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ABSTRACT

The rate of growth in scientific output has surged past the human cognitive throughput of in-
formation ingestion. As submissions to biomedical publication databases like PubMed alone
exceed over three articles per minute, researchers are consistently surveyed to read 22 arti-
cles per month on average. Large Language Models (LLMs) emerged as powerful engines for
ingesting and synthesizing this growing corpus. However, their innately probabilistic work-
ing principle is reliant on their static and obsolescent pretraining data. Moreover, training
corpora of frontier LLMs are compiled for breadth and broad applicability, not for scien-
tific depth and domain expertise. Naturally, this composition renders LLMs unreliable and
prone to hallucination in knowledge-intensive scientific tasks. Retrieval-Augmented Gener-
ation (RAG) addresses these shortcomings by equipping LLMs with an extrinsic knowledge
source at inference time, allowing for ingestion of additional knowledge without altering the
model parameters. Yet scaling RAG to handle the deluge of scientific output— in the order
of millions of documents— introduces challenges at every stage of the pipeline. To name a
few, parsing dense multi-modal PDFs, encoding domain-specific, terminology-rich text, eval-
uation models on unmistakably contaminated benchmarks, and orchestrating hundreds of
compute nodes with thousands of GPUs to simply overcome the sheer scale of the problem.

This dissertation presents the design, implementation, and evaluation of retrieval-augmented
reasoning systems that operate at the scale of millions of scientific documents and leverage
exascale supercomputing infrastructure to transform how scientists— human and AT alike—
interface with the growing body of scientific literature.

We base this dissertation on three principal contributions. First, we present HiPerRAG,
a distributed high-performance computing workflow for RAG over scientific literature that in-
dexes over 3.6 million full-text articles using three leadership-class supercomputers. Through
the Oreo multimodal parser and the ColTrast query-aware encoder fine-tuning objective,
HiPerRAG empowers open-source models with retrieval and leads them to outperform pro-

xiil



prietary frontier LLMs on scientific question-answering tasks. Second, we introduce a scalable
automated multiple-choice question answering (MCQA) benchmark generation
pipeline that produces hundreds of thousands of provenance-tracked questions from tens of
thousands of full-text articles. Through this work, we identify distillation through retrieval
as a viable alternative to weight-based distillation. By treating frontier-model reasoning
traces as retrievable artifacts rather than training or fine-tuning signals, we enable small
language models such as TinyLlama-1.1B to achieve a 4x improvement in domain accuracy
and bring several 7-8B parameter models within striking distance of frontier performance
on an expert-annotated radiation oncology examination. Third, we introduce Swarm Re-
trieval, a forward-looking paradigm in which documents are not treated as passive points
in a vector space, but as agents embodying documents that can judge their own relevance
to a given query in an interpretable manner. This paradigm challenges the status-quo of
documents as inert static entries, and reimagines them as active participants of the retrieval
process. Taken together, these contributions chart a path toward a computable scientific cor-
pus which we define as a unified, queryable interface over the full body of published science

that is technically feasible with current exascale infrastructure.
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CHAPTER 1
INTRODUCTION

1.1 The Scientific Literature Crisis

At its core, scientific pursuit is a cumulative endeavor in which every advancement builds
upon previous contributions. Those who seek to advance science are obliged to do so with
a keen awareness of what has been hitherto accomplished by their predecessors. Therefore,
keeping abreast of the latest developments in their field is a crucial prerequisite for scientists
to advance it through novel and rigorous hypotheses.

Publication Volume on PubMed (2000-2025)

Annual citations indexed in MEDLINE/PubMed

2.00  mmy confirmed (NLM) CovID-19
Ml Estimated — 2024 (NLM FY2024 baseline) publication surge
Partial — 2025 (indexing ongoing)
AT Annual trend overlay

Publications (millions)
5
8

003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018

ived from NLM FY2024 PubMed Baseline
ary of Medicine - MEDLINE/PubMed Pro

2025 is partial; indexing continues through the calendar year

Figure 1.1: Number of articles submitted to the PubMed database annually from 2000 to
2023. Data comes from PubMed which is maintained by the National Center of Biotechnology
Information (NCBI) at the National Institutes of Health (NIH)

Yet, the rapid rate of growth in scientific output renders it insurmountable for any indi-
vidual scientist to navigate the deluge of information [85]. The 2024 State of United States
Science and Engineering report by the National Science Foundation reveals that the number
of science and engineering articles published in open-access journals annually has surged
from 19,000 in 2013 to 992,000 in 2022, marking over a 50-fold increase. This trend of rapid

growth extends into subscription-based publishing venues, as well. Hanson et al. report that
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Scopus, a major citation abstract database, indexed approximately 896,000 more articles
in 2022 than in 2016 (2.82 million vs 1.92 million), corresponding to a 5.6% year-on-year
growth over that period [59]. In the biomedical domain alone, PubMed [113] processed ap-
proximately 1.69 million articles last year, averaging more than three articles per minute.
Clearly, the exponential growth in the global publication volume presents a daunting chal-
lenge for scientists seeking to ingest incoming information.

As this publication boom unfolds, scientists appear to have reached a ceiling in the
number of papers they can read, comprehend, and retain. Across multiple surveys, scientists
report reading on the order of 22 academic articles per month on average — a statistic that
has remained essentially flat for over a decade. [157|. We interpret this finding not as a
lack of motivation on the part of the scientific community, but rather as a hard biological
constraint on the individual scientist. Humans are simply bound by a finite amount of time,
attention, and cognitive throughput. In the same vein, Meho reports that roughly 90% of
papers published in academic journals are never cited and as many as 50% of them are never
read by anyone other than their authors, referees, and journal editors [105].

This disparity between the rate of publication growth and an individual scientist’s capac-
ity for ingestion contributes to a citation imbalance whereby a significant portion of scientific
research remains underutilized. Nielsen and Andersen report that the top 1% of most-cited
scientists increased their cumulative citation share from 14% to 21% between 2000 and 2015
[115]. This concentration of attention not only hinders the dissemination of valuable knowl-
edge but also perpetuates a cycle where highly cited scientists receive even more recognition
and resources, widening the gap between the most and least cited researchers [129]. The
consequences are tangible: promising avenues for future research remain dormant and un-
explored, costly and time-consuming efforts are duplicated, and the diversity of scientific
discourse is stifled. Chu and Evans provide empirical support for this view, demonstrating

that the growth of large scientific fields is associated with a slowdown of canonical progress,



as new work increasingly consolidates around established paradigms rather than exploring
novel directions [28§].

In sum, the prevailing publish or perish paradigm [45, 114] has transformed literature
review from an essential scholarly activity into a big data management problem. Scientific
output grows at a large rate that no individual can any longer match, and in the absence of
computational methods to streamline the process, scientists spend disproportionate time on
literature review while a plethora of valuable findings still remain underutilized in rapidly
accumulating piles. This discussion proceeds with an introduction of Large Language Models:
one of the most transformative and rapidly-adopted technological advancements in processing

and generating information which are not exempt from innate shortcomings of their own.

1.2 Large Language Models and Their Limitations for Science

The advent of large language models (LLMs) has provided researchers with powerful tools for
processing vast scientific corpora. Built on the Transformer architecture [158], LLMs leverage
self-attention mechanisms to capture long-range dependencies in text, enabling them to serve
as remarkably effective associative memories over their training data. The scaling of these
models—from hundreds of millions of parameters in early models like BERT [39] and GPT-
2 [127] to hundreds of billions or even trillions in DeepSeek-V3 [35], Llama 4 [106], GLM-
5 [177], and Kimi K2 [81]—has yielded emergent capabilities in reasoning, summarization,
and knowledge synthesis that were not anticipated from smaller predecessors [166]. In the
scientific domain, LLMs have been deployed across an increasingly ambitious range of tasks,
from automated literature-grounded medical question answering [144| and protein sequence
design [44] to end-to-end autonomous research pipelines capable of ideation, experimentation,
and manuscript generation [99, 54|. We survey specific models in this space in Section 2.1
Despite their utility in associative memory and knowledge synthesis, LLMs face several

critical shortcomings when applied to science. First, the parametric memory that an LLM
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Evolution of Large Language Models (2017-2024)
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Figure 1.2: Evolution of large language models by parameter count, 2017-2025. Dot size and
halo indicate milestone significance. Parameter counts for mixture-of-experts models reflect
total parameters; active parameters per token are substantially smaller.

acquires during pretraining is stored in its weights and is static, i.e., by default, base mod-
els are unaware of knowledge disseminated after the cutoff date of their pretraining data.
Although techniques such as fine-tuning [179] and knowledge injection [172] can remediate
this, these are error-prone methods that risk catastrophic forgetting [82, 53| of pre-existing
knowledge whereby a model not only fails to learn the new data distribution, but also suffers
its prior modeling capabilities to degrade.

Second, general-purpose frontier LLMs are typically trained on web-scale datasets such
as The Pile [47], RedPajama [154|, and Dolma [148|. These massive datasets favor breadth
over depth so as to render commercial frontier models widely useful for as large a user base as
possible at the expense of deep specialization in knowledge-intensive endeavors like science

[01].



Third, and most critically, LLMs are prone to hallucinate plausible yet factually incorrect
information — a well-documented limitation [159, 67, 170]. Hallucinations stem from the fact
that LLMs model the joint distribution of tokens (finite building blocks of text) observed in
their pretraining data. During generation, they sample this distribution in an autoregressive
manner whereby the next token is selected simply as the most likely token to follow what the
model has hitherto written. Clearly, most probable output is not often the most accurate
or up-to-date one. Thus, hallucination remains a daunting challenge in adopting LLMs in
scientific contexts where factual grounding is paramount. As an early attempt at a purpose-
built scientific foundation model, GALACTICA demonstrated both the promise and the peril
of large-scale scientific text generation: while capable of impressive knowledge synthesis even
in notation-heavy life sciences, the model was retracted from public access within days of its
release due to the widely-reported severe hallucinations observed in its scientific claims [150].
Subsequent work by Min et al. on FactScore [107] established that even the state-of-the-art
LLMs produce factually inconsistent statements when evaluated at the atomic claim level,

reinforcing the conclusion that the most probable token sequence is not always the true one.

1.3 Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) was proposed by Lewis et al. [87] to address the
aforementioned shortcomings by equipping LLMs with an external knowledge source. Rather
than relying solely on parametric memory, RAG integrates neural information retrieval with
LLM-based content generation. This approach leverages the ability of LLMs to represent any
chunk of text, e.g., a sentence, a paragraph, or an entire document, as a fixed-size embedding
vector that encodes semantic relationships akin to meaning. The distance between those
vectors, measured by cosine similarity, Euclidian distance, Frobenius distance, or even a
learned metric [180, 16] quantifies their relevance and enables retrieval systems to efficiently

identify documents that are most pertinent to a given query [79].
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Dolma v1.7 — 3 Trillion Tokens | Soldaini et al., 2024

Common Crawl
(web)

M Common Crawl (web) [l Books M Reddit M Wwikipedia Other
et B GitHub (code) Ml peS2o — scientific papers Scientific code / ROOTS

Figure 1.3: Token distribution across source corpora in Dolma v1.7, a 3-trillion-token open
pretraining dataset [147]. Web crawl data (Common Crawl and C4) collectively account
for 85.7% of all tokens, while academic scientific literature (peS2o [146]) and scientific code
constitute approximately 2.5% combined (highlighted with dashed borders). This disparity
reflects the breadth-over-depth bias inherent in web-scale pretraining corpora, motivating the
need for retrieval-augmented approaches that can supply domain-specific scientific knowledge
at inference time.

Implementing a RAG pipeline involves several steps. First, a curated corpus of documents
needs to be obtained. As of writing, the Portable Document Format (PDF) is the dominant
format for the dissemination of scientific literature. Since this format is not natively machine-
readable, document parsing is necessary for extracting the raw textual or visual content from
PDFs. All LLMs today feature a limited context length: the total number of tokens a model
can process in a single forward pass is bounded by its architecture. Combined with inference
costs in terms of latency and energy, this limitation calls for careful management of prompt
size. In order to select only the most relevant content to answer a given query, the raw text
obtained after document parsing must be broken down into smaller chunks.

Following the chunking stage, each chunk is encoded into a dense vector representation
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by an encoder model. Crucially, the choice of encoder is not merely an implementation de-
tail — it is the choice of data representation itself, as the encoder determines the geometry
of the embedding space and therefore what "similarity" means at retrieval time. A chunk
that is semantically relevant to a query can only be retrieved if the encoder maps both into
proximate regions of that space; a poorly chosen encoder can render even a well-constructed
corpus effectively unsearchable. In practice, this decision reduces to a fundamental trade-
off between large, general-purpose encoders and smaller, domain-adapted ones. The former
offer stronger generalization across diverse query types by virtue of training on broad cor-
pora, while the latter offer specialization that may be critical in technical domains where
terminology, notation, and reasoning patterns deviate substantially from general language.
This trade-off carries significant consequences for downstream retrieval quality and should be
treated as a primary design decision in any RAG pipeline, rather than a secondary concern
left to default choices.

Embeddings produced by the encoder are stored in a vector database, also referred to
as a vectorstore. A well-designed vectorstore is both lightweight — so that the data can fit
into memory — and fast, achieved through highly efficient low-level kernels that accelerate
nearest neighbor lookups based on vector distance. In this work, we employ FAISS [41],
a state-of-the-art vectorstore in which each embedding is associated with a unique uint64
identifier that maps to the raw content of its corresponding text chunk. When a user submits
a query, it is encoded with the same encoder used for encoding the document chunks. The
query embedding is then used to perform a semantic search in the vectorstore, retrieving its
nearest neighbors which, assuming proper upstream chunking and encoding, are the most
relevant chunks for answering the query.

The final step of the RAG pipeline involves feeding the question, retrieved context, and
a surrounding prompt template with system instructions to a generator LLM. It is impor-

tant to note that none of the aforementioned steps alter the weights of the generator LLM;



therefore, the retrieval and generation components of a RAG pipeline can be considered fully
decoupled from one another. The LLM then answers the query drawing on both its paramet-
ric knowledge acquired during pretraining and the retrieved context. Contextualizing the
query with retrieved evidence enables in-context learning [24], whereby the LLM’s effective

knowledge can extend beyond the boundaries of its pretraining corpus.

1.4 Challenges in Scaling RAG for Science

Despite its promise, scaling RAG to handle millions of scientific documents introduces sig-
nificant challenges. The complexity of the RAG pipeline—spanning document parsing, text-
chunking, encoding, retrieval, and generation— creates multiple potential points of failure

that become acute at scale:

Parsing scientific documents. The Portable Document Format (PDF) has become the
primary mode of scientific communication [5|. Scientific documents present particular diffi-
culties due to their dense arrangements of tables, figures, equations, and references. Extraction-
based parsers rely on embedded text layers that are only present in digital-born PDFs while
end-to-end neural approaches face scalability challenges due to the quadratic scaling of vision
transformer attention mechanisms. Developing a document parser that is simultaneously ac-
curate, multimodal, and scalable to millions of papers is a prerequisite for any large-scale

scientific RAG system.

Optimizing accuracy for scientific content. The quality of a RAG system’s output
depends critically on the encoder’s ability to produce vector representations that capture
the semantic nuances of scientific text. General-purpose encoders perform suboptimally
on scientific content, as such content constitutes only a small portion of mainstream LLM

training datasets [148, 47]. Academic writing style differs substantially from the web-scale



text on which most encoders are trained, and domain-specific vocabulary, empirical evidence,

and citation patterns require specialized encoding strategies.

Evaluating RAG on scientific literature. Scientific literature carries unique features:
domain-specific terminology, quantitative empirical evidence, and citation structures. Taken
together, these idiosyncrasies of scientific text impose restrictions on how RAG systems
can be evaluated. Existing general-purpose benchmarks are increasingly contaminated by
model pretraining corpora [88, 37|, rendering them unreliable indicators of true scientific
reasoning ability. The development of fresh, provenance-tracked, science-specific benchmarks

is essential for driving progress in this area.

Scaling to high-performance computing infrastructure. Indexing millions of scien-
tific documents requires computational resources that exceed the capacity of conventional
computing infrastructure. Each stage of the RAG pipeline (parsing, chunking, encoding,
and retrieval) must be parallelized across thousands of accelerators on high-performance
computing clusters. This introduces substantial engineering challenges around distributed
workflows, GPU utilization, I/O bottlenecks that must be addressed to realize the vision of

a computable scientific corpus.

1.5 Thesis Statement and Contributions

This thesis presents the design, implementation, and evaluation of retrieval-augmented rea-
soning systems that operate at the scale of millions of scientific documents, leveraging ex-
ascale supercomputing infrastructure to transform how scientists interact with the growing

body of scientific literature. The central claim of this work is:

The path to reliable scientific Al lies not in larger models but in co-designing

retrieval, reasoning, and HPC infrastructure as a unified system.



1.6 Organization of This Thesis

The remainder of this thesis is organized as follows:

Chapter 2 surveys the state of the art in large language models, retrieval-augmented
generation, document parsing, neural information retrieval, and scientific benchmarking,
establishing the technical foundations upon which this work builds.

Chapter 3 presents HiPerRAG, the scalable RAG infrastructure that constitutes the
first major contribution of this thesis. This chapter details the design and implementation of
Oreo and ColTrast, introduces the scientific evaluation benchmarks, presents comprehensive
results on scientific question-answering tasks and scaling experiments across three leadership-
class supercomputers, and discusses downstream applications of HiPerRAG in multi-agent
scientific discovery frameworks.

Chapter 4 presents the automated MCQA benchmark generation pipeline and the rea-
soning trace retrieval paradigm constituting the second major contribution.

Chapter 5 introduces Swarm Retrieval, the proposed paradigm for reasoning-driven doc-
ument selection, and presents its design rationale, architecture, and evaluation framework.

Chapter 6 concludes the thesis with a discussion of limitations, broader implications,

and future research directions.
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CHAPTER 2
BACKGROUND AND RELATED WORK

This chapter surveys the technical landscape upon which this dissertation builds. We orga-
nize the discussion around six themes: the evolution of large language models (Section 2.1),
their application to scientific domains (Section 2.2), the development of retrieval-augmented
generation and its variants (Section 2.3), document parsing for scientific literature (Section-
Section 2.4), neural information retrieval and metric learning (Section 2.6), the evaluation of
LLMs and RAG systems on scientific tasks (Section 2.7), and high-performance computing
for AT workloads (Section 2.8). For each theme, we trace the arc from foundational con-
tributions to the present state of the art, identifying the open problems that motivate the

contributions of this dissertation.

