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Abstract

The rapid growth and disciplinary diversification
of the neuroscience literature make it increasingly
difficult for research institutes to identify where
their expertise converges with that of peer insti-
tutions, a critical barrier to accelerating therapies
for conditions such as Alzheimer’s disease. Ex-
isting AI-assisted discovery tools rely on uncon-
strained, unverified web sources with no mech-
anism for secure, quality-controlled knowledge
sharing. We present Giovanna, a domain-adapted
retrieval-augmented generation (RAG) framework
built on curated institutional corpora from two
neurodegenerative-disease specific institutes, In-
stitute A and Institute B, designed to surface
latent connections, support grounded hypothe-
sis generation, and reveal cross-institutional re-
search convergence within a trusted research en-
vironment. We contribute: (i) a neuroscience-
specific embedding model fine-tuned on institu-
tional corpora, achieving a recall@1 of 0.678 and
MRR@20 of 0.780 superior to baseline; (ii) a
privacy-preserving embedding-sharing approach
that identifies shared research themes without ex-
changing raw text; and (iii) an empirical com-
parison of reasoning and non-reasoning language
models across query-complexity tiers, showing
RAG over trusted institutional knowledge is es-
sential for complex queries, while selective gen-
erative fine-tuning yields gains only on domain-
specific synthesis tasks. We release Giovanna as
a lightweight application for faster insight dis-
covery in neuroscience both within and across
research institutions.

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Preliminary work. Under review by the International Conference
on Machine Learning (ICML). Do not distribute.

1. Introduction
The volume of published biomedical literature is growing
at a rate that overtakes any individual researcher’s capac-
ity to synthesise it. In neurodegeneration research, this
challenge carries direct clinical urgency: there remains a
significant unmet need to identify new therapies and mod-
ifiable biomarkers that can prevent or alter the course of
diseases such as Alzheimer’s. Increasingly, evidence sug-
gests that the most impactful discoveries will arise from
convergence science, cross-disciplinary collaborations be-
tween researchers who may not yet be aware of the rele-
vance of each other’s work (Luo et al., 2025). Findings from
molecular biology, clinical neuroscience, and population
genetics must be integrated, yet tracking and comparing an
exponentially expanding literature across these disciplines
has become practically intractable. Conventional literature
reviews and collaboration tools are constrained by human
time resources, allowing contradictions and research gaps
to persist undetected both within and across scientific fields.

Large language model (LLM)-based tools have opened
new possibilities for scalable literature synthesis. General-
purpose systems such as STORM (Shao et al., 2024) and
web-connected AI search tools address the volume problem,
but their reliance on open internet access is an increasing
limitation as publisher paywalls expand and text-mining
restrictions tighten. More critically, hallucination, the gen-
eration of plausible but factually incorrect content, remains
a substantial risk in precision-demanding biomedical set-
tings; Pal & Sankarasubbu (2024) found that Gemini 1.0
incorrectly answered approximately 40% of medical ques-
tions in a structured evaluation. Agentic, internet-connected
workflows compound this risk by introducing second-hand
hallucinations from unchecked sources, and impose dispro-
portionate computational and environmental overhead (Pat-
terson et al., 2021; Strubell et al., 2019) for queries that
are fundamentally domain-constrained and do not require
general-purpose reasoning.

A separate but equally important challenge is cross-
institutional knowledge sharing. Large institutes such as
Institute A and Institute B each maintain substantial pub-
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Trusted Convergence and Knowing What We Know Together

lication corpora, yet identifying thematic overlap, comple-
mentary expertise, or duplicated effort across institutional
boundaries typically requires manual coordination. No ex-
isting RAG framework provides a mechanism for privacy-
preserving inter- or intra-institute discovery. We address
both challenges with Giovanna, an open-source RAG sys-
tem built specifically for the neurodegenerative disease re-
search community. Rather than relying on the internet,
Giovanna grounds its responses in a curated, institution-
ally controlled publication database, keeping sensitive data
within institutional boundaries while substantially reduc-
ing hallucination risk. To improve retrieval quality beyond
what general-purpose embeddings provide, we fine-tune a
domain-specific embedding model on institutional publica-
tion data and evaluate its impact across standard information
retrieval metrics.

The main contributions of this paper include:

- Domain-adapted embeddings. We fine-tune an embed-
ding model on neurodegenerative disease literature and
demonstrate improved retrieval performance (recall, MRR)
over general-purpose baselines (§3.4).

