”
reviews — most works aimed to automate parts of a workflow rather than the entire
pipeline. This indicates that while parts of literature reviews can be automatized with
Al an end-to-end assistant connecting these parts is still an open research area. Outside
of summarization and Q&A, using the bibliographic information from a paper can en-
hance the literature review process. Such citation networks that trace the links among
cited works also serve to ferret out influential studies and thematic clusters in a disci-
pline. HaBler et al. (2024) investigated Al methodologies for automating literature re-
view in education research and suggesting features such as visualizing citation network,
map-based display of the co-citation cluster to understand a topic’s landscape quickly
[8]. Analysis of this nature can help expose, for instance, tightly connected clusters of
papers constituting the core literature, compared with scattered papers dealing with pe-
ripheral or emerging topics. We take cues from these ideas, and in our system, it works
generating references of a paper and (when feasible) linking them to external citations
indexes building thus a basic citation graph. This offers readers a sense of what earlier
works are most integral to the paper, and how they build on one another. Large Lan-
guage Models for Scholarly Text The remarkable power of LLMs such as GPT-4 has
inspired use of these models on academic text. Yet, reliability and ethical use of these
Al as well as their credibility have been subjects of concern related to research. Hua et
al. (2024) point out limitations of ChatGPT, including the risk of generating fake ref-
erences, lack of knowledge in the domain, and requirement for human supervision [9].
Research on assessing and enhancing the factual correctness of LLM outputs in domain
specific tasks is also work-in-progress. Farquhar et al. (2023), for example, suggest the
limits of factual consistency of LLM-generated text [10]. To mitigate these short-com-
ings, in our assistant design we leverage the domain-specific models (e.g., DeepSeek
tuned to research texts) and by providing source-grounded answers using RAG. Also,
in comparing several LLMs directly beside each other for the same task, our effort pro-
vides hard evidence of their pros and cons toward academic use cases. This multi-model
evaluation follows the recent trend of broader evaluations of language models as advo-
cated by Bommasani et al. (2023) [11] and others, noting that a single measure or
model fails to capture performance in full.

In conclusion, literature indicates that a combination of RAG methods, specialized
LLMs and supporting analysis tools (e.g., citation mapping) can massively improve the
way research papers are reviewed and analyzed. But there has been no unified system
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that combines all of these features and systematically benchmarks the many LLM op-
tions. Our goal is thus to close this gap by developing a RAG-based research paper
assistant that reflects these developments.

3 Methodology and System Architecture

3.1 System Overview:

The architecture of the Research Paper Analysis Assistant takes in a scholarly document
(PDF) and generates interactive as well as analytical outputs. A simplified representa-
tion of the system architecture is shown in Figure 1. At a high-level, the system takes
in a research paper and follows five stages:

PDF Processing: The input academic paper (PDF) is parsed into text while preserving
structure (sections, paragraphs, figures/tables) as well as metadata. We do use a PDF
extraction module which produces text in a machine-readable format and recognize
important structural elements such as section titles, in-text references.

Citation Analysis: The assistant examines citations in the body and correlates them
to bibliography. This step enables the system to appreciate citations in their context: for
instance, knowing when a particular statement requires referencing, or when an author
is referring to previous literature. The system can later use the mapping between in-text
citation markers and reference entries to correctly attribute citations in its generated
answers, or may also retrieve external article abstracts if necessary.

Structural analysis: In this pass, the system generates a coarse-grained summary as
an over-arching structure of the paper. It may produce a draft outline of the paper (e.g.,
Introduction, Methods, Results, Conclusions) and pinpoint vital features like problem
statement, methods used and main results. This prior structure is employed to generate
relevant queries at the next stage, and to guide the LLM toward the most salient part of
the text.

Citation Analysis
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Fig 1. End to end pipeline of the RAG-driven scholarly assistant
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LLM Benchmarking: Our main pipeline (MultiLLM-Pipeline) here where a few
LLMs are queried to answer questions and/or summarize material related to the topical
paper. We stack on top a retriever component relying on the paper’s text as knowledge
source (e.g., based vector embeddings or keyword lookup) to serve relevant passages
to the LLM (this is “augmentation” in RAG). We then guide the LLM to generate re-
sponses, such as answers to research questions, section summaries, or citation explana-
tions. In this open-source implementation, we test four generative models here
DeepSeek-1.5B, DeepSeek-8B, Mistral-7B and LLaMA3-8B — selected as four points
along the scale from smaller to faster models to bigger to more advanced ones. All
models are run in the same pipeline, allowing direct performance comparison.