2.1 Large Language Models

2.1.1 The Transformer Architecture

The Transformer architecture [158] replaced recurrent computation with multi-head self-
attention, enabling parallelized training over long sequences and establishing the foundation
for virtually all subsequent progress in language modeling. Given an input, sequence X &€

R”Xd, the self-attention mechanism computes:

: QKT
Attention(Q, K, V') = softmax Vi Vv (2.1)

k
here Q = X WQ, K =XwkK V=X WV are linear projections into query, key, and value
spaces and d;. is the key dimensionality. Multi-head attention maintains i parallel instances
of this operation with the intuition that each attention head attends to different represen-

tation subspaces. Output from all heads are finally concatenated and fed through a final
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projection WO. Combined with position-wise feed-forward networks, layer-normalization
[10], and residual connections [61], the Transformer block is stacked L times to form deep
architectures whose parameter count can well exceed trillions as of writing.

Two variants have dominated subsequent development. Encoder-only models such as
BERT [39] employ bidirectional attention and masked language modeling, producing con-
textualized representations suited for downstream natural language understanding (NLU)
tasks such as classification, named-entity recognition, and retrieval. Decoder-only models
such as the GPT family [127, 24] employ causal (sequential and one-way) attention and next-
token prediction to power autoregressive generation wherein each token is sampled from a
probability distribution conditioned on every preceding token. Decoder-only architecture
emerged as the workhorse of the current wave of generative Al adoption. Beyond their gen-
erative capabilities, decoder-only models have also been fine-tuned as performant encoders
[134]. In this thesis, we leverage both: ColTrast the encoder fine-tuning objective intro-
duced in Chapter 3 applied to both encoder-only architectures like PubMedBERT [36] and
decoder-only models like SFR-Embedding-Mistral [134].

2.1.2  Pretraining Data and the Scientific Domain Gap

The capabilities of modern LLMs derive in large part from the scale and diversity of their
pretraining corpus. The Pile [47], and 800GB dataset spanning 22 sources, RedPajama [154]
at trillion-token scale, and the Dolma [148] at three trillion tokens represent the current
generation of open pretraining data. As the field runs out of novel human-generated train-
ing data, LLMs are utilized at scale to generate high-quality synthetic training corpora for
themselves through techniques like rephrasing human-written text [116]. Despite their scale,
most of these general-purpose datasets share a systematic preference towards breadth over
depth, which has direct consequences for knowledge-intensive scientific applications. Ling

et al. [91] find that scientific text constitutes only a small fraction of mainstream corpora.
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The Pile, for instance, reportedly allocated approximately 14% of its composition to aca-
demic sources. The remaining content is web-text, code, and books, leaving general-purpose
LLMs without sufficient exposure to unique token distributions that characterize scientific
communications.

This gap of representation is not closed by expanding the scale alone. Scaling analyses
[78, 65| establish that downstream model performance depends on the composition of train-
ing data as much as its sheer volume, i.e., a model trained on a trillion tokens of web text
will not internalize scientific reasoning that was never in its training distribution. This is
the primary motivation for retrieval-augmented generation approaches like ours that dynam-
ically supplement foundation model’s parametric memory with domain-specific evidence at
inference time. This is the core principle of this dissertation: introducing the data into the
system as an extrinsic reference source in contrast to continual pretraining and fine-tuning
techniques that embed the data intrinsically in the parameters of the model. Crucially, the

latter is costlier, more rigid, and prone to catastrophic forgetting [82, 53].

2.1.3 Reasoning in Language Models

Reasoning, in the context of LLMs, refers to a technique that urges the model to generate
intermediate reasoning tokens preceding the final answer. Similar to RAG, this technique
alters the conditioning context for next-token sampling—RAG by retrieval-augmented con-
text, reasoning by generating intermediate computational steps. Chain-of-thought (CoT)
prompting [167] demonstrated that eliciting intermediate reasoning steps substantially im-
proved the performance on arithmetic, commonsense reasoning, and symbolic tasks. Self-
consistency [163] extends this by sampling multiple reasoning paths and selecting the most
common answer. Tree-of-thought [175] generalizes to tree-structured exploration with delib-
erate backtracking.

Most recently, reasoning-specialized models have demonstrated that structured reasoning
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can be trained explicitly rather than invoked at inference time through prompting techniques.
OpenAl’s ol [119] and DeepSeek-R1 [34] are trained with reinforcement learning (RL) over
chain-of-thought data, producing models that generate extended reasoning traces before ar-
riving at answers and achieving substantial gains on mathematical and scientific benchmarks.
DeepSeek-R1 further demonstrated that reasoning can emerge unintentionally through RL
that is aimed at optimizing downstream performance. In other words, the model internally
re-invents reasoning as a strategy to maximize its performance on the RL task at hand.
Additionally, and crucially for this dissertation, DeepSeek-R1 also demonstrated that these
capabilities transfer to smaller models through fine-tuning-based distillation of the reasoning
traces themselves.

The emergence of explicit reasoning traces has a direct connection to the contributions of
this dissertation. In Chapter 4, we demonstrate that reasoning traces generated by frontier
models can serve as not only supervised fine-tuning data, but also retrieval sources for smaller
models, enabling them to approach or exceed frontier-level performance on domain-specific
scientific tasks they were not explicitly trained for. This finding suggests that the value of
reasoning lies not only in the model that produces it, but in the traces themselves as reusable,
retrievable artifacts. However, reasoning traces are currently treated as a byproduct of the
inference process and are discarded (unless specifically logged for future model training).
Competition between frontier Al laboratories and utility of reasoning traces as distillation
material play a key role in this systematic waste of valuable data, a waste we hope to raise

awareness about by this dissertation.

2.1.4 Hallucination and Factuality

Despite their revolutionary capabilities, LLMs remain prone to hallucinate, i.e., to generate
content that is cogent and seemingly plausible, yet factually incorrect [69]. Hallucination

arises from a fundamental feature of LLMs as machine learning models: they sample from a
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learned probability distribution to generate new content. In the autoregressive case, which
is the backbone of the more dominant decoder-based architectures today, this sampling is
conditioned on the prompt and all the other tokens theretofore generated. Since the next
token is simply the most probable token, the LLMs offer no guarantee in its factuality,
appropriateness, or topicality. In other words, the most probable next token is not always
the most truthful one.

Huang et al. [67] distinguish intrinsic hallucinations (outputs that contradict a given
reference material) from extrinsic hallucinations (outputs that cannot be verified against
any source). Both are dangerous in scientific contexts, but the latter is harder to differ-
entiate from a truly novel new deduction or hypothesis. An intrinsic hallucination might
misrepresent an experimental result or violate a theoretical constraint while an extrinsic hal-
lucination could fabricate a perniciously plausible nonexistent citation or fact. The severity
of the problem in scientific applications is well-documented: GALACTICA [150] invoked
tremendous excitement from the scientific community as the first purely scientific founda-
tion model. Yet, the model was retracted from public access within three days of release
due to its tendency to produce authoritative-sounding fabrications. Research has been done
to quantify hallucination rates among LLMs: Min et al. [107] introduced FactScore, which
decomposes generated text into atomic claims and verifies each against a known source, re-
vealing that even GPT-4—the frontier LLM at the time— produced factually unsupported
claims at non-trivial rates.

Several mitigation techniques have been proposed including post-training ones like DoL A
[29], and training-based ones such as Reinforcement Learning from Human Feedback (RLHF)
[122] and Direct Preference Optimization (DPO) [128]. We are of the opinion that the
most intuitive, robust, and expedient approach remains grounding generation in externally
retrieved attributable evidence. This is the core principle of retrieval-augmented generation,

discussed in Section 1.3.
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2.2 LLM-Based Systems for Scientific Discovery

The application of deep learning to scientific domains has followed multiple trajectories, each
targeting a different modality of scientific data. It is important to distinguish between these
often conflated trajectories, e.g., referring to protein structure prediction models as large
language models. We present in this section a survey of the most relevant trajectories in

which LLMs have been applied for facilitating scientific discovery.

2.2.1 Text-Based Scientific Language Models

I8PubMedBERT (~110M, fine-tuned) |56]
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Figure 2.1: Performance of PubMedBERT [56] (110M parameters, fine-tuned) versus GPT-4
( >1 trillion parameters, best prompt) on five BLURB biomedical NLU tasks [46]: three
named entity recognition (NER) and two relation extraction (RE) datasets. Despite a

parameter-count difference of roughly four orders of magnitude, the domain-specific encoder
outperforms GPT-4 by 15.54-31.55 F'1 points on NER and 24.78-41.46 points on RE.

The first trajectory adapts the Transformer architecture for scientific text. The key in-
sight is that scientific language differs substantially from colloquial web text in vocabulary,

syntax, discourse structure, and inference patterns. Models trained on general text underper-
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form on scientific tasks not because they lack capacity, but because of insufficient exposure
to scientific corpora. The divergence in token distributions between scientific and web-text
corpora calls for customized tokenizers. Generic tokenizers, despite offering full vocabulary
coverage, remain inefficient—requiring more tokens to encode scientific text than general
text.

SciBERT [17], introduced by the Allen Institute for Al, pretrained a BERT-base model
on 1.14 million papers from Semantic Scholar, yielding consistent improvements over vanilla
BERT on scientific NLU tasks including named-entity recognition (NER), relation extraction,
and classification. PubMedBERT [56| took this further by pretraining exclusively on PubMed
abstracts and full-text articles, demonstrating that domain-specific pretraining from scratch
can outperform continued pretraining and task-specific fine-tuning from a general checkpoint.
Domain-specific encoders such as PubMedBERT have been observed to outperform their
much larger generic counterparts in biomedical NLU (see Figure 2.1). However, the trade-
off between larger, more generalizable but slower and more resource-intensive models and
relatively lightweight, faster niche models remains an open research problem.

Table 2.1: Comparison of large generic language models versus lightweight domain-specific

encoders across key evaluation criteria. v indicates a clear strength, x a weakness, and ~ a
partial or context-dependent advantage.

Criterion Large Domain-
Generic Specific
Models Encoders
Out-of-domain generalization v X
Computational efficiency X v
Inference latency X v
Pretraining data requirements v ~
Fine-tuning flexibility v ~
Breadth of applicability v X
Vocabulary alignment to domain X v
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On the generative-side, BioGPT [101] trained a GPT-2 scale model on 15 million PubMed
abstracts, achieving a state-of-the-art performance on biomedical text generation and relation
extraction. BioMedGPT [102] extended this to a multimodal setting that integrated text,
molecular structures, and protein sequences into a unified generative framework. GALAC-
TICA [150] represented the most ambitious attempt at the time to build a general-purpose
scientific foundation model (LLM), training on a corpus of 48 million scientific papers, text-
books, encyclopedias, and knowledge bases. While GALACTICA demonstrated impressive
capabilities for the brief period for which it was deployed, its susceptibility to a self-confident
hallucination on scientific claims led to its rapid withdrawal from public access. This incident
raised awareness about the limits of parametric knowledge of LLMs for scientific applications.

Med-PalLM-2 [144] marked a milestone in the field by achieving human expert-level per-
formance on the United States Medical Licensing Examination by combining the base PaLM
model with biomedical-focused instruction fine-tuning. This result demonstrated that LLMs
can reach professional certification thresholds on medical knowledge tasks, though the gap
between examination performance and reliable clinical reasoning remains significant. Fur-
thermore, there is alarming evidence that popular LLM evaluation benchmarks often leak
into the pre and/or post training datasets of frontier LLMs, artificially boosting their scores.

Before we conclude this chapter, it is worth noting that the term "AI for science" en-
compasses architectures far beyond text-based language models and the scope of our work.
Notable examples within the realm of biological /biomedical domains include protein struc-
ture prediction systems such as AlphaFold [75] and Proteina [48]; protein sequence models
such as ESM-3 [60] and xTrimoPGLM |[26]; and genomic language models such as GenSLMs
[181] and Evo [23]. These systems operate on biological sequences and three-dimensional co-
ordinates rather than natural language and are architecturally distinct from the text-based
LLMs that the focus of this dissertation. We mention them here only to delineate the scope

of our contributions: this dissertation addresses how LLMs interact with the scientific litera-
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ture rather than the prediction of molecular structures or biological properties. Where these
systems appear in our work (for example, AlphaFold-2 appears as a tool alongside HiPerRAG
chapter 3 in the StructBioReasoner agentic framework) they do so as downstream consumers

of the retrieval infrastructure we develop, not as our objects of study in themselves.

2.2.2 Al Agents for Scientific Discovery

The most recent trajectory in Al for science shifts focus from standalone models to agentic
systems that orchestrate multiple AI models and computational tools within a reasoning
and planning loop with constituent long and short-term memory constructs. This paradigm
recognizes that scientific discovery is not a single-model task but a multi-step pipeline that
involves hypothesis generation, experimental design, data analysis, iterative refinement, and
dissemination.

Boiko et al. [19] demonstrated Coscientist, a semi-autonomous chemical research agent
capable of searching the literature, planning synthesis routes, writing code for robotic plat-
forms, and executing experiments. Lu et al. |99, 100] developed The AI Scientist (Sakana Al),
which fully automates the entire research lifecycle from idea generation through manuscript
composition and peer review, with papers exceeding acceptance thresholds at top machine
learning venues. Mitchener et al. [108] introduced Kosmos, an Al scientist for data-driven
discovery that uses structured world models to coherently pursue research objectives over
extended campaigns. A single Kosmos run is reported to produce approximately 42,000
lines of code and synthesize over 1,500 papers, with independent scientists validating 79.4%
accuracy and reporting that one run compressed six months of expert work into a single day.
More recently, Lyu et al. [103]| introduced EvoScientist, an evolving multi-agent framework
that continuously improves research strategies through persistent memory and self-evolution,
comprising specialized agents for idea generation, experiment implementation, and knowl-

edge distillation, representing the current state-of-the-art in agentic Al for science.

19



A common architecture underpins the aforementioned agentic systems: an LLM-based
reasoning core that plans actions, invokes tools, interprets results, and directs next steps.
Retrieval-augmented generation is one of the most critical tools available to LLMs serving
this role as it provides access to the scientific literature for evidence gathering and hypothesis
contextualization. The StructBioReasoner system [141], discussed in chapter 3, examplifies
this architecture in the domain of biologics design, with HiPerRAG serving as the literature
synthesis agent within a multi-agent tournament framework.

The emergence of agentic scientific Al underscores the central argument of this disserta-
tion: the value of LLMs for science lies not in their standalone generation capabilities, but
in their capacity to serve as reasoning engines within larger systems that include retrieval,
simulation, and in-vitro experimental feedback loops. Building reliable scientific agents re-
quires reliable retrieval, and reliable retrieval at scale requires the kind of HPC infrastructure
this dissertation develops. To conclude, our aim extends beyond developing an interface for
human scientist to interact with the entirety of the science that has been disseminated so

far, but also building that interface for the Al scientists of today and tomorrow.

2.2.3 Knowledge Distillation and Reasoning Transfer

It is well-established that scale of LLMs in parameter count and training data often dictates
their performance |65, 78|. A recurring challenge in deploying LLMs for scientific applications
is that the most capable frontier models are also the most expensive to run. Frontier models
such as GPT-5.5 and Claude Opus 4.7 deliver strong reasoning but impose substantial per-
token costs, latency constraints, and data-sovereignty concerns that make them impractical
for many scientific workflows —particularly agentic settings that require thousands of LLM
calls per campaign. Smaller models —which, as of writing, correspond to models with roughly
1-14 billion parameters— are cheaper, faster, and deployable local infrastructure, but they lack

the reasoning depth and domain knowledge of larger counterparts. This tension motivates
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knowledge distillation: transferring the capabilities for a large teacher model into a smaller

student model.

Classical Knowledge Distillation

The foundations of knowledge distillation were laid by Hinton et al. [63] in their seminal
paper where they showed that a student network can be trained to mimic the soft probability
distribution (dark knowledge, as Hinton calls it) produced by a teacher network, rather than
training on hard labels alone. The teacher’s softened output distribution encodes inter-class
similarities that the hard labels discard, e.g., that a given protein sequence is more similar
to kinases than to membrane receptor, even though both are incorrect labels for the specific
query. By training the student to reproduce these soft targets, the teacher’s relational
knowledge is transferred into a smaller architecture.

Formally, given a teacher model T" producing logits z7 and a student model S producing

logits zg, the distillation loss is:

Lxp =a-Lop(y,o(zg)) + (1 —a) -2 Dgp(o(2p/7) | o(25/7)) (2.2)

where o denotes the softmax function, 7 is a temperature parameter that controls the smooth-
ness of the distributions, y is the ground-truth label, and a balances the task loss against
the distillation loss. This formulation has been remarkably effective across domains, from
image classification [63] to language understanding [135, 73|.

DistilBERT [135] applied this approach to compress BERT into a model 40% smaller
and 60% faster while retaining 97% of its language understanding capability. TinyBERT
[73] extended distillation to intermediate transformer layers,; transferring not just output
distributions but also attention patterns and hidden representations. More recently, Ye et

al. introduced Generative Adversarial Distillation (GAD), which enables black-box distil-
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lation of large language models by framing the student LLM as a generator and training a
discriminator to distinguish its responses from the teacher’s, creating an adaptive on-policy
reward mechanism that avoids the exposure bias and overfitting to local patterns inher-
ent in traditional sequence-level knowledge distillation [176]. These works established that
Transformer-based language models are amenable to distillation, but they operated on rep-
resentations and logits, not on the reasoning processes that produce those outputs. This is

a research gap we aimed to target in this dissertation.

From Output Distillation to Reasoning Distillation

The advent of chain-of-though (CoT) reasoning subsection 2.1.3 opened a new dimension of
distillation: transferring not just what a model eventually predicts, but also how it reaches
that final prediction. The key observation is that an LLM’s chain-of-thought trace en-
capsulates a structured reasoning process wherein the model identifies relevant principles,
decomposes the problem, eliminates incorrect hypotheses, and builds towards a conclusion
through in-context self-reflection. This reasoning trace, in and of itself, represents a valuable
training signal for a smaller model. In fact, we show that even in the lack of a teacher’s final
predictions, student models can learn to reason towards the correct choice solely based on
distillation from a teacher’s reasoning traces.

Mukherjee et al. [111] demonstrated this with Orca, which pretrains a 13B-parameter
student model on the detailed reasoning traces produced by GPT-4. Rather than simply
mimicking the teacher’s final answers, the student learns to reproduce the teacher’s reasoning
process step by step. Orca achieved performance rivaling ChatGPT on several benchmarks,
despite being substantially smaller, because the reasoning traces provided a richer and denser
training signal than answer labels alone. Subsequent work on Orca-2 [109] refined this ap-
proach by teaching the student to use different reasoning strategies depending on the tasks,

demonstrating that reasoning distillation can transfer not just knowledge but metacogni-
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tive strategy. Our work in Chapter 4 builds on this approach by investigating the impact
of different types of reasoning traces (step-by-step, recall-then-generate, direct answer) as
retrieval sources to assist scientific multiple-choice questions-answering of small models.