- Privacy-preserving inter-institute discovery. We intro-
duce an embedding-sharing approach that enables Institute
A and Institute B to identify shared research topics and col-
laboration opportunities without exchanging raw publication
text (§3.4).

- Topic modelling and collaboration mapping. Us-
ing domain-adapted embeddings, we perform topic mod-
elling and author-level analysis to identify concrete cross-
institutional collaboration opportunities (§3.9).

- Open-source deployment. Giovanna is publicly available
and currently deployed across 8,884 publications at Insti-
tute A and 2,672 at Institute B, with strict version control
ensuring reproducibility (§3.10).

- Computational efficiency. Giovanna operates without
discrete GPU access and requires no retraining as the knowl-
edge base grows, making it a practical and environmentally
responsible alternative to large-scale agentic AI systems for
domain-constrained retrieval tasks.

2. Related Work
The challenge of synthesising an exponentially growing
biomedical literature has driven increasing interest in
retrieval-augmented systems that ground language model
outputs in curated, domain-specific knowledge. Knowledge-
intensive natural language processing tasks benefit from
RAG over purely parametric models (Lewis et al., 2020),
yet many current AI-scientist tools are trained and evaluated
on large general corpora derived from the open web (Shao
et al., 2024), limiting their utility in specialised research

settings where data access is controlled, and domain preci-
sion is critical. Domain-specific pre-training and fine-tuning
have consistently improved performance on biomedical text.
BioClinicalBERT, fine-tuned on MIMIC-III clinical notes
(Alsentzer et al., 2019), and PubMedBERT, pre-trained from
scratch on PubMed abstracts (Gu et al., 2021), both demon-
strated that general-purpose embeddings underperform in
clinical and biomedical settings. Importantly, fine-tuning on
a narrower, higher-quality corpus has been shown to outper-
form broad biomedical pre-training on targeted downstream
tasks (Alsentzer et al., 2019). This motivated our study of
contrastive learning (CL) approaches—unsupervised Sim-
ple Contrastive Sentence Embeddings (SimCSE) (Gao et al.,
2021), self-supervised CL and supervised CL—to fine-tune
embedding models using Institute A and Institute B publi-
cation abstracts. Neuroscience presents a particularly spe-
cialised vocabulary spanning molecular biology, clinical
phenotyping, and population genetics, amongst other scien-
tific disciplines. To our knowledge, no neuroscience-specific
embedding model is currently available in the public domain,
a gap that Giovanna addresses.

While general-purpose language models demonstrate suffi-
cient parametric knowledge for simple fact retrieval, RAG
has been shown to be essential for knowledge-intensive
queries that require synthesis across multiple sources or the
identification of contradictions (Chen et al., 2024; Es et al.,
2024). The benefit of retrieval scales with query complexity
(Chen et al., 2024), motivating our systematic evaluation
across simple, institutional, and multi-document synthesis
query tiers. Reasoning models have shown gains on com-
plex multi-step tasks (Guo et al., 2025), though whether
this advantage persists when high-quality retrieved context
is available remains an open question that our comparison
addresses.

Topic modelling over scientific literature, ranging from clas-
sical approaches such as latent Dirichlet allocation (Blei
et al., 2003) to neural methods such as BERTopic (Grooten-
dorst, 2022), has enabled the discovery of latent research
themes across large corpora. Giovanna builds on these
foundations to track institutional research directions over
time and identifies under-explored areas suitable for cross-
institute collaboration. Data sharing between research in-
stitutes is constrained by confidentiality requirements and
access restrictions. Federated learning has been applied
in clinical settings to enable model training across institu-
tions without exchanging raw data (Antunes et al., 2022);
however, this approach requires substantial coordination
overhead, with models trained locally and shared as non-
reversible weight updates. Sharing data as dense representa-
tions rather than raw text offers a lighter-weight alternative
that preserves institutional privacy without requiring train-
ing on highly heterogeneous data (Noble et al., 2022).
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Trusted Convergence and Knowing What We Know Together

We are now in an era in which convergence science, the
deliberate integration of knowledge across disciplinary and
institutional boundaries, is recognised as essential for tack-
ling complex diseases such as neurodegeneration. The tools
to support this integration are now within reach. Connecting
research knowledge across institutes has the potential to ac-
celerate discovery and increase the likelihood of medically
significant findings by surfacing complementary expertise
and reducing duplication of effort (Himmelstein et al., 2017).
Giovanna is, to our knowledge, the first RAG framework de-
signed explicitly to enable this form of privacy-preserving,
cross-institutional convergence science in a controlled re-
search environment.