Response: The system retrieves and combines the LLM outputs generating a format-
ted response to user. This might be an interactive response (with referenced sources
from the paper), a summary explanation, or a list of questions/answers.

In addition, the response generation module also logs the content and could conduct a
fact-based consistency check by flagging any of such claims that are not supported in
their eventuated support. At this point, the assistant can optionally check answers (for
instance by fact-checking or verifying that numerical results match the paper).

Here we test the ability of this system to work in 5 different areas by choosing fifty
academic articles (10 papers from each domain) which details can be found below pro-
vided table 1.

Table 1. Papers selected for multi-domain evaluation with range of published years.

Domain Paper References Range of Published Years
Medical [12-21] 2024-2025
Literature [22-31] 2013-2025
Economics [32-41] 2021-2025
Computer Science [42-51] 2024-2025
Mathematics [52-61] 2023-2025

The papers act as typical case studies for each of their own fields; the papers are
written in various styles and content level. All the papers were processed through all
these steps of the pipeline. For each model in LLM evaluating, we posed the same set
of prompts consisting in summarizing what the paper’s main contributions were and a
few key questions about its content. For quantitative testing, we provided reference
output for the tasks (counted number of overlaps between known correct summary/an-
swers and system generated ones) in order to allow assessing overlap-based metrics
like BLEU and ROUGE. The pipeline captures all output of each model automatically
and computes a set of metrics (a suite) which are stored in CSV files for analysis. We
instrumented the system so we could measure response time, token use, and system
resource usage (CPU and memory) for each model run to provide a detailed profile of
performance as a function of cost.
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3.2 Evaluation Methodology:

This assessment integrates with a wide range of benchmark metrics to characterize
model performance along domains. We consider standard natural language generation
quality metrics as well as efficiency metrics related to computational performance. Be-
low we describe each metric:

BLEU Score: BLEU (Bilingual Evaluation Understudy) is a metric that gauges the
n-gram overlap between the model output and a reference text. Properly proposed for
machine translation, BLEU measures how many generated words appear in the refer-
ence translated and takes average of corpus. Greater BLEU is better (closer to the ref-
erence); a higher BLEU of course means closer MATCH to the reference(a perfect
score would mean that an output perfectly matches with a reference)[62].

METEOR: METEOR scoring computes translation quality through generalized uni-
gram matching and the harmonic mean of precision and recall. It generalizes BLEU to
cover synonym and stem matching, and contains a fragmentation penalty that favors
those outputs whose word ordering is close to the reference. METEOR’s ability to
balance recall and meaning match makes it word better with human assessments of
quality [63].

ROUGE (ROUGE-1, ROUGE-2, ROUGE-L): Computes recall of n-grams that
overlap between the output and the reference; commonly used for summarization. (i.e.
ROUGE-1, ROUGE-2), while the longest common subsequence is measured for flu-
ency (ROUGE-L) by considering sequence overlap. Higher ROUGE represents that the
model preserved more reference information (which is particularly important for sum-
mary-style tasks).[64]

Factual Consistency: This is used to measure the extent to which the model’s output
remains factually consistent with source information or ground truth. Traditional over-
lap metrics like BLEU/ROUGE do not guarantee the correctness of content. As such, a
fact consistency score (which can be computed using an evaluation mechanism based
on a trained verifier model or QA-based approach) is employed to identify hallucination
or unsupported statements[65].A value of 1.0 would imply all answers in the output are
completely consistent with known facts or the input context.

Perplexity: Perplexity is a measure of uncertainty in the model’s way of generating
text. It is the exponentiated average negative log-likelihood of the predicted tokens. The
lower the perplexity, the more confident and fluent it was in its output; conversely, the
higher the perplexity value, the more “surprised” the model became at seeing new text
and having to predict words for them [66]. For our benchmark tasks, a lower perplexity
is better (as it signifies more fluent, well-modelled language).