Ho et al. [64] provided a systematic study of fine-tuning small models on chain-of-
thought rationales generated by large models, demonstrating that this approach enables
small models to perform multi-hop reasoning tasks where they previously failed. Magister et
al. [104] extended this to a broader range of reasoning tasks, finding that chain-of-thought
distillation consistently improves small model performance on arithmetic, commonsense, and
symbolic reasoning benchmarks.

More recently, the most striking demonstration of reasoning distillation at scale came
from DeepSeek-R1 [34]. Following a ground-breaking multi-step recipe that is out of the
scope of our dissertation, DeepSeek first trained a large reasoning model (DeepSeek-R1,
671B parameters). Remarkably, they showed that reasoning can emerge inadvertently as a
by-product of reinforcement learning for accuracy and format-following. In other words, the
model had what the DeepSeek team called an "aha moment" where it realized that reasoning
on a problem leads to improved downstream RL reward even though the award itself did
not measure reasoning capability. DeepSeek-R1 was used to produce extended reasoning
traces, which are then distilled into smaller models (1.5B to 70B parameter Qwen and Llama
variants) through supervised fine-tuning. The distilled models achieved notable performance:
the 14B distilled Qwen model outperformed the GPT-40 and Claude3.5 Sonnet (both capable
proprietary models at the time) on several mathematical reasoning benchmarks. This result
demonstrated that reasoning capabilities, once elicited in a large model, can be effectively

compressed into much smaller architectures through trace-based distillation.
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The Missing Modality: Distillation Through Retrieval

We previously mentioned that introducing new data and capabilities to a model can be done
in two different ways: intrinsically or extrinsically (subsection 2.1.2). All of the approaches
described above share a common mechanism, they transfer knowledge by modifying the stu-
dent model’s weights, integrating new data as an intrinsic element of the model. Whether
the training signal is soft logits (Hinton), intermediate representations (TinyBERT), or rea-
soning traces (Orca, DeepSeek-R1-Distill), the distillation process produces a new model
whose parameters encode the transferred knowledge.

This weight-based distillation paradigm has two limitations for scientific applications.
First, it requires a separate distillation procedure for each target domain: a student model
distilled on biomedical reasoning traces may not transfer to material science or astrophysics,
necessitating repeated, expensive, and error-prone distillation efforts. Second, the distilled
knowledge is static, i.e., frozen into the student’s weights at training time, and cannot be
updated as the scientific literature evolves without further retraining.

chapter 4 of this dissertation introduces an alternative mechanism that we term distilla-
tion through retrieval. Rather than using reasoning traces to modify the student’s weights,
we store the traces as retrievable artifacts in a vector index. At inference time, the student
model retrieves relevant traces and uses them as in-context examples, gaining access to the
teacher’s reasoning without any weight modification. This approach is model-agnostic (any
student model can benefit after the creation of the index), domain-flexible (traces from dif-
ferent domains can be stored in the same index), dynamic (the contents of the index can
evolve with the underlying scientific discourse), and transparent (traces are human-readable
and auditable). To our knowledge, this represents the first systematic exploration of retrieval
as a distillation mechanism for scientific domain adaptation.

The conceptual arc from soft target distillation [63], to representation distillation [73],

to reasoning-trace distillation [34, 111|, to our proposed distillation through retrieval rep-
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resents a progressive shift from intrinsic to extrinsic knowledge transfer as we define in
subsection 2.1.2. At each step, the transferred artifact becomes more interpretable and more
reusable, culminating in reasoning traces that can be inspected, curated, and dynamically

composed at inference time.

2.3 Retrieval-Augmented Generation

2.3.1 Foundations: Dense Passage Retrieval

Modern retrieval-augmented generation (RAG) builds on the foundation of dense passage
retrieval (DPR), introduced by Karpukhin et al. [79]. DPR employs a dual-encoder archi-
tecture in which separate BERT-based encoders produce dense vector representations for
queries and passages. Given a query ¢ and a set of passages {di,ds,...,dyN}, the encoders
produce representations hy = Eg(q) and hy, = Ep(d;), and relevance is computed as the
dot product sim(q, d;) = h(;rhdi.

The dual-encoder architecture affords a crucial computational advantage: document rep-
resentations can be precomputed and stored in an index, so that at query time, only the
query needs to be encoded. The nearest-neighbor search over the precomputed document
representations can then be performed efficiently using approximate neares-neighbor (ANN)
libraries such as FAISS [41], which implements several index types including flat (exact)
search, inverted file (IVF) indices, and product quantization (PQ) for compressed represen-
tations.

DPR was a seminal work because it demonstrated that learned dense representations
substantially outperform traditional sparse retrieval methods such as BM25 [133] on open-
domain question answering tasks. This result established the dual-encoder paradigm as the
standard approach for neural information retrieval and motivated the development of more

sophisticated encoding and training strategies, including the ColTrast objective introduced
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in this dissertation.

The training of dual encoders for DPR requires a dataset of query-passage pairs with
relevance labels. DPR uses contrastive learning with in-batch negatives: for a batch of B
query-positive pairs, each positive passage for one query serves as a negative example for all
other queries in the batch, yielding B — 1 negative examples per query without additional
computation. The quality of training depends critically on the selection of hard negative
examples, i.e., passages that are semantically similar to the query but not relevant [171]. We

discuss contrastive learning objectives in detail in Section subsection 2.6.3.

2.3.2 The RAG Framework

Building on DPR, Lewis et al. [87] introduced Retrieval-Augmented Generation (RAG),
which combines a pretrained retriever with a pretrained sequence-to-sequence generator.

The original RAG framework as its defined by Lewis et al. features two variants:

¢ RAG-Sequence: The same retrieved document is used to generate the entire output

sequence. The model marginalizes over the top-K retrieved documents:

plyle) = Y p(zlz) - plylz, 2) (2:3)

z€top-K
where x is the input query, z is a retrieved document, and y is the generated output.

e RAG-Token: Different tokens in the output can attend to different retrieved docu-
ments, allowing the model to synthesize information from multiple sources within a

single generation:

pyile,yric) &~ Y plalr) - plyile, 2, y1:-1) (2.4)
z€top-K
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Figure 2.2: An end-to-end illustration of the retrieval-augmented generation (RAG) pipeline
from data ingestion to response generation.

The RAG-Sequence variant runs substantially faster but suffers from coarse-grained con-
text selection, which includes or discards entire documents. In contrast, RAG-Token op-
erates more slowly because it considers tokens across documents, yet this cross-document
referencing yields notably higher downstream accuracy on question-answering tasks.

The key insight of RAG was that this architecture could be trained end-to-end, with the
retriever’s selections influencing the generator’s outputs. However, in practice, most modern
implementations of RAG use a frozen retriever and frozen generator, with the retrieved
passages simply concatenated with the query as input to the generator LLM. This retrieve-
and-generate paradigm, while less custom-tailored to a given task than end-to-end training,
is more practical at scale as it allows the retriever and the generator to be developed and
deployed independently.

Concurrently with RAG, Guu et al. [58] proposed REALM (Retrieval-Augmented Lan-

guage Model Pre-Training), which integrated retrieval directly into the language model pre-
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training objective. REALM treats the retriever as a latent variable and trains it jointly with
the language model, conceiving that what a model retrieves during pretraining shapes what
it learns. This idea that retrieval can serve as a fundamental component of language model
design rather than a mere inference-time augmentation has influenced subsequent architec-
tures including RETRO [21], which chunks the training corpus and retrieves nearest-neighbor

chunks during pretraining.

2.3.3 Advances in RAG Architectures

Since its inception, the RAG paradigm has evolved considerably along several dimenstions.

We organize these advances by the type of limitation they address.

Adaptive retrieval. A key limitation of vanilla RAG is that it retrieves for every query,
even when the model’s parametric knowledge is sufficient to answer correctly. Self-RAG
[8] addresses this by training the model to generate special 'reflection’ tokens that indicate
whether retrieval is needed, whether the retrieved passages are relevant, and whether the
generated output is supported by the retrieved evidence. This self-reflective mechanism
allows the model to decide when to retrieve and to reflect on the quality of its own retrieval-
augmented outputs.

Active RAG [72] takes a complementary approach, using the model’s uncertainty (mea-
sured by entropy over generated tokens) as a signal for when to trigger retrieval. When the
model is confident, it falls back to its parametric memory (pretraining); when uncertain, it

pauses to retrieve relevant evidence before continuing generation.

Corrective retrieval. Corrective RAG (CRAG) [173]| mitigates the problem of low-quality
retrieval by incorporating a lightweight evaluator that assesses the relevance of retrieved
documents. When the evaluator determines the retrieved documents are not of sufficient

relevance to the query, CRAG triggers a web search as a fallback mechanism, enabling the
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system to self-correct retrieval errors. Albeit brittle in its reliance on keyword-based web
searches, the system recognizes that no single local retrieval system can serve all queries and

that graceful fallback mechanisms are essential for topical coverage.

Structured Retrieval. Vector-based vanilla RAG can be viewed as a greedy retrieval
strategy, in which the top-K nearest neighbors are selected based on local similarity scores,
without guaranteeing global relevance to the query. GraphRAG [43| initiated a departure
from flat vector retrieval by constructing a hierarchical knowledge graph from the source
corpus. The graph captures entities, relationships, and community structures within the
text, enabling retrieval strategies to traverse the graph structure based on deterministic and
interpretable heuristics. For queries requiring synthesis across multiple documents or multi-
hop reasoning (e.g., "What proteins in the protein family Y interact with the binding partners
of X?"), graph-based retrieval offers a natural alignment with the relational structure of
scientific knowledge. Furthermore, thanks to its hierarchical layout, GraphRAG outperforms
vanilla RAG in corpus-level queries that require a holistic perspective rather than specific
details (e.g., What are the common structural vulnerabilities of this class of materials?).
Knowledge graphs can be constructed from unstructured data like scientific papers using
LLMs for named-entity extraction and relation tuple identification. Relational databases,
meanwhile, integrate seamlessly with GraphRAG indexing approaches. A particularly novel
variant of graph-based retrieval, HippoRAG [57], extended this idea by drawing inspiration
from the hippocampal memory system, implementing a neurobiologically motivated indexing

and retrieval architecture.

Agentic retrieval. The most recent wave in RAG is the integration of retrieval into agentic
frameworks [142]. In agentic RAG, an LLM-based agent orchestrates retrieval as one tool
among many within a broader reasoning loop, enabling it to reformulate queries, evaluate

retrieval and generation performance, and adapt its retrieval strategy iteratively. In essence,
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agentic retrieval provides a unified framework that synthesizes all prior advances in RAG
evolution.

The ReACT framework [174] demonstrated that LLMs can learn to interleave reasoning
with tool use, generating that the authors called Thought-Action-Observation traces that
alternate between internal reasoning, external actions (taken through tool calling), and pro-
cessing of results. Novelty of ReACT lies in its fidelity to how humans conduct scientific
inquiry. Subsequently, ToolFormer [137] showed that LLMs can learn when and how to
invoke tools being fine-tuned on self-generated tool-use annotations.

These developments lay the groundwork for retrieval as an active, agent-directed process
rather than a passive lookup. Yet agentic RAG, as currently conceived, still treats documents
as inert objects to be retrieved, i.e., the agency remains in the orchestrating agent, not in the
documents themselves. Our Swarm Retrieval proposal (chapter 5) pushes this logic further:
by embedding agency directly in the documents as Paper Spirits, we reconceive retrieval not
as search but as distributed reasoning. Documents do not await selection; they argue for
their own relevance, and judges adjudicate among their reasoned cases. In this paradigm,

retrieval emerges from the data rather than being imposed upon it.

2.3.4 RAG for Scientific Applications

The application of RAG to scientific domains has yielded a growing body of work driven by
the recognition that scientific question answering requires evidence-grounded responses that
general-purpose LLMs cannot reliably provide from parametric memory alone.

PaperQA [84] demonstrated that retrieval over full-text scientific papers can enable
LLMs to answer research-level questions with citations. PaperQA-2 [145] extended this
with an agentic architecture that iteratively searches, gathers evidence, and generates cited
responses, achieving performance approaching human experts on the LitQA benchmark

(granted, LitQA benchmark originates from the same research group). OpenScholar [9] sub-
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sequently demonstrated that a smaller open-weight model (8B parameters) augmented with
a corpus of 45 million open-access papers and trained retrievers outperforms both PaperQA-2
and GPT-40 on ScholarQABench [4], achieving substantially lower cost by replacing propri-
etary LLM reranking with efficient bi-encoder and cross-encoder pipelines. These systems
share a common finding: iterative, agent-directed retrieval with query reformulation sub-
stantially outperforms single-pass retrieval for complex scientific queries.

In the biomedical domain, BioASQ [155] established a series of annual challenges for
biomedical semantic indexing and question answering that have served as standard evaluation
benchmarks for over a decade. More recently, ScholarQABench [4] introduced a benchmark
specifically designed to evaluate multi-paper scientific question answering, reflecting growing
recognition that real scientific queries often require synthesizing evidence across multiple
documents of varying formats.

Despite this progress, a persistent gap remains between the scale at which RAG systems
are evaluated (in the order of hundreds to a few thousands of documents) and the scale
at which they must operate to be scientifically useful (millions to hundreds of millions of
documents). PaperQA 2 and OpenScholar, for instance, both retrieve over dynamically
assembled corpora of at most a few hundred papers per query. Bridging this gap to millions
of preindexed documents requires not only algorithmic innovations in retrieval accuracy but
also systems-level engineering on high-performance computing infrastructure. This is the

central focus of this dissertation.

2.4 Document Parsing for Scientific Literature

The extraction of machine-readable text from scientific PDFs represents the first and of-
ten most error-prone stage of any scientific RAG pipeline. The Portable Document Format
(PDF) was designed for visual fidelity across devices, not for semantic accesibility [5]. Along-

side the raw content, a PDF file stores rendering instructions such as character positions,
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font specifications, drawing commands, etc. Counter-intuitively, the format does not feature
metadata on logical structure such as paragraphs, sections, citations, etc. As a result, content
extraction from PDFs poses a fundamentally underdetermined inverse problem. Scientific
documents only exacerbate this challenge with their dense arrangements of multi-column

layouts, mathematical notation, tables, figures, captions, footnotes, and reference lists.

2.4.1 Ezxtraction-Based Parsing

Extraction-based parsers such as PyPDF [3], PyMuPDF [2], and PDFMiner [1] leverage the
internal structure of PDFs to obtain text and metadata which they often output as struc-
tured text formats like XML. These tools access the text layer embedded within digital-
born PDFs which are documents were created digitally rather than scanned from paper.
Extraction-based parsing is CPU-bound and achieves high throughput-in our work, we ob-
served typically thousands of pages per second on a single CPU- because it involves only
string manipulation without GPU-bound neural network inference.

However, extraction-based approaches suffer from several innate limitations. First, they
rely on the presence of an embedded text layer, which is absent in scanned PDFs and may be
incomplete or corrupted even in digital-born PDFs. Second, their accuracy is sensitive to for-
matting errors within PDFs. These errors include, but are not limited to, misencoded fonts,
incorrect chapter mappings, and inconsistent whitespace—all of which can produce distorted
output. Third, extraction-based parsing is largely restricted to raw text and provides little or
no support for tables, figures, equations, and code blocks, which constitute an irreplaceable

portion of scientific content.
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Figure 2.3: Common failure modes in scientific context extraction from PDFs.

2.4.2  Neural Document Parsing

The advent of deep learning in computer vision has enabled a new generation of document
parsers that operate on the page images rather than PDF internals, thereby handling both
born-digital and scanned documents.

Nougat [18] (Neural Optical Understanding for Academic Documents), developed by
Meta, established the paradigm of end-to-end neural document parsing for scientific litera-

ture. Nougat uses a Swin Transformer [97| encoder to embed document page images and
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a mBART-based [95] text decoder to generate Markdown output, including mathematical
equations in LaTeX notation. By training on paired (page image, Markdown) data de-
rived from LaTeX sources on arXiv, Nougat learns to produce structured text that faithfully
represents the content of complex scientific documents.

Despite its strong performance, Nougat’s end-to-end architecture encodes entire pages
through the Vision Transformer’s quadratic attention mechanism which results in signifi-
cant computational overhead and limits the throughput to approximately 5-10 seconds per
page on an NVIDIA A100 GPU. At the scale of millions of documents, that throughput
becomes prohibitive without massive parallelization. More fundamentally, the monolithic
design processes all page elements through the same architecture, failing to exploit the fact
that different element types may benefit from specialized processing strategies. Subsequent
evaluations have confirmed that Nougat underperforms on isolated elements such as tables
and mathematical expressions when compared against modular alternatives [121].

Marker [33] takes a hybrid approach that combines extraction-based methods for simple
text regions with neural methods for complex elements. In its current form, Marker supports
a broad range of input formats and element types including tables, equations, inline mathe-
matics, code blocks, etc. However, Marker’s pipeline remains optimized for single-document
throughput rather than the massive batch-processing regime required for corpus-scale scien-
tific RAG.

As of writing, broader community has increasingly converged on modular pipeline archi-
tectures that address Nougat’s throughput and coverage limitations simultaneously. Recent
tools such as MinerU [160] and Docling [98] exemplify this approach by routing each detected
layout region (such as text, tables, figures, mathematical equations) to a specialized sub-
model with those sub-models executing in parallel. In response to the need for a standard-
ized evaluation benchmark for document parsing, Ouyang et al presented OmniDocBench

[121] which covers 1,651 PDF pages across 10 document types with 28 block-level annotation
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categories.

Despite these advances, no existing parser is simultaneously optimized for throughput at
supercomputing scale, multimodal coverage across the full range of scientific element types,
and adaptability to the heterogeneous quality of real-world scientific corpora. Moreover,
these approaches do not embody a scale-oriented design that aims to saturate thousands of

GPUs to achieve a throughput of thousands of PDFs per minute.

2.4.3 Adaptive and Hybrid Parsing

The observation that different documents require different parsing strategies motivated the
development of adaptive approaches. Siebenschuh et al. developed AdaParse [140], which
features a trained parser-selection model via direct preference optimization (DPO) on scien-
tist preferences over competing parser outputs. At inference time, AdaParse routes each doc-
ument to the parser most likely to produce high-quality output, achieving a 17x throughput
improvement over state-of-the-art parsers at 0.2% better accuracy on a diverse, manually-
curated benchmark of 1,000 scientific documents. The system runs on the Polaris supercom-
puter using Parsl for workflow orchestration, demonstrating adaptive parsing at leadership-
class computing scale.