3. Methods
3.1. Data Collection and Corpus Construction

All experiments used research papers affiliated with either
the Institute A or Institute B. The Institute A corpus com-
prised 8,884 full-text PDFs dated from 2008 to 2024, along-
side an additional 9,814 plaintext abstracts with associated
metadata (abstract, author, publication date, and DOI), re-
trieved from the Institute A Publication Database. The Insti-
tute B corpus consisted of 2,672 full-text PDF papers dated
from 2017 to 2024, identified via PubMed affiliation search.
Abstract, author, publication date, and DOI metadata for
each Institute B publication was obtained via PubMed API
queries using PubMed IDs.

3.2. Text Extraction and Pre-processing

Full-text extraction from PDFs was performed using GRO-
BID (gro, 2008–2025), which parses documents into TEI-
XML format and organises text semantically according to
detected section headers, and stored as JSON files.

Several cleaning steps were applied uniformly across both
corpora. Section headers were cleaned and standardised
with a Mistral 7B Instruct model instructed to remove ar-
tifacts of PDF extraction. Text sections labelled as ta-
bles or figures were excluded. Unicode characters were
normalised to ASCII equivalents, where possible, and re-
moved otherwise. Language identification was performed
at the chunk level using pycld2 (Al-Rfou and contributors,
2019). Chunks not detected as English, or for which no
language was detected, were discarded. The GROBID-
extracted sections were further segmented into sentences
using pySBD (Sadvilkar & Neumann, 2020), and sentences
longer than 1024 characters were removed to filter out re-
maining text artifacts.

For papers in both corpora, metadata records were matched
to the corresponding full-text PDF publication. Where a
paper contained both a GROBID-extracted abstract and a
metadata-supplied abstract, the metadata version was re-

tained as canonical; the GROBID-extracted version was
discarded when character-level overlap exceeded a defined
threshold, preventing duplicate content in the vector store.

3.3. Chunking and Ingestion Into Database

The cleaned and segmented sentences from each GROBID-
extracted text section were iteratively combined into chunks
of fewer than 1024 characters, with a 50% overlap be-
tween consecutive chunks. Fixed-dimension embeddings
of each chunk were generated using the embedding models
described in Section 3.4. Cleaned text, metadata, and em-
beddings were loaded into a PostgreSQL database with the
pgvector (pgvector contributors, 2024) extension.

3.4. Embedding Models for Information Retrieval

The following base embedding models were evaluated
for information retrieval quality in neurodegenerative dis-
ease literature: all-MiniLM-L6-v2 (Reimers et al., 2021),
pubmedbert-base-embeddings (Mezzetti, 2023; Gu et al.,
2021), and Qwen3-Embeddings-0.6B (Team, 2023; Bai
et al., 2023).

3.4.1. DOMAIN-SPECIFIC EMBEDDING FINE-TUNING

To improve retrieval performance on institutional literature,
pubmedbert-base-embeddings was further fine-tuned on sen-
tences from 9,814 Institute A publication abstracts. Three
fine-tuning methods were evaluated:

• Unsupervised SimCSE, where each sentence serves
as both the anchor and the positive example, and all
other in-batch sentences are negatives.

• Self-supervised CL, where an abstract sentence is the
anchor, another sentence from the same abstract is the
positive example, and all other in-batch sentences are
negatives.

• Supervised CL, where a paper title is the anchor, a
sentence from the paper’s abstract is the positive exam-
ple, and all other in-batch sentences not from the same
abstract are negatives.

All learning approaches used the SentenceTransform-
ers MultipleNegativesRankingLoss loss function
with gather_across_devices=True. Training hy-
perparameters are reported in Appendix Tables 4 and 5.
The best-performing fine-tuning approach was subsequently
used to fine-tune the best-performing baseline embedding
model.

3.5. Retrieval-Augmented Generation

RAG was implemented using the Langchain library’s
history aware retriever function. At inference

3



165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219

Trusted Convergence and Knowing What We Know Together

time, a user query is encoded by a PGVectorStore with
default parameters, using the same embedding model as the
target vector store and the top 20 most relevant chunks are
retrieved by maximum cosine similarity. Retrieved chunks
are concatenated with the query into a prompt and passed to
the generator model.