N-gram Diversity: We calculate the lexical diversity by counting the percentage of
unique n-grams in generated output. This is similar to the Distinct-N metrics described
in Li et al. (2016), where for instance Distinct-1 and Distinct-2 are the number of dis-
tinct unigrams and bigrams in generated words over total word counts [67]. The higher
the n-gram diversity (towards 1.0), this is the less repetitive and more varied text, which
is desirable especially for open-end generation.

Coherence: Coherence characterizes the upper-level rationality and structure of the
response. It is hard to characterize directly, but it is a critical attribute that human judges
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find. In this case, soundness or coherence can also be scored on a 0—1 scale (lower is
better), e.g., by the similarity of the output sentences to human ratings, which assign to
an output how likely it sounds like text generated automaton via some sort of model-
based metric [68]. A lower coherence score suggests that the text is easy to read and
coherent.

Response Time: This refers to the time it takes a model to produce the final response
from start to finish (in seconds). The average time elapsed per query of each model is
reported. Lower response time corresponds to the model being more responsive to input
provided by the user, a crucial characteristic in interactive systems.

BERT Score: It measures how closely a model’s answer matches the meaning of a
reference answer, even if the wording is different. It’s like checking if two responses
say the same thing in different ways.

Our metrics provide a balance across these two values, and therefore they capture
quality (accuracy, fluency, diversity) as well as performance (speed) information. Next,
we explore how four models — DeepSeek-1.5B, DeepSeck-8B (domain-tuned small and
large), Mistral (open 7B model), LLaMA3-8B (a general-purpose 8B model) and how
they perform on these metrics in total or for each domain respectively.

4 Result and Analysis

4.1 Domain Specific performance:

This section gives a comparative assessment of the four language models, namely,
DeepSeek-1.5B, DeepSeck-8B, LLaMA-3-8B and Mistral, on five academic topics, in-
cluding Medical, Literature, Economics, Computer Science, and Mathematics. The
evaluation takes into account semantic correspondence, coherence, factual consistency
and fluency. In general, there is a significant difference in performance depending on
the size of the model and the architecture, and no system can show universal excellence
in all measures of performance. A summary of the performance of four models
DeepSeek-1.5B, DeepSeek-8B, Mistral, and LLaMA3-8B on five academic domains
in terms of BLEU, BERT Score, Coherence, ROUGE-L, factual consistency, and Per-
plexity is presented in Table 2.

BERT Score, which measures semantic accuracy, is at all times the best with Mistral
and LLaMA-3-8B. Mistral has the best semantic scores in Literature (0.793), Econom-
ics (0.801), Computer Science (0.804) and Mathematics (0.791). These scores correlate
with its low range of perplexity about 15.9 to 17.3, denoting coherent and unperturbed
and confidently written text. In the Medical domain (0.712) LLaMA-3-8B is the leader,
and in the other domains, the models demonstrate good performance, which proves the
ability of both to generate semantically aligned and linguistically natural results.

DeepSeek-8B did well in factual consistency with the highest score in Economics
(0.816), Medical (0.782), and Mathematics (0.783). Nevertheless, it has a perplexity
value ranging from 22 to 25 which is higher than Mistral or LLaMA-3-8B, indicating
that the model prioritizes the retention of facts at the expense of readability and surface-
level fluency.
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LLaMA-3-8B has also high coherence with domain scores of between 0.658 to
0.795. Its text structuring skill coupled with moderate perplexity of approximately from
18 to 21, makes it a moderate performer in terms of the provision of stability to the
overall organization without overwhelming fluency.

DeepSeek-1.5B, in turn, performs poorly in the semantic, coherence, and factual
metrics. It has smaller values of perplexity as compared to larger models, but its smaller
parameter scale restricts its robustness and cross-domain validity.

Patterns that are tied to domains are also visible: interpretive domains such as Liter-
ature tend to be less likely to get high semantic scores, and structured domains such as
Economics and Computer Science tend to be more coherent and aligned. Also, the fact
that all the models have received the same low BLEU and ROUGE-L scores suggests
that they all prefer to use paraphrastic generation over the n-gram-level matching.