The Oreo parser introduced in this dissertation (Chapter 3) takes a complementary ap-
proach: rather than selecting among parsers, Oreo decomposes the parsing pipeline into a
fast CNN-based layout detection stage and a targeted ViT-based text recognition stage, ap-
plying neural inference only where required. This compartmentalized design achieves both

high throughput and broad multimodal coverage.

2.5 Text Chunking Strategies

Once raw text has been extracted from scientific documents, it must be segmented into

chunks suitable for encoding and retrieval. This necessity is based on two equally important
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factors. First, the finite context lengths of LLMs require careful selection of the content that
will be included in the prompt. Even though recent advances in efficient attention techniques
[32, 31] have paved the path for models with over a million-token context lengths [49, 106],
certain scientific applications may still exceed these limits. Second, even when context
limits are not strictly exceeded, longer inputs do not guarantee better performance. Liu et
al. [94] reported a peculiar phenomenon where LLM accuracy degrades significantly when
relevant information appears in the middle of a long context rather than at its boundaries.
Coined lost in the middle phenomenon, this degradation persists even under conditions of
perfect oracle retrieval [42]. Figure 2.4 illustrates an unintended but informative result
from our own experiments that further supports the lost-in-the-middle phenomenon. In this
study, we examined how different encoders influence the cutoff boundaries used in semantic
chunking. Due to a misconfigured hyperparameter in ModernBERT [164], entire documents
were collapsed into single chunks. Consequently, the retrieval stage returned a small set
of full-length scientific papers (e.g., K = 10) rather than targeted passages. This shift in
retrieval granularity led to a consistent and substantial degradation in performance across
all evaluated LLMs. These findings motivate careful curation of prompt content rather than
indiscriminate context expansion.

The choice of chunking strategy has a direct and often underappreciated impact on RAG
system quality: chunks that are too small lack sufficient context for meaningful retrieval,
chunks that are too large dilute the specific information relevant to a query, and chunks
whose boundaries bisect a coherent argument or explanation can confuse both the encoder
and the generator. We continue our discussion with a survey of three families of chunking
strategies prominent in the literature today: layout-based chunking, fixed-window chunking,

and semantic chunking.
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Figure 2.4: Effect of chunking granularity on MCQA performance. A misconfigured semantic
chunking hyperparameter using ModernBERT embeddings [164| collapses entire documents
into single chunks, causing retrieval to return a small set of full-length papers rather than
targeted passages. When retrieving K = 10 such chunks (i.e., ten full papers), performance
degrades consistently across all evaluated LLMs, highlighting the importance of properly
calibrated chunking for effective retrieval-augmented reasoning.

2.5.1 Layout-Based Chunking

The most straightforward approach is to chunk text according to the structural boundaries
created by the author and identified during parsing: paragraph breaks, section headers, page
boundaries, or other formatting cues. Layout-based chunking has the advantage of aligning
chunk boundaries with authors’ own narrative structure. This strategy assumes that authors
structure their writing with intention, i.e., a paragraph typically develops a single idea, a
section covers a coherent topic, and a subsection addresses a specific aspect of that topic.
However, layout-based chunking suffers from two problems. First, the granularity of
structural elements varies enormously across documents and within a single document: a
methods section may contain a single dense paragraph spanning two pages, while a results
section may consist of many short paragraphs interspersed with figure references. This

variability produces chunks of wildly inconsistent length, complicating downstream encoding
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(which naively truncates chunks that exceed its context length limits) and retrieval (where
longer chunks dilute relevance signals)(Figure 2.4). Second, layout-based chunking is only
possible when the parser preserves structural information, which extraction-based parsers

often do not, and which even neural parsers may detect imperfectly.

2.5.2  Fized-Window Chunking

Fixed-window chunking segments text into chunks of predetermined length, typically mea-
sured in characters, words, or tokens. A common configuration uses sliding windows of
500-1000 characters with 50-100 characters of overlap between consecutive chunks. The
overlap ensures that concepts spanning a boundary are captured in at least one chunk.

Fixed-window chunking is simple, deterministic, and produces chunks of consistent length,
properties that simplify downstream processing. It is the default strategy in many main-
stream RAG frameworks, including early versions of LangChain [25] and Llamalndex [93].
However, its fundamental weakness is that boundary conditions are completely decoupled
from the semantic flow of the text. A fixed window may split a sentence in the middle,
separate a claim from its supporting evidence, or isolate an equation from its surrounding
explanation. These truncation artifacts degrade both encoding quality (the encoder produces
a representation of an incoherent fragment) and retrieval quality (the fragment may match
a query keyword without providing sufficient context to be useful).

Recursive character splitting, which is an improvement over fixed-window chunking, par-
tially mitigates this by attempting to split at paragraph boundaries first, then sentence
boundaries, then word boundaries, falling back to character boundaries only when the higher-
level splits produce chunks that exceed the target length. This approach produces more co-
herent chunks than naive fixed-window splitting but remains fundamentally driven by length

constraints rather than an awareness of the underlying semantic content.
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2.5.3 Semantic Chunking

As of writing, semantic chunking is arguably the most sophisticated and context-aware text
chunking algorithm in the literature. It places boundaries where the meaning of the text
shifts, producing variable-length chunks that each encompass a coherent, self-contained line
of thought. The core idea is to detect topic boundaries by measuring the semantic similarity
between consecutive text segments (buffers): where similarity drops sharply, a topic shift
has occurred, and a chunk boundary should be placed. Average chunk length is governed
by a hyperparameter called buffer size which adjusts the number of sentences to be treated
as an atomic unit. Chunks are constructed by merging buffers according to the following
procedure. First, all buffers are embedded with a (preferably fast and lightweight) encoder.
Then some mathematical measure of likeness such as cosine similarity or Euclidian distance
between each buffer’s embedding E'p; and its consecutive neighbor Ep, , is computed. This
yields a distribution of distances (or similarities). Another hyperparameter adjusts for the
percentile of this distribution that will be used as a cutoff, e.g., any pair of buffers that is
more than 95% percentile apart from each other will mark a chunk boundary. An overview
of the algorithm is depicted in Figure 2.5

To this day, the original inventor of the semantic chunking algorithm remains ambiguous.
Some accounts attribute the contribution to Kamradt [77] who mentioned a variant of the
logic during a tutorial video on YouTube in 2023, around roughly the same time when we
experimented with a similar concept during a summer internship (unaware of this video).
Regardless of the ambiguity in its origins, subsequent work has extended semantic chunking
in several directions. LLM-based boundary detection proposed by Chen et al. [27] prompts
a language model to identify topic shifts directly, capturing subtler transitions that might
be diluted in pooled embeddings — albeit, at a substantially higher computational cost.
Proposition-based chunking also introduced by the same authors decomposes text into atomic

single-fact statements, producing maximally fine-grained chunks but again, at a substantial
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Figure 2.5: A visual depiction of the semantic chunking algorithm.
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cost. Moreover, excessively fine-grained chunks lead to several downstream problems such
as limited total context covered by top K retrieved chunks, storage requirements associated
with increased number of embeddings in vector indexes, and myopic scopes that hinder
generator’s capability of synthesizing ideas across chunks.

The tradeoff between chunking quality and computational cost remains an active area
of research. Chapter 3 presents the semantic chunking algorithm developed and deployed
at supercomputer scale in HiPerRAG, which achieves content-adaptive boundaries at a cost
only marginally higher than fixed-window chunking and scales to millions of documents on

leadership-class supercomputers.
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2.6 Neural Information Retrieval and Metric Learning

2.6.1 Dual Encoders and Cross-Encoders

The design space for neural retrieval models spans a spectrum from dual encoders (which
independently encode queries and documents) to cross-encoders (which jointly encode query-
document pairs).

Dual encoders, such as those we discussed in the context of Dense Passage Retrieval
(DPR) [79], compute query and document representations independently, enabling efficient
nearest neighbor search through precomputation and caching of document embeddings. The
computational cost of retrieval is O(d) per query-document comparison (where d is the em-
bedding dimensionality) plus the cost of the ANN search itself. However, the independent
encoding means that the document representation cannot adapt to the specific query, po-
tentially missing fine-grained relevance signals.

Cross-encoders [117] jointly encode the concatenation of query and document through
a Transformer, allowing full attention between query and document tokens. This produces
much more accurate relevance scores but at prohibitive computational cost: every query-
document pair requires a full forward pass through the model, making cross-encoders im-
practical for retrieval over large corpora. In practice, cross-encoders are used as rerankers:
a dual encoder retrieves a candidate set of K documents (typically K = 100-1000), and the
cross-encoder reranks these candidates.

The trade-off between the efficiency of dual encoders and the accuracy of cross-encoders
motivates intermediate architectures, of which ColBERT’s [80] late interaction mechanism

(discussed in Section 2.6.4) is arguably the most influential.
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2.6.2  Nawvigating the Scale vs Specificity Trade-off in Scientific Text Encoders

The choice of encoder is one of the most defining decisions for the overall performance of
scientific RAG, and the design space presents a fundamental trade-off between the scale of

general-purpose models and the domain specificity of smaller, specialized models.

Domain-specific encoders. The earliest approach to improving retrieval on scientific text
was to pretrain encoder models on domain-specific corpora. SciBERT [17] (110M parame-
ters), pretrained on 1.14 million papers from Semantic Scholar, established that domain adap-
tation yields consistent improvements on scientific NLP tasks. PubMedBERT [56] (110M
parameters) went further by pretraining from scratch exclusively on PubMed text, demon-
strating that domain-pure pretraining outperforms continued pretraining from a general-
domain checkpoint. SPECTER [30] (110M parameters) adapted SciBERT for document-
level similarity by training on citation-based triplets: if paper A cites paper B but not paper
C, then A and B should be closer in embedding space than A and C'. This citation-aware
training produced embeddings that capture the relational structure of scientific literature,
yielding strong performance on tasks such as recommendation, classification, and search.
SPECTER2 [143] extended this approach with adapters for different tasks, recognizing that
a single embedding space cannot simultaneously optimize for all downstream uses.

In the era of trillion-token, trillion-parameter frontier models, domain-specific encoders
can be considered small-—even tiny— at 110M parameters and 768-dimensional embeddings,
trained on corpora that are comprehensive within their niche but minuscule relative to web-
scale data. Nevertheless, they compensate for their lack of breadth through the depth of
their highly focused training, which exposes them to even the most obscure intricacies of
the underlying science captured in the outliers of their token distribution. Despite potential
shortcomings in cross-disciplinary associations or global scientific patterns, they can perform

remarkably well when chosen with a specific domain application in mind.
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General-purpose encoders. The alternative is to use general-purpose text embedding
models trained on diverse, large-scale data. SFR-Embedding-Mistral [134], a model that
we widely study in this dissertation, fine-tunes the E5-Mistral-7B backbone with transfer
learning across retrieval, clustering, and classification tasks, achieving strong zero-shot per-
formance across domains including science. NV-Embed-v2 [86], also with 7B parameters,
improves upon this by removing the causal attention mask, introducing a latent attention
pooling layer, and applying a two-stage contrastive instruction-tuning recipe.

The Massive Text Embedding Benchmark (MTEB) leaderboard-the premier evaluation
platform for encoder performance across model sizes, modalities, domains, and tasks [110]-
attracts a vibrant research community of representation learning researchers. As of early
2026, proprietary multimodal models and larger open-weight encoders are in the lead, en-
forcing the de-facto established lessons that scale and instruction tuning transfer effectively
to retrieval, and fine-tuning on domain-specific pairs yields further gains beyond what scale
alone provides. The latter observation directly motivates the ColTrast fine-tuning approach

introduced in Chapter 3.

The tradeoff in practice. In our experiments (Chapter 3), we find that domain-specific
encoders such as PubMedBERT [56] outperform general-purpose encoders of similar size
on domain-specific retrieval benchmarks, but that large general-purpose encoders (SFR-
Embedding-Mistral) can close the gap through scale alone. The ColTrast fine-tuning algo-
rithm introduced in this dissertation addresses this tradeoff directly: by fine-tuning a large
encoder backbone (SFR-Embedding-Mistral with its 7B parameters) on scientific question-
passage pairs with a combined contrastive and late-interaction objective, ColTrast produces
an encoder that inherits the scale advantages of general-purpose models while acquiring the

domain specificity and query-awareness needed for scientific retrieval.
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2.6.3 Contrastive Learning for Text Encoders

The training of text encoders for retrieval relies on metric learning, which is the task of
learning a distance function over a representation space such that semantically similar items
are projected close together and dissimilar items are projected far apart. The dominant
approach is contrastive learning, which trains the encoder to discriminate between positive
(relevant) and negative (irrelevant) query-document pairs.

The InfoNCE loss [118], originally proposed for self-supervised representation learning,

has become the standard objective for contrastive learning:

exp(sim(hg, h+)/7)
exp(sim(hg, hy+)/7) + 21]11 exp(sim(hy, hdi_)/T)

LinfoNcE = —1og (2.5)
where hg, h;+, and h d- are the encoder representations of the query, positive document,
and i-th negative document, respectively; sim(+,-) denotes cosine similarity; and 7 is a tem-
perature parameter that controls the sharpness of the contrastive distribution.

The temperature parameter 7 plays a critical role in training dynamics. Small 7 values
sharpen the distribution, concentrating gradient mass on the hardest negatives and enabling
fine discrimination but risking training instability. Large 7 values flatten the distribution,
promoting stable training but weakening the discriminative signal. The choice of 7 is not
cosmetic but has measurable impact on downstream retrieval quality [161].

The quality of contrastive learning also depends critically on the method of negative
sampling (selection of negative examples). Random negatives are easy to discriminate and
provide noisy and weak gradients. It is hard negatives, i.e., passages that suggest relevance
through their semantic similarity to the query but are not actually relevant, who provide
stronger learning signals. Xiong et al. [171| demonstrated that mining hard negatives via
approximate nearest-neighbor search during training substantially improves retrieval quality

compared to static or random negative sampling. In the same vein, Sentence-BERT|[131]
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applied contrastive learning to produce sentence embeddings suitable for semantic similar-
ity tasks, establishing the popular ’sentence transformer’ paradigm that underlies much of
modern text retrieval. Subsequent work, including E5 [162] and GTE [90], has scaled sen-
tence transformers to larger backbone models and more diverse training data, pushing the

boundaries of embedding quality for general-purpose retrieval.

2.6.4 Late Interaction: ColBERT

While dual-encoder models compress each query and document into a single vector, this early
pooling discards fine-grained token-level information that may be essential for determining
relevance. Khattab and Zaharia [80] proposed ColBERT, which retains per-token embed-

dings for both queries and documents and computes relevance via a MaxSim operation:

lq|

S(q,d) = 2; rjllém'i; EyEq, (2.6)
where Eg4, and Edj are the contextualized embeddings of the i-th query token and j-th doc-
ument token, respectively. For each query token, the maximum similarity to any document
token is computed, and these maxima are summed to produce the final relevance score. This
“late interaction” mechanism preserves token-level alignment, capturing, for instance, that
the query token “BRCA1” should align specifically with mentions of BRCAT1 in the document

rather than being diluted into a single-vector representation of the entire passage.
ColBERT achieves a favorable precision—efficiency tradeoff between full cross-encoder
reranking (subsection 2.6.1) and dual-encoder retrieval. Document token embeddings can be
precomputed and stored, so the per-query cost is proportional to the number of query tokens
times the number of candidate document tokens (in the reranking stage) rather than the
size of the entire corpus. ColBERTv2 [136| refined the approach with residual compression

(reducing the storage overhead of per-token embeddings) and denoised supervision (using a
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cross-encoder to generate training targets).

The ColTrast objective introduced in this dissertation (Chapter 3) synthesizes the strengths
of contrastive learning and late interaction. By jointly optimizing an InfoNCE contrastive
loss on pooled embeddings and a MaxSim late-interaction loss on per-token embeddings,
ColTrast trains encoders whose pooled representations benefit from the fine-grained align-
ment enforced by the MaxSim objective during training. At inference time, only the pooled
embeddings are used, preserving the efficiency of standard dense retrieval while achieving

representational quality that approaches late-interaction models.

2.7 Evaluation of LLMs and RAG Systems

2.7.1 Scientific QA Benchmarks

The evaluation of language models on scientific tasks has relied on a succession of benchmarks
whose difficulty and specificity increased in parallel to the sophistication and capabilities of
frontier LLMs.

As one of the earliest scientific NLP benchmarks which predates the concept of an LLM,
SciQ [168] provides 13,679 crowdsourced science exam questions spanning physics, chemistry,
and biology, each with their supporting passages. While SciQ is useful for evaluating general
scientific knowledge, its questions are typically at the undergraduate level and do not call
for the deep domain expertise necessary for cutting-edge scientific research.

PubMedQA [74] targets biomedical question answering with 1,000 expert-annotated ques-
tions derived from PubMed abstracts. Each question asks whether a yes/no/maybe answer
is supported by a given abstract, testing the model’s ability to interpret biomedical evidence.

MMLU [62] (Massive Multitask Language Understanding) encompasses 57 subject areas
at varying difficulty levels, including several science subjects (anatomy, astronomy, biology,

chemistry, etc.). MMLU has become one of the most widely used benchmarks for evaluating

46



general LLM capability, though its breadth comes at the cost of depth in any single domain.
Moreover, there is strong evidence that, at this point, most of its content has leaked into the
pretraining data of contemporary LLMs [88].

In the scientific literature domain, LitQA [84] provides expert-annotated questions that
require information from full-text articles, testing whether RAG systems can extract and
reason over evidence buried in scientific papers. ScholarQABench [4] extends this to multi-
paper question answering, requiring synthesis across multiple sources.

At the edge of the difficulty spectrum reside benchmarks that prioritize innate reason-
ing and problem-solving capabilities over searching, retrieval, and interpretation skills. As
one such example, GPQA [132] (Graduate-Level Google-Proof Q&A) targets expert-level
questions in biology, physics, and chemistry that are specifically designed to be unsolvable
via a Google web search by non-experts, requiring genuine domain understanding rather
than information retrieval. A harder subset, GPQA Diamond [132], filters for only the most
consistently difficult questions (defined as those those answered correctly by fewer than one-
third of domain experts who are not the question authors) serving as a higher-stakes probe
of genuine scientific reasoning at the frontier of human competence.

Humanity’s Last Exam [124] (HLE) pushes this further still, crowd-sourcing 2,500 ques-
tions across mathematics, the natural sciences, and the humanities, each verified to be un-
ambiguous, precisely graded, and resistant to internet retrieval. Developed by a globally
distributed consortium of subject-matter experts, HLE was explicitly designed as a bench-
mark that current models cannot saturate: at the time of release, state-of-the-art models
achieved well under 10% accuracy, compared to approximately 90% for human domain ex-
perts. As of today, the highest performing LLMs are proprietary closed-source models and
they remain under 45%.