3.6. Benchmarking Set Preparation

Institute-Specific Question Set To evaluate performance
on institutional knowledge, a multiple-choice question
(MCQ) dataset was constructed from the publication cor-
pora (Figure 1). Discussion sections and titles from a ran-
dom sample of 1,000 Institute A and 1,500 Institute B
papers were passed to a Mistral 24b model (Langchain,
temperature=0) with a prompt instructing generation
of questions with one correct and three incorrect answer
choice letters. Questions were manually reviewed for qual-
ity, yielding a final set of 794 Institute A and 486 Institute
B MCQs.

Figure 1. NDD benchmark creation pipeline. MCQs were gener-
ated from Institute A and Institute B publication discussion sec-
tions using Mistral 24b, manually filtered into curated sets (In-
stitute A: 794, Institute B: 486), and used to evaluate models on
context retrieval and multiple-choice accuracy.

Publicly-Available Neuroscience Question Set A com-
plementary evaluation set was drawn from four publicly
available resources (Figure 2), including questions from
BioASQ (yes/no answers), PubMedQA (yes/no/maybe an-
swers), the LAB-Bench benchmark (LitQA2 subcomponent),
and the textbook Introduction to Behavioral Neuroscience
(chapter-end questions) (Tsatsaronis et al., 2015; Jin et al.,
2019; Laurent et al., 2024; Kirby et al., 2024). Questions
were filtered for neuroscience relevance using a predefined
keyword list (see Appendix B).

3.7. Model Evaluation Tasks

3.7.1. INFORMATION RETRIEVAL TASK

A PGVectorStore retriever with k=20 and otherwise
default parameters was provided with an Institute A or In-
stitute B question and answer choices and tasked with re-

Figure 2. Public benchmark creation pipeline. Publicly available
neuroscience resources were filtered using neurodegenerative dis-
ease (NDD) keywords to construct a set of 396 multiple-choice
questions spanning BioASQ, PubMedQA, Introduction to Behav-
ioral Neuroscience, and LitQA2. Model performance was evalu-
ated based on multiple-choice response accuracy.

trieving the discussion section context used to generate that
question. 20 most-similar contexts were retrieved, and eval-
uation performance was evaluated using the recall@k = 1,
3, 5 and mean reciprocal rank (MRR)@20 metrics. The
vector store used for retrieval contained chunks from 3,824
Institute A publications, excluding abstracts.

3.7.2. MULTIPLE CHOICE RESPONSE TASK

We evaluated the full RAG system across multiple config-
urations using the benchmarking dataset described in Sec-
tion 3.6. Performance was quantified as the proportion of
correctly generated letter answer choices, extracted from
the model responses via regex-matching.

3.8. Topic modelling

3.8.1. TOPIC DISCOVERY

All abstracts from the Institute A and Institute B datasets
were embedded separately using the all-MiniLM-L6-v2
model. First, fine-grained topics were generated
with the BERTopic topic modelling pipeline, em-
ploying umap.UMAP(random state=0) and
CountVectorizer with ngram range=(1,3)
and stop words="english", while keeping all other
parameters at their default settings. A topic hierarchy was
constructed using the hierarchical topics function.
The resulting topic clusters were then merged up to the
largest possible cluster distance threshold below 1, yielding
the final set of topics.

3.8.2. INTER-INSTITUTE TOPIC COMPARISON

Topic embeddings were extracted from the trained Institute
A and Institute B models and compared across institutions.
For each topic i at each institute, an overlap score Si was
calculated as the total number of topic keywords K shared
with any topic j in the comparison topic list:

Si =
∑
j

|Ki ∩Kj |.
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Trusted Convergence and Knowing What We Know Together

Topics with overlap score threshold ≤ 1 were classified
as unique, and topics with higher scores were classified as
overlapping.

Descriptive topic names were generated using GPT-4o based
on the top 10 keywords for institution-specific topics and on
the overlapping keywords for the overlapping topics.

3.9. Author Similarity Analysis

A similarity score for each pair of authors at the Institute
A was computed based on the cosine similarities of their
publications embedded with all-MiniLM-L6-v2.

3.9.1. AUTHOR SIMILARITY METRIC

Let A = {a1, a2, . . . , am} be the set of m paper abstract
embeddings written by author A, and B = {b1, b2, . . . , bn}
be the set of n paper abstract embeddings written by author
B. Let cos sim(ai, bj) denote the cosine similarity between
ai and bj . We define the directed similarity of author A to
author B as

SA→B =
1

m

m∑
i=1

max
1≤j≤n

cos sim(ai, bj).