Table 2. Domain-Specific Average Performance for 5 domains

Domain Model BLEU BERT Coher- ROUGE- Factual Con- Perplexity
Score  ence L sistency
Medical ‘liesegseek' 0.0019  0.678 0364  0.0826 0.726 19.73
ggepseek' 0.0048  0.689 0382  0.0999 0.782 23.53
llama3-8b  0.0003 0712 0463  0.0753 0.767 18.12
mistral 0.0010 0705 0427  0.0819 0.727 16.65
Literature ‘f";ﬁ’s"ek' 00016 0675 0403  0.0829 0.776 26.07
g;epseek' 0.0016  0.681 0404  0.0799 0.778 23.07
llama3-8b  0.0002 0745 0409  0.0799 0.730 18.25
mistral 0.0004 0793 0417 0.0820 0.741 15.92
Economics ‘lieseé’seek' 0.0009  0.695 0356  0.0647 0.758 23.98
ggepseek' 00082 0720 0401  0.0966 0.816 235
llama3-8b  0.0002 0782 0420  0.0724 0.768 19.52
mistral 0.0017 0801 0449  0.0853 0.771 14.84
Computer deepseek- 5016 758 0362 0.0751 0.692 19.92
Science 1.5b
ggepseek' 0.0036 0729 0390  0.0831 0.708 24.84
llama3-8b  0.0004 0795 0418  0.0746 0.658 18.19
mistral 0.0009  0.804 0440  0.0734 0.657 17.28
Mathematics (lleset;))seek- 00026 0653 0359  0.0861 0.770 2335
g;epseek' 00052 0741 0408  0.0926 0.782 2478
llama3-8b  0.0002 0796 0402  0.0756 0.789 20.84

mistral 0.0012 0.791 0.461 0.0843 0.789 16.28
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4.2 Overall performance:

In all of these fields, we conclude that both models have their unique strengths and
weaknesses. DeepSeek-8B is always an excellent reference-based and factual accuracy
tool. It had the best BLEU and ROUGE-L in all domains, and tended to be several times
better than the best model, and the highest factual consistency score (reaching 81 per-
cent in economics). These findings highlight the accuracy of DeepSeek-8B to retrieve
and combine the relevant information; thus, its responses are very accurate and detailed.
The efficiency and fluency trade-off is efficiency and fluency: DeepSeek-8B has the
highest response times by far in all domains, and its outputs can be of lower quality -
e.g. its perplexity is the highest (worse) in all domains, meaning that its language can
be less fluent or more convoluted than the other models. We also noticed DeepSeek-
8B to produce excessively long answers, which although improving lexical scores,
caused an increase in repetition (reduced N-gram diversity) and mediocre coherence.

Mistral presents a nearly inverse portrait. The smallest of these (7B parameters) but
quickest and most reliable in the quality of answers. Mistral is highly efficient with an
average response speed that is the highest in domains - 2-3 times higher than DeepSeek-
8B - and thus very high. Mistral was the best in terms of the output quality as he always
gave the most fluent and logically arranged answers. It has the lowest perplexity and
the highest coherence in most domains, and often the highest semantic alignment with
references (e.g. highest BERTScore in literature, economics, and medical domains).
These scores indicate the answers of Mistral, which are not necessarily full of explicit
facts as DeepSeek-8B, but are well-formed and more like a human explanation. The
primary weakness of Mistral is a marginally lower factual recall - its factual consistency
scores typically scored a few points behind DeepSeek-8B (e.g. 77.1% vs 81.6% in eco-
nomics). Mistral may not perform as well as the larger retrieval-based model in tasks
where detail exhaustiveness or strictness to reference is required. LLaMA3-8B provides
a middle-of-the-pack performance that is balanced. It is almost as quick as Mistral (in
tens of milliseconds) and generates reasonably coherent responses (at times the most
coherent, as in the medical world). Nevertheless, LLaMA3-8B has a tendency to pro-
vide short responses, which, presumably, is the cause of its lower BLEU and ROUGE
scores, in general. It has a reasonable factual consistency (73-79 per cent depending on
domain) and in most cases about a few points lower than DeepSeek-8B. On the whole,
LLaMA3-8B is a powerful generalist model, is fast and understandable, yet does not
have the accuracy boost of DeepSeek-8B and the fined-tuned fluency of Mistral. The
smallest model DeepSeek-1.5B, not surprisingly, is the last on most metrics, but has its
value. With that very RAG strategy, DeepSeek-1.5B is able to achieve acceptable fac-
tual consistency in certain areas (e.g., 77.6% in literature, practically matching
DeepSeek-8B). It means that retrieval augmentation would go a long way in assisting
smaller models in generating factually accurate content. This is however limited by the
capacity of DeepDeepSeek-1.5B, which serves to score lower on semantic and coher-
ence scores - frequently the lowest BERTScore and coherence (especially in complex
fields such as computer science and math). We also noticed that it may be too verbose
or repetitive to cover up uncertainty, resulting in reduced N-gram diversity (e.g., 0.920
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in literature, the lowest of models). DeepSeek-1.5B is more efficient in speed and re-
sources than DeepSeek-8B and, owing to the overhead of the retrieval process, was not
as fast as the other base models in a number of domains.