Most recently, ATLAS [92] (AGI-Oriented Testbed for Logical Application in Science)

introduces a large-scale, contamination-resistant evaluation suite of approximately 800 origi-
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nal problems spanning seven scientific disciplines—mathematics, physics, chemistry, biology,
computer science, earth science, and materials science—all authored or substantially adapted
by PhD-level domain experts. Unlike multiple-choice benchmarks, ATLAS requires open-
ended answers with multi-step derivations in LaTeX, making it substantially harder to game

and more faithful to the demands of real scientific inquiry.

2.7.2 The Benchmark Contamination Crisis

The reliability of existing benchmarks has come under increasing scrutiny due to benchmark
contamination wherein the questions and answers in the benchmark leak into pretraining
corpora through the internet. As benchmarks are published and shared online, their items
become part of the web text that is subsequently crawled to create training datasets, artifi-
cially inflating performance estimates and undermining the real-life validity of evaluation.

Li et al. [88] documented striking contamination rates across major benchmarks: C-Eval
(45.8% contaminated), MMLU (29.1%), ARC-Challenge (28.7%), and HellaSwag (12.4%).
These rates have increased over time as benchmark items propagate online and are absorbed
into successive generations of training corpora.

Deng et al. [37] provided behavioral evidence of contamination through a creative exper-
imental design: they removed one answer option from multiple-choice questions and asked
models to guess which option was removed. We find it necessary to open up a parenthesis
here in order to emphasize the impact of the finding. The removed option was not necessarily
the correct option which a well-trained frontier model can predict even if it was not included
in the options. Rather, correctly predicting a missing wrong option implies that the model
has memorized that wrong option since it can not be expected to correctly guess the wrong
answer among countless possibilities. Therefore, the authors conclude that the model has
seen the question in its contaminated pretraining data. On MMLU, GPT-4 achieved 57%

accuracy and ChatGPT achieved 52% accuracy on this prediction task, both figures are far
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above the 25% random chance baseline expected if the model had not memorized the specific
answer set. This result is consistent with pretraining exposure to the exact benchmark items.

We posit that the findings of Li et al. and Deng et al. discussed above are expected
manifestations of the fundamental problem motivating this dissertation. As we have already
argued, the rate of scientific output has long surpassed any individual researcher’s capacity
to ingest and process new information, and the rapid, widespread adoption of LLMs as
research assistants will only widen this gap. In these circumstances, continuing to rely
on human expertise for scientific benchmark generation is nothing short of pitting humans
against machines: low-throughput, expert-curated benchmarks will inevitably be outpaced
by increasingly data-hungry models, making benchmark contamination not an anomaly to
be corrected, but a structural inevitability to be designed around.

These findings have profound implications for the interpretation of LLM performance
claims and motivate the development of automated benchmark generation pipelines that
can produce domain-specific, provenance-tracked evaluation sets at scale. Such pipelines
would enable the scientific community to generate custom benchmarks that are guaranteed
to be unseen by any model at the time of evaluation. Chapter 4 presents our contribution

in this direction.

49



2.8 High-Performance Computing for Al

The computational demands of modern Al workloads have increasingly intersected with the
capabilities of leadership-class supercomputers. This section surveys the HPC systems and

software infrastructure relevant to this dissertation.

2.8.1 Leadership-Class Systems

The Argonne Leadership Computing Facility (ALCF) operates several systems relevant to
this work. Polaris, a 44-petaflop system, is equipped with 560 nodes, each containing four
NVIDIA A100 GPUs (2,240 GPUs total), providing a testbed for GPU-accelerated Al work-
loads. Sunspot, when we conducted this research, served as a testbed for the then-upcoming
Aurora exascale system, equipped with Intel Data Center GPU Max 1550 (“Ponte Vecchio”)
accelerators. Aurora, which came online in 2024, delivers over 2 exaflops of peak Al perfor-
mance using over 60,000 Intel GPU Max series accelerators across 10,624 nodes, making it
one of the most powerful systems in the world for Al workloads.

The Oak Ridge Leadership Computing Facility (OLCF) operates Frontier, the first system
to break the exascale barrier, equipped with AMD MI250X accelerators. Frontier provides
approximately 1.7 exaflops of peak double-precision performance and over 6 exaflops of

mixed-precision Al performance across 9,408 nodes.

2.8.2  Workflow Orchestration

Parsl [11] (Parallel Scripting Library), developed at the University of Chicago (Globus Labs)
and Argonne National Laboratory, provides the workflow orchestration layer used through-
out this dissertation. Parsl is a pure-Python library that enables the expression of complex
dataflow patterns through Python function decorators and their execution across heteroge-

neous computing resources. It abstracts away the tedious details of job scheduling, data
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staging, resource provisioning, and fault tolerance, allowing researchers to express their
computational workflows in familiar Python syntax while achieving efficient execution on
leadership-class systems.

For the workloads in this dissertation, Parsl manages the distribution of PDF parsing
tasks across GPU nodes (with warm-starting of neural models to avoid repeated model
loading), the parallelization of semantic chunking across CPU nodes, the distributed training
of ColTrast encoders across multi-GPU nodes, and the parallel execution of encoding and
indexing operations. The ability to express all of these diverse workload patterns within a

single workflow framework has been essential for the scaling experiments we present.

2.8.8  Distributed Training

Training large models across multiple GPUs requires careful orchestration of computation
and communication. Data parallelism [89] replicates the model on each GPU and distributes
the training data across replicas, synchronizing gradients after each forward-backward pass.
Model parallelism [138] distributes the model’s parameters across GPUs, enabling the train-
ing of models that exceed the memory capacity of a single device. Pipeline parallelism [112]
combines elements of both by partitioning the model into stages and overlapping computa-
tion and communication across micro-batches.

For the ColTrast encoder training in this dissertation, we employ data parallelism with
QLoRA [38] (Quantized Low-Rank Adaptation), which quantizes the pretrained model weights
to 4-bit precision and trains low-rank adapter matrices in full precision. This approach re-
duces the memory footprint of fine-tuning a 7B-parameter model from approximately 28 GB
to approximately 6 GB per GPU, enabling training on the A100 and Intel Max series GPUs
available on ALCF systems. The distributed contrastive loss computation, which gathers
embeddings across all workers to maximize the effective batch size, is implemented using

PyTorch’s distributed communication primitives.
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CHAPTER 3
HIPERRAG: HIGH-PERFORMANCE
RETRIEVAL-AUGMENTED GENERATION FOR SCIENTIFIC
INSIGHTS

This chapter presents HiPerRAG, a distributed high-performance computing workflow for
retrieval-augmented generation over scientific literature at the scale of millions of documents.
The material in this chapter is based on Gokdemir et al. [52], published at the Proceedings
of the Platform for Advanced Scientific Computing Conference (PASC ’25). In the following
sections, we expand upon the published work with additional detail on design decisions,

algorithmic specifics, and the translational applications of the system.

3.1 Introduction and Motivation

The challenges outlined in Chapter 1, i.e., parsing scientific documents, optimizing retrieval
accuracy, evaluating RAG on scientific literature, and scaling to exascale infrastructure, col-
lectively motivated the development of HiPerRAG. At its core, HiPerRAG embodies a simple
proposition: that high-performance computing infrastructure, combined with algorithmic in-
novations in document parsing and neural information retrieval, can yield RAG systems that
outperform both domain-specific models and state-of-the-art commercial LLMs on scientific
question-answering tasks, and do so without requiring any fine-tuning of the generator model.

The proposition is significant because it inverts the conventional wisdom about how to
improve LLM performance on scientific tasks. The dominant paradigm in the field has been
to build ever-larger models or to fine-tune existing models on domain-specific data. Both
approaches are expensive, both risk catastrophic forgetting, and both produce models whose
knowledge is static at the point of training. HiPerRAG demonstrates an alternative path:

keep the generator model frozen and general-purpose, and invest instead in the quality of
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the retrieval infrastructure that equips the model with relevant evidence at inference time.
HiPerRAG indexes more than 3.6 million scientific articles sourced from bioRxiv, arXiv,
and select journals. The system scales every component of the RAG pipeline, i.e., parsing,
chunking, encoding, and retrieval, to thousands of accelerators across three leadership-class
supercomputing platforms: Polaris at the Argonne Leadership Computing Facility (ALCF),
Sunspot at ALCF, and Frontier at the Oak Ridge Leadership Computing Facility (OLCF).
The remainder of this chapter is organized as follows. Section 3.2 presents the detailed
design of HiPerRAG’s components: the Oreo document parser, the semantic chunking algo-
rithm, the ColTrast encoder fine-tuning objective, the indexing and retrieval infrastructure,
and the warmstart optimization that enables efficient distributed execution. Section 3.3
introduces the science-specific evaluation benchmarks developed for this work. Section 3.4
presents experimental results on document parsing quality, encoder retrieval accuracy, and
end-to-end scientific question-answering performance. Section 3.5 details the scaling ex-
periments on the three supercomputers. Section 3.6 surveys downstream applications of
HiPerRAG in agentic scientific discovery workflows. Section 3.7 discusses the implications

and limitations of the work.

3.2 System Design

Figure 3.1 depicts the high-level HiPerRAG workflow. A scientific corpus in PDF format
enters the pipeline through Oreo, which extracts structured text from each document. The
extracted text is segmented into semantically coherent chunks, which are encoded into dense
vector representations by the ColTrast-finetuned encoder. These embeddings are indexed in
a Faiss vector database. At query time, the user’s question is encoded with the same encoder,
nearest-neighbor chunks are retrieved, and the retrieved chunks are presented to a generator
LLM alongside the original query to produce a grounded response. We now describe each

component in detail.
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Figure 3.1: The HiPerRAG workflow. We implement a novel PDF parsing approach, namely
Optical Recognition with Eclectic Output (Oreo), that takes into account the intrinsic for-
matting of multi-layout scientific manuscripts. We then design a query-aware encoder fine-
tuned on scientific literature that semantically organizes the data into relevant chunks, which
can be retrieved on a per-query basis. Both these innovations enable us to achieve compu-
tational efficiency and retrieval performance at scale.

3.2.1 Oreo: Optical Recognition with Eclectic Qutput

The first stage of the HiPerRAG pipeline is document parsing: converting raw PDF files of
scientific articles into structured, machine-readable text. As discussed in Section 2.4, existing
approaches to this task present a tradeoff between throughput and accuracy that none has
resolved. Extraction-based parsers are fast but inaccurate and limited to text. End-to-end
neural parsers are accurate and multimodal but computationally expensive. We introduce
Oreo (Optical Recognition with Eclectic Output), a layout-aware multimodal parser that
achieves the throughput of extraction-based methods together with the accuracy and multi-

modal coverage of neural approaches.
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Architecture

Oreo operates in two stages, decomposing the parsing problem into layout detection and

content recognition. Figure 3.2 depicts the overall workflow.

Stage 1: Layout Detection. Each page of a PDF is rendered as an image and passed
through a YOLOv5 [130, 156] object detection model trained to identify regions of differ-
ent content types. The model detects 20 categories of document elements, including text
paragraphs, section headers, tables, table captions, figures, figure captions, mathematical
equations, code blocks, references, and page metadata such as headers, footers, and page
numbers. This stands in contrast to existing parsers: Marker [33] supports 3 categories
(text, tables, equations), while Nougat [18] does not perform explicit layout detection and
instead processes the entire page as a single image. Oreo’s fine-grained layout detection en-
ables category-specific processing strategies for each region and allows the pipeline to handle
the diverse formatting conventions of different publishers and journals.

The choice of YOLOvV5, a convolutional neural network, over a Vision Transformer for
layout detection is deliberate. CNNs excel at the localization task of identifying bounding
boxes of document elements while being substantially faster than ViTs of comparable accu-
racy. Layout detection does not require the long-range attention patterns that make ViTs
powerful for image understanding; it requires fast, accurate bounding-box regression, which

is the native strength of the YOLO architecture.

Stage 2: Content Recognition. Once layout detection has identified the bounding boxes
of individual elements, the content of each text region is extracted using Texify, a Vision
Transformer framework for image-to-text conversion. By restricting the ViT’s attention
to individual regions rather than entire pages, Oreo achieves a substantial reduction in
computational cost. The quadratic scaling of self-attention (O(n?)) means that processing

a full page image (e.g., 1024 x 1024 patches) is far more expensive than processing k smaller
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Figure 3.2: Parsing workflow for scientific PDFs. Oreo allows content-aware extraction of
information from large-scale PDF collections by combining a YOLO-based layout detector
with the Texify Vision Transformer for content-specific extraction. The two-stage design
produces a 4.5x speedup over Nougat [18] and a 94.6x improvement in FLOP utilization,
while supporting 20 categories of document elements.

regions of average size n/k. Specifically, the total cost of processing k regions of size n/k is
k- O((n/k)?) = O(n?/k), which is k times cheaper than processing the full page.

This compartmentalized design produces a 4.5x speedup over Nougat and a 94.6x im-
provement in FLOP utilization, while supporting 20 categories of document elements com-
pared to Nougat’s full-page approach. Oreo is implemented in Python with PyTorch as
the deep learning backend. The YOLOv) layout detection model is trained on a dataset of
annotated scientific document pages from diverse publishers, and the Texify content recog-
nition model operates on cropped region images, producing Markdown output with LaTeX

notation for mathematical content.

3.2.2  Semantic Chunking

Raw parsed text must be segmented into self-contained chunks suitable for retrieval. The
choice of chunking strategy has a direct impact on retrieval quality. Chunks that are too
small may lack sufficient context for meaningful retrieval, while chunks that are too large
may dilute the specific information relevant to a query. We adopt the semantic chunking
algorithm introduced in Section 2.5.3, which produces variable-length chunks by detecting
topic boundaries in the text. The algorithm uses SFR-Embedding-Mistral [134] to encode

overlapping sentence buffers, computes cosine similarities between consecutive buffer em-
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beddings, and introduces a chunk boundary wherever consecutive embeddings fall below the

K-th percentile of all pairwise similarities. We use K = 5 throughout this work, i.e., a chunk

boundary occurs only where consecutive buffers are maximally dissimilar, indicating a topic

shift.

Algorithm 1 Semantic Chunking

Require: Sentences S = {s1, s9,..

Ensure: Set of semantic chunks C

—_ =
_= O

12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:

// Step 1: Construct buffers
for i + 1 ton do

_ min(n, i+w) ‘
Bi « Uj:max(Li—w) 5j

end for
// Step 2: Embed buffers
for 1 < 1 ton do
ep, < ENCODE(B;)
end for
// Step 3: Compute pairwise cosine distances
for 1 < 1 to ngl'deo
41— B " ©Bii1
les;|l les;, |l

end for
// Step 4: Determine boundary threshold
T <= PERCENTILE({dq,do,...,dy_1}, D)
// Step 5: Place boundaries and build chunks
C+{}, cour + 51
fori<1ton—1do
if d; > 7 then
C «+ CU{ccur}
Ceur < Si+1
else
Ceur < Ceur U Sj41
end if
end for
C «+ CU{ccur}

return C

., $n}, buffer size w, percentile threshold p

> Append final chunk

This algorithm has several desirable properties.

First, it is content-adaptive: chunk

boundaries are determined by the semantic structure of the text rather than by arbitrary

character or token counts. Second, it is parameterized by a single threshold (K), which
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controls the granularity of chunking. Lower values of K produce fewer, larger chunks, while
higher values produce more, smaller chunks. Third, it is embarrassingly parallel: each
document’s text can be chunked independently, enabling linear scaling across compute nodes.

Applied to the 3.6 million documents in the HiPerRAG corpus, the semantic chunking

algorithm produces over 16 million chunks.
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Figure 3.3: Encoder /retrieval workflow using the ColTrast loss method. (A) Training using
ColTrast combines a local token-level late-interaction loss with a contrastive loss operating
on gathered embeddings. (B) Details of the late-interaction loss, where each token in the
question/query is compared to each document. (C) Inference-time workflow. Each question
is embedded and used in similarity search to extract relevant chunks from the scientific
database.

3.2.3  ColTrast: Query-Aware Encoder Fine-Tuning

The retrieval accuracy of a RAG system depends critically on the quality of the encoder’s
vector representations. As discussed in Section 2.6.2, general-purpose encoders trained pre-
dominantly on web text produce embeddings that may not capture the semantic nuances of

scientific content. We develop ColTrast (Contrastive + Late-Interaction Training), a novel
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fine-tuning algorithm that combines contrastive learning with late-interaction techniques to

produce embedding representations tailored to scientific queries.

Design Decisions

The major determinants of retrieval performance are the similarity metric and the embedding
quality, which is in turn determined by model size, loss function, and training data. We note
that many of these performance determinants are double-edged: cutting back computation
and improving scaling often comes at the cost of retrieval accuracy and vice versa. We
identified several places where we could improve accuracy with no or minimal loss of scaling

performance, as described below.

Similarity metric: token-by-token vs. pooled embeddings. Although ColBERT
(Section 2.6.4) is a performant retriever in terms of retrieval accuracy, its late-interaction loss
involves a token-by-token comparison that scales as the product of the numbers of tokens in
the document chunk and query. For a large-scale vector store with billions of chunks of text,
these scaling barriers become impractical. We therefore replace the token-by-token similarity
metric with cosine similarity on the pooled embeddings at inference time. Normally, this
would lead to performance degradation. We describe in the following how we overcome this

problem by enhancing the accuracy of the embedding model.

Embedding performance: model size. For a well-trained model, model size is often a
primary determinant of model performance. While BERT-style models such as ColBERT
perform well on embedding tasks, especially for their size (~110M parameters), billion-
parameter GPT-style models have started to surpass moderate BERT-style models on the
embedding leaderboard. At the time of writing, a 7B-parameter GPT-style model named
SFR-Embedding-Mistral [134] has the best overall performance on embedding tasks. It is

therefore likely that SFR-Embedding-Mistral is a good basis for enhancing the performance
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of our similarity metric that uses pooled embeddings.

Embedding performance: loss function. Fine-tuning on relevant tasks can enhance
performance. However, increasing the model size by 70x relative to BERT limits our batch
sizes and requires model sharding across GPUs, both of which hurt our ability to fine-tune
the embedding representation. To resolve these issues, we fine-tune the 8-bit version of
SFR-Embedding-Mistral using QLoRA [38] with a batch size of 24 per GPU. Since there
is no need for model sharding, we can use simple data parallel approaches (e.g., ZeRO-1)
and achieve linear scaling up to 400 nodes (1,600 GPUs) of the Polaris supercomputer (see

Section 3.5 for details).

Training Objective

We use a combination of contrastive loss and late-interaction loss to fine-tune our embedding
models. Contrastive loss benefits from large batch sizes [12]|. Naively increasing batch size by
reducing loss from all ranks and applying contrastive or late-interaction (LI) loss is limited
by dense embeddings becoming large with increased world size, an effect that affects LI more
acutely than contrastive losses. We therefore apply LI loss to the local rank only due to its
memory and computational demands. For the contrastive loss, pooled embeddings from
all ranks are gathered, and loss is calculated with the local rank compared to min(N, W)
samples, where N is the maximum to consider and W is the total samples across all ranks.