SA→B captures how well the work of author A is repre-
sented within the work of author B, while SB→A captures
the reverse. To obtain a symmetric similarity measure be-
tween authors A and B, we define

SAB =
1

2
(SA→B + SB→A) .

3.10. Deployment and User Interface

Giovanna was deployed as a full-stack, containerised,
locally-hosted application at both Institutes A and B. An
interactive user interface was developed for user query, topic
keyword-based search, and 2D-embedding visualizations.

4. Results
4.1. Performance of Embedding Models

Table 1 reports retrieval performance across all evaluated
embedding models. The best performing model at both re-
call@1 and MRR@20 was Qwen3-Embedding-0.6B with
unsupervised fine-tuning, achieving a recall@1 of 0.678
and MRR@20 of 0.780. The baseline Qwen3-Embedding-
0.6B without fine-tuning was the second strongest model
overall; notably, it marginally outperformed its fine-tuned
counterpart at recall@3 and recall@5, achieving 0.885 and
0.921, respectively, compared to 0.864 and 0.911, suggest-
ing that unsupervised fine-tuning sharpens precision at the
top rank at a small cost to broader coverage. Across all
model families, the unsupervised fine-tuning approach im-
proved retrieval performance relative to the respective base

model, while the self-supervised fine-tuning approach re-
duced performance in all cases. General-purpose models
performed poorest overall; all-mpnet-base-v2 achieved the
lowest recall@1 of 0.379, highlighting the limitation of
domain-agnostic embeddings for specialised neuroscience
retrieval.

4.2. Performance of generative models and RAG
systems

The performance of the full RAG system across different
configurations is shown in Figure 3. For the Institute A
question set, evaluated using RAG over Institute A pub-
lications, both Llama 3.3 70b and Qwen 3 30b achieved
strong performance with all-MiniLM-L6-v2 embeddings
(92.2% and 97.8% respectively), substantially outperform-
ing their non-RAG baselines (88.4% and 78.8%). Deepseek-
R1 1.5b showed the largest absolute gain from RAG (32.8%
to 65.3%), though remained the weakest model overall.
For the Institute B question set, the full RAG systems
with Llama 3.3 70b, Qwen 3 30b, and GPT 4o achieved
the strongest performances among all Institute B setups
(87.2%, 86.6% and 85.8%, respectively), similarly to Insti-
tute A. Notably, Deepseek-R1 1.5b was an exception, where
all-MiniLM-L6-v2 retrieval (15.2%) substantially underper-
formed even the baseline (17.3%). We found mixed results
for public benchmarks. On BioASQ, RAG improved per-
formance for smaller models (Llama 3.1 8b: 73.6%) but
degraded accuracy for larger ones (Llama 3.3 70b: 88.0%
to 79.2%; Qwen 3 30b: 84.8% to 56.0%), suggesting that
strong baseline models are disrupted by retrieval of out-
of-domain context. RAG consistently failed to improve
performance on LitQA2 and PubMedQA, with most con-
figurations performing at or below baseline. Performance
on Introduction to Behavioral Neuroscience remained uni-
formly low across all configurations (∼25–36%), reflecting
that these student-focused questions on foundational neu-
roscience concepts are unlikely to be addressable through
literature retrieval. Together, these results demonstrate that
RAG provides reliable gains for institutional question sets
where the retrieval corpus is closely matched to the evalua-
tion domain, but does not generalise to external benchmarks
requiring broad or foundational knowledge.

4.3. Topic modelling across institutes

The topic modelling analysis identified multiple key re-
search themes both within and across institutes. By incorpo-
rating publication dates, temporal trends in topic prevalence
were examined (Figure 4). This analysis reveals a marked
increase in research activity in areas such as multiple sclero-
sis, dementia care, and neuronal synaptic activity in recent
years. Figure 5 illustrates the overlap and distinction of
topics between institutes, alongside representative examples
of institute-specific themes. For instance, research on sleep
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Table 1. Embedding model performance comparison. Best performance highlighted in bold.