To conclude, the new comparisons prove that DeepSeek-8B should be selected in
case of the priority of factual accuracy and content completeness, and Mistral should
be used in case of the priority of fluent and coherent answers in a short period of time.
LLaMA3-8B is a fair compromise in terms of speed and acceptable accuracy, and
DeepSeek-1.5B is clear evidence that even tiny models can be useful with RAG help,
albeit with obvious quality compromises. Such results, which are presented in the re-
vised Table II, explain the significance of the correspondence of model choice to the
defined needs of the domain and the metrics of interest to the evaluation process. Both
models have their advantages to a scholarly assistant system and using both together or
depending on the specific task (e.g. deepseek-8B to answer a technical question in detail
and mistral to answer a technical question with a brief explanatory overview) may be
an optimal option. The general trends in the performance indicate one significant fact:
retrieval-augmentation can greatly enhance the level of performance in factual perfor-
mance, yet the size of the model and fine-tuning have a significant impact on the level
of clarity and efficiency of the responses that are produced. These open-source LLMs
may therefore be customized to user needs, and one can focus on accuracy, speed, or
readability to analyze research papers automatically.
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Fig 2: Comparison of performance of four open-source large language models across
evaluation metrics
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5 Computing System and Code availability:

We performed all experiments on a laptop with AMD Ryzen 5 7640HS CPU, 16 GB
RAM and Nvidia GeForce RTX 4050 GPU. The evaluation code repository and scripts
are publicly accessible at GitHub (https://tinyurl.com/apv47wan). A demonstration
video of the implemented system is available at: https://youtu.be/EgoppOoQ-io .

6 Conclusion

We presented in this paper RAG, an Academia-directed assistant for researchers,
which automates LLMs analysis of papers and performed a thorough evaluation over
five different academic domains using open-source tools. The new system design also
incorporates a PDF parser, citation network and section analyzer in multi-model LLM
Q/A engine for generating informed answers and summaries. Our experiments show
that the assistant excellently deals with diverse scholarly content, and retrieval expan-
sion enhances factual correctness and domain transferability. We observed that smaller
model retrieval systems (DeepSeek series) achieve high precision and efficiency, while
larger ones (Mistral-7B, LLaMA3-8B) are richer in detail and fluency indicating a
trade-off to be mitigated by future systems. By benchmarking such models on domain-
specific tasks, we gain insights into where the strengths and weaknesses are of current
open LLMs: for instance, the assistant excels in fact-based and technical Q&A but
struggles with more abstract reasoning.

In conclusion, the RAG-driven approach is a promising and powerful strategy for
academic Al assistants that utilizes the best of both IR and generation worlds. This
work contributes a practical tool (implemented open-source and with an upcoming in-
teractive demo) as well as a conceptual framework for evaluating and developing such
assistants. For future work, we plan to incorporate such advanced verification modules,
and expand into more domains (including across domain corpora), and continually add
the latest LLMs from open source.
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