The total loss per iteration is
L+ Lo

L 5 :

(3.1)

where L1 1 is the maxsim loss (Equation (2.6)) and L is the contrastive loss (Equation (2.5)).Figure 3.3
illustrates the resulting ColTrast training and inference workflow. Following this fine-tuning
algorithm produces an embedding representation that clusters related scientific concepts

(Section 3.4.2).
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Training Data

We fine-tune ColTrast on three scientific paper datasets that we curated, totaling 82,750
papers. These papers span diverse topics, including low-dose radiation and cancer biology,
antimicrobial peptide literature, and SARS-CoV-2 research. The high-level composition of
the combined dataset is summarized in Table 3.1, and the sub-domain distribution of the

antimicrobial peptide dataset is illustrated in Figure 3.4 for additional clarity on its diversity.
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Figure 3.4: Sub-domain distribution of the antimicrobial peptide dataset for ColTrast fine-
tuning. The corpus spans bioactivity, antibiotic resistance, peptide structure and modifica-
tion, nanotechnology applications, immune-system interaction, and gene therapy, illustrating
the breadth of biomedical sub-domains over which the encoder is fine-tuned.

To enhance the effectiveness of our retrieval system, we apply the semantic chunking
algorithm of Section 3.2.2 to the text of these papers. Such organization of text before
vectorization is widely recognized to improve the precision and relevance of retrieved doc-
uments. For each semantic chunk created, we then employ Mistral-7B-Instruct-v0.2 [70] to

generate a high-level question that uses the chunk as a reference or resource for its answer.
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Table 3.1: Composition of the ColTrast fine-tuning dataset. Three scientific paper collections
covering peptides, cancer biology, and SARS-CoV-2 research, totaling 82,750 papers and
851,900 semantic chunks, are used to generate 455,894 question-chunk pairs for fine-tuning.

Domain PDF Count Chunk Count Generated Questions

Peptides 10,124 123,685 70,866
Cancer 18,034 208,803 114,535
COVID-19 54,592 519,412 270,493
Total 82,750 851,900 455,894

This process results in a collection of 455,894 question-chunk pairs, collectively referred to
as the ColTrast fine-tuning dataset (Table 3.1). This structured approach not only improves
the efficiency of our retrieval system but also significantly enhances the quality of generated

questions, facilitating more accurate and contextually relevant responses.

3.2.4 Indexing and Retrieval

The encoded chunks are indexed using Faiss [41] for efficient approximate nearest-neighbor
(ANN) search. We use an IVF-PQ (Inverted File with Product Quantization) index, which
partitions the embedding space into Voronoi cells and compresses each embedding using
product quantization. This index type provides a favorable tradeoff between search speed,
memory consumption, and recall.

At query time, the user’s question is encoded with the same ColTrast-finetuned encoder,
and the top-k nearest neighbors (k = 5 by default) are retrieved via cosine similarity. The
retrieved chunks, along with their source document metadata (title, authors, DOI), are
presented to the generator LLM in a structured prompt template alongside the question.
The generator LLM is Mixtral-8x7B-Instruct [71], a mixture-of-experts model that activates
approximately 13B parameters per token while maintaining a total parameter count of 47B.
We choose Mixtral for its favorable quality-to-cost ratio: it achieves performance competitive

with much larger dense models at substantially lower inference cost due to sparse activation.
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Table 3.2: Semantic chunking model load times on Polaris and Sunspot increase at larger
scales. The 2- and 128-node values correspond to Polaris, while the 4- and 96-node values
correspond to Sunspot. All times are in seconds.

Nodes
System 2 /4 32 64 96 / 128 256

Polaris 36 £21 88 £ 28 114 £24 130+£23 362+ 88
Sunspot 172473 218 £107 209+ 160 535+5 —

3.2.5 Distributing HiPerRAG with HPC' and Warmstart Optimization

We use the Parsl parallel programming library [11] to distribute the execution of our PDF
parsing, semantic chunking, chunk encoding, and question sampling workflows. Parsl sup-
ports execution across diverse HPC resources and schedulers and has been shown to scale
to hundreds of thousands of workers and thousands of tasks per second. However, standard
Parsl assumes that tasks are pure functions, which is not conducive to persisting shared data
structures, such as ML models, between tasks. For example, loading models for semantic
chunking is an I1/O-heavy operation and takes longer when more nodes read the same weight
files concurrently: nearly nine minutes at worst, as shown in Table 3.2.

We therefore implement a model registry that makes Parsl workers stateful actors that
can persist a shared state across task invocations. The registry is implemented as a module-
level global singleton variable that caches the return result of a Python function or class
initialization in a dictionary using a hash of the arguments and keyword arguments as a
unique key. The registry permits only one object at a time. Before a new object is created
and registered, any existing object is automatically destroyed to free up shared resources,
such as GPU memory [22]. In our use case, the registry captures a reference to the model
upon its first initialization within a worker process (cold start), then returns the cached model
for all subsequent task invocations (warm start). This method enhances system utilization
by minimizing 1/O overheads, amortizing the cost of model loading, and keeping the model
in device memory (e.g., CUDA memory) to reduce memory transfers from host to device.
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3.3 Science-Specific Evaluation Benchmarks

Question-answering (QA) datasets are pivotal for both training and evaluating LLMs in
various scientific domains. These benchmarks are especially valuable for gauging a model’s
depth of domain-specific knowledge, its ability to understand intricate questions, and its
proficiency in quantifying uncertainty during the generation of open-ended responses. As
discussed in Section 2.7, existing scientific QA benchmarks are valuable but limited in scope
and domain coverage. We introduce three new evaluation resources designed to test HiPer-

RAG on domain-specific biomedical tasks.

ProteinInteractionQA (7591 Q/A pairs). We compiled a dataset of 16,009 antimicro-
bial peptides from three sources: the Antimicrobial Peptide Database (APD), the Database
of Antimicrobial Activity and Structure of Peptides (DBAASP), and the Database of An-
timicrobial Resistance Peptides (DRAMP). For each peptide, we used the UniProt API
to retrieve data on proteins that interact with them. This effort identified 7,591 peptides
with known interactants. Using the instruction-tuned Mistral7B model [70], we generated
multiple-choice questions from this experimentally validated data. The resulting task poses
questions such as “What protein does <peptide-name> interact with?” The correct answer
includes all known interactants from UniProt, while the distractors comprise non-interactants

randomly selected from other peptides in the dataset.

ProteinFunctionQA (17646 Q/A pairs). To curate ProteinFunctionQA, we down-
loaded functional descriptions for 17,646 antimicrobial peptides from the UniProt database.
We then employed the Mistral7B instruction-tuned LLM [70] to generate multiple-choice
questions based on this experimentally annotated data. The correct answer reflected the
ground-truth function of the peptide as retrieved from UniProt, while the distractors were
incorrect functions sampled from other peptides within the dataset. The task requires se-

lecting the correct function for a given peptide.

64



BioSynthQP (1500 Q/P pairs). We created this synthetic biomedical dataset by us-
ing GPT-4 prompt engineering with the express purpose of evaluating retrieval accuracy.
BioSynthQP features scientific questions surrounding subdomains of medicine such as virol-
ogy, oncology, and cardiology. For each subdomain, we generate a set of questions, along
with 10 paragraphs for each question with a decreasing level of accuracy and relevance. The
most relevant paragraph constitutes an answer that contains keywords, empirical results,
and citations. The least relevant paragraph, on the other hand, digresses away from the
question, lacks scientific basis and citations, but still is broadly related to medicine. We
apply human supervision to the postprocessing of the synthetic content to guarantee the
accuracy of the quality labels assigned to each sample. Consequently, BioSynthQP presents
a demanding retrieval task that evaluates an encoder’s capability to generate embeddings

that accurately capture quality characteristics within samples from the same domain.

3.4 Experimental Results

It is important to reiterate that all RAG systems are made up of multiple independent
components. Accordingly, HiPerRAG consists of the Oreo document parser, the ColTrast
query-aware encoder, and an arbitrary generator model to produce a response in light of
the relevant content retrieved. Our discussion in this section commences with an evaluation
of Oreo in Section 3.4.1. The evaluation of ColTrast in retrieval accuracy follows in Sec-
tion 3.4.2. Section 3.4.3 concludes with an evaluation of various HiPerRAG configurations

on five scientific Q/A benchmarks, two of which are our contribution.

3.4.1 Parser Fvaluation

We evaluate Oreo, Marker, and Nougat on n = 100 scientific documents spanning eight
domains (mathematics, physics, chemistry, biology, engineering, medicine, economics, and

computer science) and six publishers (ArXiv, BioRxiv, MedRxiv, BMC, MDPI, and Nature).
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Table 3.3: Accuracy and throughput of image-based parsers on diverse scientific documents.

Oreo (ours) Nougat Marker

Accuracy (BLEU) [%] 46.34 46.42  56.90
Accuracy (CAR) [%)] 73.92 70.92  73.51
Throughput [PDFs/GPU sec| 0.55 0.12 0.09

Ground-truth text is sourced from the full-text HT ML versions of the articles. Parsing qual-
ity is measured using bilingual evaluation understudy (BLEU) [123| and character accuracy
rate (CAR). BLEU evaluates n-gram overlap between parsed and ground-truth text. CAR
measures character-level precision, particularly valuable for scientific equations and numeri-
cal data.

The results in Table 3.3 show that Marker achieves the highest BLEU score but has the
lowest throughput. Nougat offers a competitive BLEU score but the lowest CAR. Notably,
Oreo achieves the highest CAR and throughput while approximately matching Nougat’s
BLEU performance. Therefore, Oreo maximizes the number of accurately parsed tokens,
making it a suitable option for large-scale document parsing.

In addition to the across-the-board accuracy and throughput, Oreo also surpasses both
Nougat and Marker in multimodal capabilities. Specifically, Oreo can distinguish between
20 types of document assets, compared to Marker’s three. Unlike Nougat, which can parse
only text from PDFs, Oreo comprehensively handles a variety of document assets including
figures, tables, equations, and code. Furthermore, Oreo explicitly parses metadata, which
enables the storage of citations, author names, and references from scientific documents to

facilitate digital archiving.

3.4.2  Encoder Evaluation

To evaluate the ColTrast retrieval approach, we use two datasets: (1) our BioSynthQP

dataset described in Section 3.3, and (2) a 5% held-out evaluation dataset from the ColTrast
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Table 3.4: Model performance on the BioSynthQP dataset and evaluation split of the data.
Abbreviations used include: BSQP — BioSynthQP dataset; Eval — the evaluation split; M —
Salesforce Research /SFR-Mistral base model; B — BERT base model; QQ — quantized low-rank
approximation (QLoRA) parameter-efficient fine-tuning; ND — No distributed all-gather in

contrastive loss; CL — contrastive loss only; LI — Late-Interaction loss only; S — model with
ColTrast loss (CL + LI).

P@10 MRR@10 MRR@20 Top-20

Name BSQP BSQP Eval Eval
ColTrast-M-Q-S 0.74 0.35 0.93 0.62
ColTrast-M-Q-ND-S  0.81 0.51 0.90 0.98
ColTrast-B-S 0.33 0.03 0.21 0.05
ColTrast-B-ND-S 0.72 0.46 0.84 0.96
BERT-CL-S 0.28 0.45 0.184 0.04
BERT-LI-S 0.03 0.003 0.06 0.003
PubMedBERT 0.72 0.65 0.22 0.39
ColBERT-v2 0.31 0.11 0.371 0.97
BERT-Base 0.31 0.03 0.21 0.37

training set described in Section 3.2.3. Rather than sampling the evaluation set randomly,
we ensure that the training and evaluation sets contain passage/query pairs from distinct
scientific documents. Table 3.4 shows results of training with different model architectures
and loss paradigms against the evaluation datasets. When provided with a question, the
documents are ranked according to the cosine similarity between the question and document
embeddings.

We report the precision as P = N,..;/Nyet for the number of relevant retrieved documents,
N1, and the total number of retrieved documents, Ny¢¢. In the case of PQ10, N,¢ is set
to 10. MRR@10 is calculated as MRR = N 1 > 1"anki_1 where rank; is the ranking of the
positive paired document for the ith query, Ny is the total number of queries, and @10 sets
that if the positive document is ranked beyond 10, that term of MRR is zero.

All models in the upper section of Table 3.4 were trained with the IA3 [? | parameter-
efficient fine-tuning (PEFT) method, except ColTrast-M-Q-S, since the QLoRA approach

requires LoRA PEFT [66]. We performed ablations to examine the effectiveness of the
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ColTrast combined loss method. BERT-CL-S uses contrastive loss only, BERT-LI-S only
has late-interaction loss, and <Model name>-ND-S denotes models with the ColTrast loss
method but excluding the all-gather for the contrastive loss. The base model used for
fine tuning is denoted by “M” for SFR-Mistral and “B” for BERT-base. We observe that
performance on evaluation metrics is improved with the ColTrast loss method, as opposed
to utilizing only LI or contrastive losses, and that, for these models where a decent batch
size is allowed, ND performs comparably to the distributed loss. The models in the lower
half of the table are pre-existing approaches to the embedding and retrieval task included

for comparison.

3.4.8  End-to-End Scientific Question Answering

We analyze the performance of our scientific Q/A from three angles: composition of the
retrieval corpus, encoder model employed for retrieval, and the generator that leverages the
retrieved content to answer questions. The two scientific corpora that we curated for this
analysis differ greatly in terms of their domain composition and document size. As shown
in Table 3.1, the Protein Literature Corpus (PLC) consists of 10,124 PubMed articles about
proteins. We encode this corpus with PubMedBERT, an encoder-based LLM specifically
fine-tuned on PubMed articles [56]. On the other hand, the Scientific Literature Corpus
(SLC) contains over 3.6 million articles across numerous domains. We encode SLC with our
ColTrast-B-S and ColTrast-M-Q-S encoders, which have been fine-tuned on a comprehen-
sive scientific dataset (Section 3.4.2). We use instruct-finetuned versions of two generators,
Mistral-7B [70] and Mixtral-8x7B [71].

Table 3.5 compares encoder/generator combinations with respect to accuracy on five
scientific Q/A tasks. SciQ [168] covers crowd-sourced science exam questions on Biology,
Chemistry, and Physics. PubMedQA [74] contains biomedical research questions. LitQA [84]

also focuses on the biomedical domain, but features questions that can only be answered from
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Table 3.5: Comparison of different encoder models with the Protein Literature Corpus (PLC)
and the Scientific Literature Corpus (SLC). Results are reported as accuracy (%) on multiple-
choice scientific question-answering benchmarks. Abbreviations used include: PMB — Pub-
MedBERT encoder; ColTrast-B-S — ColTrast encoder based on BERT-base; ColTrast-M-Q-S
— ColTrast encoder based on SFR-Mistral with QLoRA. PIQA and PFQA refer to Protein-
InteractionQA and ProteinFunctionQA, respectively.

Corpus Generator (Encoder) SciQ PubMedQA LitQA PIQA PFQA
PLC Mistral (PMB) 0.80 0.45 0.32 0.44 0.32
Mixtral8x7B (PMB) 0.88 0.76 0.34 0.70 0.52
SLC Mistral (ColTrast-B-S) 0.82 0.45 0.32 0.40 0.32
Mistral (ColTrast-M-Q-S) 0.85 0.44 0.24 0.43  0.332
Mixtral8x7B (ColTrast-B-S)  0.90 0.75 0.34 0.66 0.526
BASE  Mistral 0.88 0.59 0.40 0.44 0.36
Mixtral8x7B 0.78 0.73 0.38 0.70 0.36

knowledge in full-text papers. ProteinlnteractionQA and ProteinFunctionQA are presented
in this work (Section 3.3). We also provide baseline results where we do not use retrieval.
We observe that the Mixtral8x7B model that retrieves with PubMedBERT outperforms
GPT-4 (75.2% accuracy) on the PubMedQA benchmark despite having access to a much
smaller biomedical corpus (PLC) and having a smaller parameter count (14 billion param-
eters utilized at inference). Additionally, this model also outperforms PubMedGPT [20],
a domain-specific LLM with 2.7 billion parameters pre-trained from scratch on biomedical
data. This result suggests that retrieval-augmented generation at scale can improve the
accuracy of LLMs in a data-efficient manner and render general-purpose LLMs more perfor-
mant than domain-specific models on scientific QA tasks. Moreover, the Mixtral8x7B model
that uses the ColTrast-B-S encoder answers 90% of the questions in the comprehensive SciQ
dataset. ColTrast-B-S retrieval and the SLC corpus lead to a 12% improvement of this model
on that benchmark. This result is consistent with our hypotheses that combining a novel
metric learning-based retrieval strategy with the ability to retrieve from millions of scientific

articles can equip LLMs with domain-specific knowledge beyond their training data.
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3.5 Scaling Experiments

We conduct extensive scaling experiments on the document parsing, semantic chunking, and
encoder fine-tuning steps of HiPerRAG. We evaluate performance and scale on three diverse
supercomputing systems: Polaris at the Argonne Leadership Computing Facility (ALCF),
Sunspot at ALCF, and Frontier at the Oak Ridge Leadership Computing Facility (OLCF).
The architectural details and node-level specifications of these systems were discussed in
Section 2.8.1. Figure 3.5 summarizes the strong-scaling results across all three pipeline

stages.
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Figure 3.5: Strong scaling of HiPerRAG components. (A) PDF parsing throughput for
Oreo and Nougat on Polaris and Sunspot. (B) Semantic chunking throughput on Polaris
and Sunspot. (C) Encoder fine-tuning throughput across BERT-base, Mistral-LoRA, and
Mistral-QLoRA configurations on Polaris, with the BERT-base configuration also run on
Frontier. Unless noted, a run was accomplished on Polaris. Note that one “GPU” on Frontier
in panel C corresponds to one Graphics Compute Die (GCD).

3.5.1 PDF Parsing

Figure 3.5A shows the performance of the Oreo and Nougat parsers as we strong-scale on
Polaris and Sunspot by increasing the number of accelerators to 1024 GPUs on Polaris
(256 nodes) and to 1152 tiles on Sunspot (96 nodes, each with 6 GPUs and 12 tiles). On
Polaris at 1024 accelerators, Oreo achieves 118.2 samples/s and Nougat 38.9 samples/s, a
3x improvement in throughput with Oreo over Nougat.