Model Recall@1 (Accuracy) Recall@3 Recall@5 MRR@20
all-MiniLM-L6-v2 (No fine-tuning) 0.429 0.650 0.727 0.563
all-mpnet-base-v2 (No fine-tuning) 0.379 0.597 0.670 0.509
pubmedbert-base-embeddings (No fine-tuning) 0.450 0.681 0.763 0.586
pubmedbert-base-embeddings (Unsupervised fine-tuning) 0.523 0.746 0.800 0.649
pubmedbert-base-embeddings (Self-supervised fine-tuning) 0.334 0.589 0.683 0.490
pubmedbert-base-embeddings (Supervised fine-tuning) 0.443 0.703 0.775 0.589
Qwen3-Embedding-0.6B (No fine-tuning) 0.645 0.885 0.921 0.770
Qwen3-Embedding-0.6B (Unsupervised fine-tuning) 0.678 0.864 0.911 0.780

Figure 3. Accuracy of large language models on biomedical MCQ benchmarks across three retrieval configurations. Five generative
models were evaluated on two curated neurodegenerative disease question sets (Institute A, n=794; Institute B, n=486) and four public
benchmarks (BioASQ, Introduction to Behavioral Neuroscience, LitQA2, PubMedQA) under two conditions: no retrieval (Baseline) and
retrieval with general-purpose embeddings (all-MiniLM-L6-v2)). GPT-4o results are reported under baseline conditions only for DZNE
and public benchmarks.

and circadian rhythm was found to be unique to Institute B,
while gut microbiome research was specific to Institute A. In
contrast, a broad range of topics, including neuro-COVID,
Huntington’s Disease, and dementia care were shared across
institutes, highlighting areas of common research focus.

4.4. Author retrieval and clustering

Using the abstract embeddings from Institute A, we built a
tool for uncovering potential author collaborations. We first
computed and visualized Institute A authors’ co-publication
and pairwise paper abstract-based similarity scores together
in a heatmap (Figure 6), revealing both the existing pattern
of co-publication at Institute A, as well as a “collaboration
potential” represented by the author-to-author similarity
score. While some author groups at Institute A showed high
levels of collaboration and co-publication, other author clus-
ters demonstrated high “collaboration potential” but little
actual collaboration as represented by publication output.
Thus, to facilitate personalized author discovery, we propose
an author-to-author query tool (Table 2).

a

b

Institute A: Top 10 Topics Over Time 

Institute B: Top 10 Topics Over Time 

Figure 4. Temporal evolution of the top 10 research topics identi-
fied using topic modelling for (a) Institute A and (b) Institute B.
Each line represents the yearly frequency of a topic, with labels
indicating the dominant keywords describing each topic. Both
institutions show increasing activity in neurodegeneration-related
themes over time, with notable surges in specific topics (e.g., mul-
tiple sclerosis and dementia) in recent years, reflecting shifting
research priorities.
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Table 2. Most similar authors to query Author A having no co-publications with Author A. The similarity score is defined in 3.9.1.

Result author Similarity
score

Result most similar paper

Author B 0.59 Baseline CSF/Serum-Ratio of Apolipoprotein E and Rate of Differential De-
cline in Alzheimer’s Disease

Author C 0.58 Baseline CSF/Serum-Ratio of Apolipoprotein E and Rate of Differential De-
cline in Alzheimer’s Disease

Author D 0.58 Clinico-genetic findings in 509 frontotemporal dementia patients
Author E 0.56 Development of a sensitive trial-ready poly(GP) CSF biomarker assay for

C9orf72-associated frontotemporal dementia and amyotrophic lateral sclerosis

Institute B Institute A

Figure 5. Overlap of the top 10 most frequent research areas across
both institutes within each category (unique to Institute A, unique
to Institute B, and common to both institutes), as identified by the
topic modelling approach (see Section 3 for details).

Author similarity score Co-publications
or more

Institute A Authors

Figure 6. Heatmaps illustrating co-publication (upper triangular
portion) and inter-author similarity (lower triangular portion) for
all Institute A-affiliated authors with five or more publications.
We observe regions characterised by high similarity and high co-
publication (green-outlined square), as well as regions exhibiting
high similarity despite low levels of co-publication (red-outlined
square).

4.5. Giovanna Application

We developed a user interface equipped with a RAG-based
chat functionality (Figure 7). All system responses are
accompanied by the DOI and section name information
of the retrieved contexts, allowing the user to fact-check

language model outputs by accessing the relevant scientific
publications.

Figure 7. The Giovanna user interface with an example query.

5. Discussion
Giovanna demonstrates the utility of domain-specific re-
trieval and generation for institutional neuroscience research,
showing that a specialist, institute-wide AI system can mean-
ingfully support both research discovery and cross-institute
collaboration. Domain-adapted retrieval consistently out-
performs general-purpose baselines, and RAG grounding
proves essential where parametric knowledge alone is in-
sufficient. Together, these findings support the case for spe-
cialist, privacy-preserving AI systems over general-purpose
tools in high-stakes research environments.