We also compare the performance of Nougat processing on Polaris and Sunspot. We
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observe a throughput of 35.62 samples/s on 1152 tiles (96 nodes) of Sunspot and 38.9 sam-
ples/s on 1024 GPUs (256 nodes) of Polaris. At a node-to-node level, we observe a 2.36x
improvement in performance on Sunspot over Polaris. This result is expected, as we have
more GPUs and memory on each Sunspot node. At an accelerator level, comparing a single
A100 GPU to an Intel Max GPU tile, we observe a 26% improvement for an A100 GPU in
comparison to a tile on the Intel Max Data Center GPU. We attribute this primarily to the
current state of optimization of the software stack here. In all cases, we observe linear scaling
in throughput as we scale out, which we attribute to the embarrassingly parallel nature of
the parsing workflows.

For end-to-end parsing, Oreo achieves 40.7 TFLOPS/GPU peak with a sustained average
of 37.2 TFLOPS/GPU on an NVIDIA A100, while Nougat achieves 0.43 TFLOPS/GPU peak
and a sustained average of 0.28 TFLOPS/GPU. Thus, Oreo achieves 94.6x better compute
performance than Nougat while sustaining a 4x improvement in throughput. This result is
expected, as Oreo follows a compartmentalization strategy that adds compute requirements
in two ways. First, layout detection and combination of text items require tensor operations.
Second, once text items are transcribed, they need to be mapped to their proper position.
These innovations enable Oreo to efficiently process multiple file formats and multi-modal

document assets including figures, tables, equations, and code.

3.5.2  Semantic Chunking

Figure 3.5B shows the strong-scaling performance of our end-to-end semantic chunking work-
flow on Polaris and Sunspot. We observe linear scaling in terms of throughput in samples/s
as we scale with the number of accelerators. This result is expected given the embarrassingly
parallel nature of the workflow. We observe a slight dip in performance at 256 accelerators
(64 nodes), likely due to storage system limitations when reading the data to be chunked.

We observe a throughput of 385.7 samples/s on 1024 accelerators (256 nodes) of Polaris.
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On Sunspot, we observe a throughput of 319.8 samples/s on 1152 accelerators (96 nodes).
Normalizing these at an accelerator level, we observe a 35% improvement in achievable
throughput on an A100 GPU in comparison to a tile of an Intel GPU. In terms of a node-
to-node comparison, we achieve a 2.2x improvement on a Sunspot node in comparison to a

Polaris node.

3.5.8  Encoder Fine-Tuning

Figure 3.5C shows strong scaling for training encoder models with samples/s as our through-
put metric. Polaris runs include the major model architectures used here: BERT-base and
Mistral. Each model is trained using parameter-efficient fine-tuning, both for computational
efficiency and to help the model retain its knowledge from pretraining. Early experiments
showed less than ideal scaling for Mistral-LoRA. Since the model is too large for a single
GPU, we sharded it across ranks by using DeepSpeed ZeRO-3, and further employed param-
eter and optimizer state offloading in order to maximize batch size. To overcome this poor
scaling, we adopted QLoRA training, where the model is first quantized to reduce memory
pressure and then a LoRA adapter is applied as trainable parameters in full (bf16) precision.
The Mistral-QLoRA approach yielded twofold benefits: first, the reduced memory footprint
allowed us to load the full Mistral model into a single NVIDIA A100 with a batch size of 24;
second, the reduced communication overhead compared to ZeRO-3 also enabled ideal scaling
up to 400 nodes of Polaris.

Despite the success of QLoRA on Polaris, we were unable to employ a similar tactic
on Frontier, as the BitsAndBytes quantization library required by transformers is not yet
supported on MI250X. Performance in terms of TFLOPS/GPU, total FLOPs, and sample
throughput are enumerated for the scaling runs in Table 3.6. Notably, applying the QLoRA
approach to SFR-Embedding-Mistral fine-tuning increases TFLOPS/GPU by 132, and also
achieves the highest TFLOPS/GPU and total FLOPs of all measured models. Further, given
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Table 3.6: Estimated floating-point operations and throughput for embedding/retriever
model architectures during 100-step scaling runs using 400 GPUs on the Polaris super-
computer (<model>-P). BERT-base-LoRA-F was run on 2400 GCDs (1200 GPUs) on the
Frontier supercomputer. Throughput is in samples per second; total samples (S7) in millions
of samples.

TFLOPS/ FLOPs Sr
Name GPU (10'8)  Samples/s (109)
Mistral-LoRA-P 0.71 2.40 152.2 0.64
Mistral-QLoRA-P 93.80 160.00 3496.4 3.84
BERT-base-LoRA-P 7.95 0.67 24,157.0  2.56
BERT-base-LoRA-F 1.92 3.10 8654.8 7.68

the total document chunks of the SLC dataset (16.4M samples), Mistral with QLoRA could
iterate an epoch of data in 1.3 hours. Such throughput enables fine-tuning on corpora of

hundreds of millions of PDF documents.

3.6 Applications of HiPerRAG

Beyond its performance on benchmarks, HiPerRAG has been deployed as the retrieval back-
bone for several downstream scientific systems. This section surveys two such applications,
illustrating the versatility of HPC-scale RAG infrastructure when integrated into broader

scientific workflows.

3.6.1 StructBioReasoner: Multi-Agent Biologics Design

The most comprehensive integration of HiPerRAG into an agentic framework is StructBioRe-
asoner [141], a scalable multi-agent system for designing biologics targeting intrinsically dis-
ordered proteins (IDPs). IDPs comprise between 30% and 40% of the human proteome
and approximately 80% of cancer-associated proteins contain long intrinsically disordered
regions, making these proteins essential therapeutic targets. Yet IDPs have historically been

classified as “undruggable” because they lack the stable three-dimensional structures and
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well-defined binding pockets that conventional structure-based drug design methods require.

StructBioReasoner employs a tournament-based reasoning framework in which special-
ized agents iteratively generate, evaluate, and select among competing hypotheses spanning
target hotspots, design strategies, and binder scaffolds. Figure 3.6 depicts the overall ar-
chitecture. The system integrates a Planning and Reasoning agent that coordinates the
design process, a Literature Explorer agent powered by HiPerRAG, an Al Structure Pre-
diction agent, a Molecular Dynamics Simulation agent for conformational sampling, and a
Free Energy Calculation agent for binding affinity estimation. These agents are orchestrated

via Academy, an extensible federated agentic middleware that coordinates agent execution

across DOE supercomputing resources.
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Figure 3.6: Overview of the StructBioReasoner multi-agent architecture for biologics design.
The system coordinates specialized agents for literature review, hypothesis generation, struc-
ture prediction, molecular dynamics, and free energy calculation which are all orchestrated
through the Academy [76] agentic framework. Central to the design loop is the integration of
HiPerRAG as a dedicated agent responsible for efficient and scalable retrieval from scientific
articles. The evidence surfaced by HiPerRAG directly informs hypothesis generation and
binder design decisions made by the Reasoning agent, grounding the agentic workflow in
peer-reviewed scientific knowledge. Figure adapted with consent from Sinclair et al. [141].

The HiPerRAG agent serves as the literature synthesis component. When the Reasoning

agent formulates a hypothesis about potential protein-protein interactions or binding modes,
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it queries HiPerRAG’s vector store of scientific articles to retrieve evidence supporting or
contradicting the hypothesis. For instance, in the NMNAT-2 case study, the HiPerRAG agent
retrieved literature on the NMNAT-2:p53 interaction interface, providing the Reasoning
agent with evidence that guided the selection of binding modes for further computational
validation.

In benchmark experiments, StructBioReasoner produced strong results on two systems of
increasing disorder. For the Der f 21 allergen, the framework achieved a 50.98% success rate
in producing binders with more favorable binding free energy than the BindCraft-designed
reference, out of 787 designs that passed quality control. For NMNAT-2, the system iden-
tified three distinct binding modes from 97,066 designed binders that passed sequence and
structural validation, including the well-studied NMNAT-2:p53 interface. The discovery of
this interface was initiated through HiPerRAG’s retrieval of relevant protein-protein inter-
action evidence from the indexed literature, demonstrating that HPC-scale retrieval can
contribute directly to scientific discovery when embedded within an agentic reasoning loop.

The StructBioReasoner deployment also demonstrated scaling on HPC infrastructure:
the MD Simulation agent achieved 80.4% efficiency at 256 nodes, the Free Energy agent
achieved 82.8% parallel efficiency at the maximum node count tested, and the Binder Design

agent achieved 84.4% efficiency at 256 nodes.

3.6.2 BV-BRC CoPilot: RAG for Bioinformatics

HiPerRAG has been deployed as the retrieval engine powering the CoPilot feature of the
Bacterial and Viral Bioinformatics Resource Center (BV-BRC) [139], one of the most widely
used data platforms in microbial bioinformatics. BV-BRC serves as a comprehensive re-
source for bacterial and viral genomic data, hosting genome assemblies, annotations, protein
structures, and comparative genomics tools for the global microbiology research community.

As of August 2025, BV-BRC supports over 70,000 registered users who submit over 20,000
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analysis jobs each month.

BV-BRC CoPilot is an Al-powered natural-language assistant embedded throughout the
BV-BRC website to help users navigate data, services, and job results in real time. It
is powered by a local instance of the Llama 4 Scout open-source LLM, combined with a
retrieval-augmented generation layer built on HiPerRAG. Figure 3.7 shows the two ways in
which CoPilot can be launched: from the chat icon at the bottom-right corner of any page,
which passes the current page metadata as additional query context, or from the green action

bar that appears after performing a search or launching an analysis, which passes selected

data items or analysis job metadata as query context.
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Figure 3.7: BV-BRC CoPilot, an Al-driven natural-language interface to the BV-BRC re-
source powered by HiPerRAG. CoPilot can be launched (A) using the chat icon at the
bottom-right corner from any page, which passes the current web page as query context, or
(B) using the chat icon from the green action bar, which passes selected data items or anal-
ysis job metadata as query context. Figure adapted with consent from Shukla et al. [139].

For this application, in addition to indexing BV-BRC tutorials, user guides, FAQs, and
publications, HiPerRAG indexes approximately 440,000 papers from the American Society
for Microbiology (ASM) journal collection. We are currently developing an expanded index
featuring millions of documents across numerous venues. The CoPilot allows incorporation of

relevant context and content from the active web pages, including screenshots, as additional
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context for user queries to provide accurate and context-aware responses. The BV-BRC
CoPilot represents one of the first deployments of supercomputer-scale RAG infrastructure in
a production bioinformatics platform, demonstrating that the HPC-scale parsing, chunking,
and indexing capabilities of HiPerRAG can be leveraged to create practical tools for the

scientific community:.

3.7 Discussion

HiPerRAG demonstrates that the co-design of retrieval algorithms and HPC infrastructure
can yield scientific RAG systems that outperform both domain-specific models and frontier
commercial LLMs on scientific question-answering tasks. The result carries several important

implications.

Retrieval quality over model scale. The central finding, that a Mixtral8x7B mixture-
of-experts model retrieving with PubMedBERT over the Protein Literature Corpus surpasses
a GPT-4-class model operating without retrieval on PubMedQA, supports the thesis that
retrieval quality is a primary determinant of downstream accuracy in knowledge-intensive
scientific tasks. This finding suggests that investments in retrieval infrastructure can yield

greater marginal returns than scaling model parameters alone.

Composability of RAG infrastructure. The deployment of HiPerRAG across multi-
ple downstream applications, e.g., StructBioReasoner and BV-BRC CoPilot, demonstrates
that well-designed RAG infrastructure is composable: it can serve as a reusable component
within diverse scientific workflows without modification to the core retrieval system. This
composability is a consequence of the modular design: the parsing, chunking, encoding, and
retrieval stages are independent components connected by well-defined data interfaces (raw

PDFs — parsed text — chunks — embeddings — Faiss index).
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Limitations. We note four limitations of HiPerRAG. First, Oreo’s layout detection relies
on YOLOVS5, which may fail on highly unconventional document layouts (e.g., poster-style
presentations, multi-fold brochures). Second, ColTrast’s effectiveness is bounded by the qual-
ity and diversity of the question-passage training data: if the training questions do not span
the range of queries that scientists actually ask, the encoder may not generalize well to novel
query types. Third, the system currently operates on text-only retrieval; scientific figures,
tables, and equations contain information that is not fully captured by text extraction, even
with Oreo’s multimodal parsing. Fourth, the reliance on a frozen generator LLM means
that HiPerRAG cannot benefit from improvements in the generator’s reasoning capabilities

unless the generator itself is upgraded.

Toward a computable scientific corpus. HiPerRAG’s indexing of 3.6 million papers
represents approximately 1.8% of the estimated 200 million scientific papers in existence.
Scaling to the full corpus would require approximately 55x more compute for parsing and
indexing, a target that is well within the capacity of current exascale systems. The Au-
rora supercomputer at ALCF, for instance, could complete this task in approximately two
weeks using 5,000 nodes. This calculation suggests that the vision of a single, unified index
over all of published science is not merely aspirational but technically feasible with current

infrastructure.
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CHAPTER 4
AUTOMATED BENCHMARK GENERATION AND
REASONING-TRACE RETRIEVAL FOR DOMAIN
ADAPTATION

This chapter presents a scalable pipeline for generating multiple-choice question-answering
(MCQA) benchmarks from scientific literature and introduces reasoning-trace retrieval as a
strategy for adapting small language models to scientific domains. The material is based on
Gokdemir et al. [51], published at the SC ’25 Workshop on Frontiers in Generative Al for
HPC Science and Engineering, and is expanded here with additional analysis, methodological

detail, and discussion.

4.1 Introduction and Motivation

The evaluation of language models on scientific tasks depends on benchmarks that are si-
multaneously domain-specific, uncontaminated by pretraining data, and reflective of current
scientific knowledge. As discussed in Section 2.7.2, none of these requirements are con-
sistently met by existing benchmarks. MMLU test items show 29.1% contamination with
pretraining corpora [88], ARC-Challenge items are contaminated at a rate of 28.7%, and
GPT-4 demonstrates behavioral evidence of memorizing specific answer sets from widely
used benchmarks [37]. These findings undermine the validity of performance claims based
on these benchmarks and call into question whether improvements on contaminated bench-
marks reflect genuine advances in model capability or merely improved memorization.

The problem is structural rather than incidental. Static benchmarks — created once and
published openly — inevitably propagate into the training data of subsequent models. The
web-scale crawling that produces pretraining corpora cannot reliably exclude benchmark

items, and even deliberate efforts to filter them are undermined by the items’ redistribu-
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tion across forums, study guides, and discussion threads. The half-life of a benchmark’s
uncontaminated status appears to be measured in months rather than years.

This structural problem motivates a shift from static to dynamic evaluation: rather than
creating fixed benchmarks that ossify, we need pipelines that can generate fresh, domain-
specific, provenance-tracked evaluation sets on demand. Such pipelines would enable the
scientific community to generate benchmarks tailored to any subdomain of science at ar-
bitrary scale, track the provenance of each question to its source document and chunk,
regenerate benchmarks as the literature evolves so that evaluation keeps pace with the fron-
tier of knowledge, and produce questions that are guaranteed to be unseen by any model at
the time of evaluation, eliminating contamination by design.

This chapter presents our contribution toward this vision: a modular, HPC-scalable
pipeline that transforms large corpora of scientific papers into quality-controlled MCQA
benchmarks with strict provenance. As a case study, we apply the pipeline to radiation and
cancer biology, generating 16,680 questions from 22,548 open-access articles and abstracts.
We then make a second contribution — the discovery that reasoning traces distilled from
frontier models serve as powerful retrieval sources for smaller models, enabling them to
approach or exceed frontier-model performance on domain-specific tasks. To our knowledge,
this represents the first systematic exploration of retrieval as a distillation mechanism for
scientific domain adaptation.

The contributions of this chapter, summarized, are as follows. First, we present a scal-
able, modular pipeline for automated MCQA benchmark generation from scientific litera-
ture, designed to utilize high-performance computing platforms. Second, we release a new
benchmark of 16,680 quality-controlled questions derived from 14,115 open-access papers
and 8,433 abstracts in radiation and cancer biology. Third, we provide a systematic evalu-
ation of small language models in the 1.1B-14B parameter range with retrieval-augmented

generation from both paper-derived semantic chunks and frontier-model reasoning traces.
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Fourth, we present empirical results showing that reasoning-trace retrieval consistently im-
proves small models towards domain proficiency — often more so than directly retrieving
from the underlying literature — and in some cases leads them to exceed the performance of

GPT-4 on an expert-annotated domain examination.

4.2 The MCQA Generation Pipeline

The pipeline operates on a corpus of scientific papers and proceeds through five stages, each
of which is designed to be modular, parallelizable, and scalable to HPC infrastructure via
Parsl [11]. The pipeline builds on the parsing and chunking infrastructure developed for
HiPerRAG (Chapter 3), extending it with question generation, quality control, and prove-

nance tracking capabilities. Figure 4.1 provides an overview of the end-to-end workflow.

||___| ’|-‘| —— Distributed —» %@ —— Semantic ——»
Parsing Chunking
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Figure 4.1: Workflow overview. PDFs are parsed into text and chunked semantically. Chunks
are encoded with PubMedBERT for retrieval and also passed to GPT-4.1 for MCQ genera-
tion. Questions are then used for reasoning-trace generation and stored in a separate retrieval
database. Models are evaluated under three conditions: i) no retrieval, ii) chunk retrieval,
and iii) reasoning-trace retrieval. An LLM judge performs the grading and provides a justi-
fication.
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4.2.1 Corpus Assembly and Parsing

For the case study in radiation and cancer biology, we assemble a corpus of 14,115 full-text
open-access papers and 8,433 abstracts via the Semantic Scholar Academic Graph API [6],
queried using cancer and radiation biology keywords. Full-text PDFs are parsed using the
AdaParse [140] infrastructure, which assigns each document to an appropriate parser based
on predicted accuracy and computational cost, producing JSON output with the extracted
text and document metadata. For the abstract-only subset, text is extracted directly from

the Semantic Scholar API metadata without the need for PDF parsing.

4.2.2  Semantic Chunking

Parsed text is segmented into semantically coherent chunks using PubMedBERT [56], a
330M-parameter encoder pretrained on biomedical text. We use PubMedBERT in lieu of
the SFR-Embedding-Mistral [134] encoder used elsewhere in this dissertation (Chapter 3)
because its biomedical pretraining makes it particularly well-suited for the radiation and can-
cer biology domain. The chunking algorithm follows the approach described in Section 3.2.2:
overlapping sentence buffers are encoded, pairwise cosine similarities are computed between
consecutive buffer embeddings, and a chunk boundary is introduced wherever consecutive
embeddings fall below the chosen percentile threshold of all pairwise similarities. Applied to
our corpus, the chunking stage produces 173,318 chunks. These chunks serve as the atomic
units from which questions are generated — each question is derived from a single chunk,

establishing a direct provenance link from question to source text.