The embedding fine-tuning results show a consistent benefit
of unsupervised domain adaptation. Qwen3-Embedding-
0.6B fine-tuned on neurological domain text achieved
the highest retrieval performance (recall@1: 0.678 vs.
0.645 for its base counterpart). General-purpose models
(all-MiniLM-L6-v2, all-mpnet-base-v2) performed poorest,
confirming that domain-agnostic embeddings are poorly
suited to neuroscience retrieval. Unsupervised fine-tuned
variants outperformed their base equivalents across all
model families, suggesting that lightweight contrastive adap-
tation provides a meaningful retrieval signal without labelled
data. Supervised fine-tuning also improved over base mod-
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els, though to a lesser extent, likely reflecting the challenge
of obtaining sufficient high-quality labelled pairs in a spe-
cialised domain (Gu et al., 2021; Alsentzer et al., 2019).

RAG consistently improved performance on institutional
question sets over purely parametric models, though gains
were inconsistent on public benchmarks. No single genera-
tive model dominated across all datasets: GPT-4o achieved
the highest accuracy on BioASQ and Introduction to Behav-
ioral Neuroscience, while Qwen 3 30b performed best on
Institute A and LitQA2, and Llama 3.1 8b on PubMedQA.
For the institutional question sets, Qwen 3 30b in a RAG
configuration performed strongest at Institute A, achiev-
ing 94.8% accuracy, the best result among all settings. At
Institute B, the RAG-enabled models consistently showed
performance gains over baseline across all models with the
exception of the Deepseek R1 1.5b model, which underper-
formed in this question setting.

The embedding-sharing approach proposes a fundamentally
different model for cross-institutional knowledge sharing:
research groups discover shared topics and complementary
expertise by exchanging fixed-dimension vectors rather than
raw text, preserving privacy without the coordination over-
head of federated learning (Antunes et al., 2022). Applied
across Institute A and Institute B, topic-overlap analysis
(Figure 5) reveals shared engagement in Huntington’s dis-
ease, dementia, and neurological consequences of COVID-
19, while also identifying high-value uninvestigated direc-
tions such as sleep and circadian-rhythm dysregulation and
gut microbiome involvement in neurodegeneration. Author-
level clustering surfaces thematically aligned researchers,
enabling targeted collaboration and more efficient use of
funding. The approach is domain-agnostic and scales to any
institution with a substantial publication corpus.

The computational design of Giovanna reflects a propor-
tionality principle: using a model appropriately sized for
the task. It runs locally on consumer hardware without
discrete GPUs, and expanding the knowledge base only
requires generating embeddings for new publications with
no retraining. This contrasts with the inference cost of
large-scale API-served models such as GPT-4, which con-
sumed between 3.41 kWh and 13.24 kWh in a recent set
of experiments on the USA Computing Olympiad database
(Woo, 2025). For domain-constrained retrieval, such costs
are avoided: smaller-parameter models with grounding sub-
stitute for scale, making purpose-built retrieval systems a
more environmentally responsible alternative to large agen-
tic pipelines.

Several limitations should be acknowledged. Evaluation
via multiple-choice questions, while reproducible, does not
fully capture performance on the open-ended queries re-
searchers pose in practice. The institute-specific MCQ
datasets were generated using Mistral 24b, which may have

introduced systematic biases in question construction. The
domain-specific embedding model was fine-tuned exclu-
sively on Institute A abstracts; transferability to other insti-
tutions has not been formally evaluated, though the scale
of the training corpus partially mitigates this concern. Cost
and privacy constraints limited this study primarily to open-
source generative models; findings may not transfer to the
latest proprietary closed-weight alternatives.

Future work will incorporate the full Institute B publication
corpus, extend the embedding-sharing protocol to additional
institutes and disease domains, and conduct human expert
evaluation of the MCQ benchmark. A complete evalua-
tion using fine-tuned Qwen embeddings across all datasets
and generative models remains a priority, alongside fur-
ther investigation into whether embedding fine-tuning on
one institutional corpus generalises across disease domains.
Integrating Giovanna with larger generative models and
agentic extensions, in which the system proposes hypothe-
ses grounded in verified institutional literature, represents a
natural progression toward fully autonomous AI-augmented
scientific discovery.

6. Conclusion
Giovanna is designed to support research collaboration at
scale, which requires tools that make complementary knowl-
edge visible without centralising it. By letting each institute
contribute a compact, privacy-preserving representation of
its research landscape, joint analyses can be composed with-
out either party relinquishing control over their underlying
data, functioning as shared infrastructure for collective in-
telligence, encouraging collaboration through transparent
evidence of where interests converge and where gaps re-
main.

In its current form, Giovanna operates as a specialist re-
search tool, grounding queries in verified institutional liter-
ature, surfacing collaboration opportunities, and reducing
the burden of large-scale literature synthesis. The trajectory
toward AI-assisted hypothesis generation and inter-institute
deployment points to a system capable of functioning as
a scientific knowledge-discovery assistant, whose outputs
are auditable, reproducible, and anchored in high-quality
domain knowledge rather than unconstrained generation.

Impact Statement
This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none of which we feel must
be specifically highlighted here. The presented system is
designed to support, not replace, domain experts in neu-
rodegenerative disease research, and the embedding-sharing
approach operates on published manuscripts to preserve in-
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stitutional data privacy and support inter- and intra-institute
collaboration.
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A. Implementation Details
A.1. Hardware

All experiments were conducted on a system with both CPU and GPU resources. Specifically, for training, we used with 1x
NVIDIA A100 with 80G RAM (Institute B) and up to 8x NVIDIA H100 with 80G RAM each (Institute A). Inference was
performed on the Apple Silicon M3 (Institute A) or M4 (Institute B) chipset, which uses a unified memory architecture
where computation is distributed across CPU and Neural Engine cores, without reliance on discrete GPU hardware.

A.2. Software Environment

All experiments used Python 3.10 managed via Conda. Embedding generation and model fine-tuning used
sentence-transformers (Reimers & Gurevych, 2019) and transformers (Wolf et al., 2020); retrieval pipelines
were implemented with faiss (Johnson et al., 2019) and langchain (Chase, 2023). Topic modelling used
bertopic (Grootendorst, 2022) with scikit-learn clustering (Pedregosa et al., 2011).

A.3. RAG models

Table 3. Models used in the RAG system.

Model Type Parameters Notes

DeepSeek R1 1.5b Generative 1.5B Lightweight reasoning model
LLaMA 3.1 8b Generative 8B Efficient general-purpose LLM
LLaMA 3.3 70b Generative 70B Large-scale high-performance LLM
Qwen 3 30b Generative 30B Strong multilingual reasoning
GPT-4o Generative Proprietary API-based, closed-source model

all-MiniLM-L6-v2 Embedding 22M Sentence-transformer embedding model

B. Neurodegenerative disease-related keywords
Keywords: brain, neuro, cognitive, cognition, neuronal, neurological, neuroscience, psychosis, psychotic, schizophrenia,
bipolar, epilepsy, memory, dementia, alzheimer, aphasia, consciousness, parkinson, migraine, autism, adhd, multiple
sclerosis, neurodegenerative, eeg, mri, fmri, electrophysiology, stroke, seizure, cortex, cortical, nerve, axon, spinal, neuron,
synapse, neurotransmitter, psychology, mental, psychiatry, hallucination, delusion, affective, amygdala, hippocampus.

C. Training specifics

Table 4. Hyperparameters for training pubmedbert-base-embeddings.

Hyperparameter Value

Device 6 NVIDIA H100 GPUs
Per-device training batch size 32 (unsupervised/self-supervised), 64 (supervised)

Epochs 1
Precision fp32

Random State 0
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Table 5. Hyperparameters for training Qwen3-Embedding-0.6B.

Hyperparameter Value

Device 8 NVIDIA H100 GPUs
Per-device training batch size 16

Epochs 1
Precision bf16

Random State 0

D. Benchmarking dataset specifics

Table 6. Evaluation datasets specifics

Dataset Number of Questions Origin

Institute A 794 Mistral 24b-generated MCQs from Institute A pa-
per discussion sections

Institute B 486 Mistral 24b-generated MCQs from Institute B pa-
per titles

BioASQ 125 BioASQ (13th edition), Task b, training data1

PubMedQA 127 HuggingFace dataset2

LitQA2 22 HuggingFace dataset3

Introduction to Behavioral
Neuroscience

122 Online textbook4, (chapters 1–19)

1https://participants-area.bioasq.org/datasets/
2https://huggingface.co/datasets/qiaojin/PubMedQA
3https://huggingface.co/datasets/futurehouse/lab-bench
4https://openstax.org/details/books/introduction-behavioral-neuroscience
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