4.2.8 Question Generation

For each chunk, a frontier LLM (GPT-4.1, accessed through Argonne’s Argo-Proxy APT [40])
generates a single multiple-choice question with seven answer options using a structured,

two-stage prompting strategy.
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The first stage produces a summary and expansion of the chunk’s content. The LLM
generates a 1-2 sentence summary identifying the central concept or finding, then expands on
the identified concept by articulating its broader context and significance in the domain. The
second stage produces the multiple-choice question itself: one correct answer and six plausible
but incorrect distractors, with the prompt explicitly instructing the model to ensure exactly
one unambiguously correct answer, to make the distractors plausible but clearly incorrect to
a domain expert, to reference a concept that is directly mentioned in the source chunk, and
to avoid references to outside content — and especially to avoid references to the source text
by phrases like “according to the passage” or “as stated in the article” — so that the question
is self-contained and can be answered without seeing the source chunk.

This two-stage strategy is superior to single-shot question generation because the sum-
marization and expansion steps prime the model with a structured understanding of the
chunk’s content before it generates the question, reducing the likelihood of superficial or

ambiguous questions.

4.2.4  Quality Control

Each candidate question undergoes automated quality assessment via a second-stage prompt
to GPT-4.1. The quality assessment evaluates the question across four dimensions: clarity (is
the question unambiguous and well-phrased?), correctness (is the designated correct answer
actually correct?), distractor plausibility (are the distractors plausible enough to be chal-
lenging but clearly incorrect to a domain expert?), and educational value (does the question
test a meaningful concept rather than trivial or surface-level information?).

Each dimension is scored on a scale of 1-10, and questions whose composite score falls be-
low 7 are discarded. This filtering step is aggressive: of the 173,318 candidate questions, only
16,680 (approximately 9.6%) survive, yielding the final benchmark. The aggressive filtering

reflects a deliberate preference for quality over quantity — a 16,680-question benchmark with
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a high pass-rate threshold is more useful as an evaluation instrument than a 173,318-question

benchmark that includes many marginal items.

4.2.5  Provenance Tracking

Each surviving question is stored in a structured JSON schema that records the question
text and answer options, the correct answer, the source chunk text, the source document
path, and metadata including timestamps, the cleaning version, the relevance check (score,
type, reasoning), and the quality check (score, critique, raw output). Figure 4.2 shows the
schema. This provenance chain — from question to chunk to paper — enables full traceabil-
ity, supporting transparency, reproducibility, and the ability to regenerate or update the

benchmark as the source corpus evolves.

MCQA JSON Schema
( )

Question Record
|- question: context + stem + numbered choices
|- answer: restated correct option
|~ text: source chunk
|- type: 'multiple-choice’
b~ chunk id: filehash index
I path: source file path
- cleaning metadata:
e cleaned at: timestamp
e cleaning version: '1.0'
¢ relevance check: score, type, reasoning

e quality check: score, critique, raw output

N\ J

Figure 4.2: JSON schema for generated questions. Each record contains lineage to the source
chunk and source PDF, along with relevance and quality checks to ensure transparent quality
assurance.
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4.3 Reasoning Traces as a New Modality of Knowledge

Distillation

The second contribution of this chapter extends beyond benchmark generation to address a
fundamental question: how can the reasoning capabilities of frontier models be made acces-
sible to smaller, deployable models without modifying the smaller models” weights?

As discussed in Section 2.2.3, knowledge distillation has progressed from soft-target trans-
fer [63] through representation distillation 73| to reasoning-trace distillation [34, 111]|. Each
advance transferred richer training signal — from logits, to hidden states, to explicit chains of
thought — but all shared a common mechanism: the student model’s weights were modified
to internalize the teacher’s knowledge. This weight-based approach has two limitations for
scientific applications. First, distillation must be repeated for each domain, as a student
distilled on biomedical reasoning will not generalize to materials science without additional
training. Second, the distilled knowledge is frozen at training time and cannot reflect new
literature without retraining.

We propose an alternative that we term distillation through retrieval: rather than using
reasoning traces to train the student, we store them as retrievable artifacts in a vector
index. At inference time, the student retrieves relevant traces and uses them as in-context
scaffolding, gaining access to the teacher’s reasoning process through the context window
rather than through modified parameters. This mechanism is model-agnostic (any student
can retrieve), domain-flexible (traces from different domains coexist in the same index),
dynamic (traces can be updated as the teacher improves or the literature evolves), and
transparent (traces are human-readable, enabling auditing and curation).

The unit of distillation in our framework is the reasoning trace: the chain of tokens that
a reasoning LLM generates prior to producing its final answer. In models like OpenAl’s
ol and GPT-4.1 with extended thinking, these traces can span hundreds or thousands of

tokens and encode detailed step-by-step reasoning, i.e., identifying relevant principles, elim-
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inating incorrect options, reconciling competing evidence, and building toward a justified
conclusion. Reasoning traces are ordinarily ephemeral — generated during inference and dis-
carded after the answer is extracted. Our approach treats them instead as durable, reusable
computational artifacts.

Reasoning traces possess three properties that make them especially effective retrieval
sources for domain adaptation. First, they are semantically dense and focused. Unlike raw
scientific text, which may discuss many topics tangentially, a reasoning trace is organized
entirely around answering a specific question. Empirically, the reasoning traces for our
benchmark occupy approximately 50 MB of storage compared to 747 MB for the FP16
PubMedBERT embeddings of the raw semantic chunks from the same papers — roughly
a 15x compression ratio that reflects the focused nature of traces. Second, they encode
pedagogical structure: not just what the answer is but how an expert would think through
the question. This thinking scaffold provides small models with a structured reasoning path
that they can follow, rather than requiring them to reconstruct the reasoning from scratch
based on raw evidence. Third, they enable cross-document synthesis. When the teacher
model generates a reasoning trace, it draws on its full parametric knowledge — potentially
encompassing information from thousands of papers that the student model has never seen.
The trace captures this synthesized knowledge in a compact, retrievable form. The student
model benefits from this synthesis without needing to perform it independently, and without
requiring the underlying papers to be individually retrieved and processed.

The distinction between distillation through training and distillation through retrieval
can be framed in terms of where the teacher’s knowledge resides after transfer. In weight-
based distillation, the knowledge is absorbed into the student’s parameters: it becomes
implicit, distributed across millions of weights, and inseparable from the student’s other
learned representations. In retrieval-based distillation, the knowledge remains external: it

resides in the vector index as discrete, inspectable artifacts that the student accesses on
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demand. This externality is what enables the model-agnosticism, domain-flexibility, and

updatability that weight-based distillation lacks.

4.3.1 Trace Generation

For each MCQ in our benchmark, we prompt GPT-4.1 to produce three types of reasoning
traces, generated simultaneously in a single API call and stored in separate Faiss [41] in-
dices. These three traces correspond to three modes of reasoning at progressively increasing
levels of abstraction. The detailed mode produces a comprehensive option-level analysis: a
step-by-step trace that walks through the problem, considers each answer option, identifies
relevant principles, and builds toward a justified conclusion. The focused mode produces
a key-principle plus elimination trace: a more concise rationale that identifies the central
principle needed to answer the question and briefly explains why each distractor is incorrect.
The efficient mode produces a compact, high-level rationale that provides only the essential
reasoning needed to discriminate the correct answer from the distractors.

Crucially, we explicitly instruct the teacher model to omit the final answer from each
reasoning trace. This design choice ensures that the retrieved trace provides reasoning scaf-
folding without directly revealing the answer, testing whether the student model can use the
reasoning to arrive at the correct answer independently. If the trace contained the answer,
retrieval would trivially boost accuracy by converting the task from question answering to
answer extraction. Figure 4.3 depicts the JSON schema for the resulting reasoning-trace

records.
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Reasoning Trace JSON Schema

Reasoning Trace Record

} question: full stem (with embedded choices allowed)
} context: optional source/context chunk
} options: [list of choices]
} correct answer index: 0-based integer
} correct answer: text of the correct option
} reasoning: mode-dependent object
|+ detailed:
- thought process: { option_1..N: long string }
- prediction: { predicted _answer, prediction_reasoning,
confidence level, confidence explanation }
- scientific_conclusion: string
- raw_text?: original model output (optional)
- flags?: { extracted from text?, partially extracted?, extraction failefl? }
« focused:

- key principle: string

quick elimination: { dismissed options[], reasoning }

focused _analysis: { viable options[], detailed reasoning }

- scientific_conclusion: string
« efficient:
- quick analysis: string
- elimination: string
- prediction: { ...same keys as above }
grading result?: { is _correct, confidence, reasoning,

|
|
|
|
|
|
|
|
|
|
| - prediction: { ...same keys as above }
|
|
|
|
|
F
|

extracted option_number, correct_option_number,

Fields with '?' are optional; bullets denote mode-specﬁc structures.

Figure 4.3: Reasoning-trace JSON schema. Supports three reasoning modes: detailed
(option-level analysis), focused (principle + elimination), and efficient (compact high-level
reasoning). Fach record stores the question, context, options, correct answer index and text,
the mode-dependent reasoning fields, and the grading result.

4.4 Experimental Setup

4.4.1 Model Selection

We evaluate a current and representative set of small and mid-sized open-source language

models ranging from 1.1B to 14B parameters. The models were selected to capture the
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current diversity of architectures, training corpora, and licensing terms available in the open-
source community. This range of model sizes was chosen for three reasons. First, our case
study investigates the feasibility of domain adaptation of small language models (SLMs)
through reasoning distillation from retrieved reasoning traces originating from larger models
— a task for which SLMs are the natural target. Second, as future work, we plan to investigate
continual pretraining methods for domain adaptation of SLMs, and the size and weight-
availability of these models render them appropriate for that line of work. Finally, the
relatively approachable hardware prerequisites for running these models contribute to the
reproducibility of our evaluations.

The eight models we evaluate are listed below.

e OLMo-7B (Allen Institute, 2024) [125]: A 7B parameter model developed as part
of the OLMo project to accelerate language model science. It supports a 2K token

context window and emphasizes reproducibility.

e TinyLlama-1.1B-Chat (TinyLlama Team, 2024) [178]: A compact model trained on
3T tokens with ~2K context, designed as an efficient baseline for small-scale deploy-

ments.

e Gemma 3 4B-IT (Google, 2025) [151]: A recent 4B parameter instruction-tuned
model with a large 128K context window, representing the newest generation of mid-

scale LLMs.

e SmolLM3-3B (HuggingFace, 2025) [68]: A lightweight experimental model, evaluated

to capture the behavior of smaller 3B-scale instruction-tuned systems.

e Mistral-7B-Instruct-v0.3 (Mistral AI, 2024) [70]: A highly optimized 7B model

with strong efficiency and reasoning performance, featuring a 4K token context size.

e Llama-3-8B-Instruct (Meta, 2024) and Llama-3.1-8B-Instruct (Meta, 2024) [55]:
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Two successive generations of Meta’s flagship open models, included to establish strong

baselines in the 8B parameter class.

e Qwen-1.5-14B-Chat (Alibaba, 2024) [13]: A 14B parameter multilingual model with

a 32K context window, representing the upper end of our evaluation range.

Table 4.1 summarizes the parameter counts, release years, and context window sizes of
the evaluated models.

Table 4.1: Overview of evaluated SLMs with parameter counts, release years, and context
window sizes.

Model Name Params Release Year Context Window
OLMo-7B 7B 2024 2,048
TinyLlama-1.1B-Chat 1.1B 2024 2,048
Gemma 3 4B-1T 4B 2025 128,000
SmollLM3-3B 3B 2025 32,768
Mistral-7B-Instruct-v0.3 7B 2024 4,096
Llama-3-8B-Instruct 8B 2024 8,192
Llama-3.1-8B-Instruct 8B 2024 32,768
Qwen-1.5-14B-Chat 14B 2024 32,768

4.4.2  Retrieval Conditions

Each model is evaluated under three retrieval conditions. The first is a no-retrieval baseline
in which the model receives only the question and answer options. This condition mea-
sures the model’s parametric knowledge of the domain. The second is RAG-Chunks, in
which the model receives the question augmented with the top-5 most relevant semantic
chunks retrieved from the source papers via cosine similarity search over PubMedBERT

FP16 embeddings (747 MB total) in a FAISS [41] vector store. This condition measures the
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benefit of standard RAG with scientific text. The third is RAG-RT, in which the model
receives the question augmented with reasoning traces retrieved from the GPT-4.1 teacher.
Each of the three reasoning modes (detailed, focused, efficient) is evaluated independently,
yielding three separate RAG-RT conditions: RAG-RT-Detail, RAG-RT-Focused, and RAG-
RT-Efficient. This separation allows us to characterize the effect of reasoning verbosity on

retrieval-augmented performance.

4.4.3  Evaluation Benchmarks

We evaluate on two benchmarks. The first is the synthetic benchmark of 16,680 MCQs gen-
erated by our pipeline (Section 4.2), spanning radiation and cancer biology. This benchmark
tests whether models can answer questions derived from the same literature that was used
to generate the retrieval corpus. The second is the 2023 ASTRO Radiation and Cancer
Biology Study Guide [7], hereafter the Astro exam, an expert-annotated benchmark of 337
questions prepared for the American Society for Radiation Oncology. This benchmark was
not generated by our pipeline and is therefore independent of both the question generation
process and the source corpus. Crucially, this benchmark shares the cancer biology domain
with our synthetic benchmark, enabling evaluation of whether reasoning trace retrieval facil-
itates domain adaptation in small language models. Improved performance would support
the claim that reasoning distilled from a teacher via retrieval can enhance a student model
within a niche domain.

We exclude two visually dependent questions, yielding 335 evaluable items. We further
isolate 189 non-mathematical questions—identified using GPT-5 [120]—to focus on concep-
tual knowledge, where reasoning traces are expected to provide the greatest advantage. This

also avoids confounding retrieval comparisons with the SLMs’ limited arithmetic capabilities.
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4.5 Results

4.5.1 Synthetic Benchmark Results

We first evaluate models on the synthetic benchmark of 16,680 MCQs in radiation and cancer
biology. This large-scale setting allows us to systematically compare baseline performance,
retrieval from source document chunks, and retrieval from reasoning traces. The results are

presented in Table 4.2 and visualized in Figure 4.4.

Table 4.2: Accuracy of evaluated models on the synthetic benchmark (16,680 MCQs) under
baseline, RAG from paper chunks, and the three reasoning-trace (RT) retrieval modes. Best-
performing configuration per row is in bold.

Model Baseline RAG-Chunks RAG-RT-Detail RAG-RT-Focused RAG-RT-Efficient
OLMo-7B 0.380 0.443 0.709 0.736 0.720
TinyLlama-1.1B  0.176 0.434 0.710 0.699 0.581
Gemma 3 4B-IT  0.745 0.837 0.860 0.878 0.873
SmolLM3-3B 0.471 0.803 0.826 0.854 0.856
Mistral-7B 0.737 0.839 0.886 0.889 0.882
Llama-3-8B 0.830 0.864 0.875 0.892 0.897
Llama-3.1-8B 0.819 0.900 0.915 0.902 0.916
Qwen-1.5-14B 0.776 0.853 0.913 0.908 0.914

Baseline to RAG-Chunks. Chunk retrieval provides a strong first lift across nearly all
models. TinyLlama-1.1B-Chat improves from 17.6% to 43.4% accuracy, a relative gain of
+147%. SmolLM3 moves from 47.1% to 80.3%, Gemma 3 4B-IT increases from 74.5% to
83.7%, and OLMo-7B improves from 38.0% to 44.3%. These results confirm that chunk
retrieval alone provides meaningful domain adaptation for knowledge-intensive scientific

MCQA.
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RAG-Chunks to RAG-RT. Reasoning-trace retrieval provides a second, consistent jump.
TinyLlama reaches 71.0% accuracy with detailed reasoning traces — a roughly 4x improve-
ment over its 17.6% baseline. SmolLM3 reaches 85.6% with efficient traces (+82% relative
to baseline). Larger models benefit as well: Llama-3.1-8B-Instruct and Qwen-1.5-14B-Chat

both exceed 91% accuracy under their best reasoning-trace configurations.

Reasoning Modes. Across models, all three reasoning modes (detailed, focused, efficient)
yield strong improvements with only modest variation among them. The focused and efficient
modes often provide the best balance of accuracy and retrieval efficiency, while the detailed
mode sometimes trails slightly, likely due to noise from over-elaboration. Notably, Llama-3.1-
8B achieves its best performance under the efficient mode (91.6%), suggesting that compact,
distilled rationales can be just as effective as full option-by-option analyses — a finding to

which we return in Section 4.6.2.

The inverse scaling effect. A striking pattern emerges from Table 4.2: the smaller the
model, the larger the relative benefit from reasoning-trace retrieval compared to chunk re-
trieval. TinyLlama gains approximately 28 percentage points from moving from chunks to
detailed traces (43.4% — 71.0%), while Qwen-1.5-14B-Chat gains approximately 6 percent-
age points moving from chunks to its best RT mode (85.3% — 91.4%). We refer to this
as the wnverse scaling effect of reasoning-trace retrieval: traces are most valuable precisely
where they are most needed, i.e., for models with limited parametric capacity that cannot

reconstruct the reasoning path from raw evidence alone.
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Figure 4.4: Percent accuracy improvement on the synthetic MCQA benchmark, comparing
the best reasoning-trace retrieval mode for each model to its baseline performance and to
retrieval from source documents.

4.5.2  Astro Exam: All Questions

We next evaluate models on the 2023 ASTRO Radiation and Cancer Biology Study Guide,
an expert-written examination that is independent of our pipeline. Across the full set of 335
evaluable questions, reasoning-trace retrieval consistently outperforms baseline and usually
surpasses retrieval from source document chunks, though the gains are attenuated relative
to the synthetic benchmark. This attenuation is expected: the Astro exam includes ques-
tions requiring mathematical computation, diagram interpretation, and clinical judgment
that extend beyond the purely knowledge-retrieval setting where reasoning traces are most
advantageous.

Gemma 3 4B-IT improves by approximately +25% relative to baseline with reasoning

traces, while SmolLLM3 and Mistral-7B-Instruct both gain approximately +20% over baseline.
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Even the smallest models (TinyLlama-1.1B-Chat, OLMo-7B) see gains of +15-30% over
their baseline accuracy. Notably, the relative improvements over RAG-Chunks are smaller
and sometimes negative — for example, Llama-3-8B-Instruct’s RAG-RT accuracy (0.542) is
meaningfully below its RAG-Chunks accuracy (0.674) — suggesting that for some models,
direct text retrieval already provides useful context that competes with the reasoning trace.
Nevertheless, reasoning traces remain the more stable retrieval source across the model suite.

Table 4.3 and Figure 4.5 present the empirical results.
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Figure 4.5: Percent accuracy improvement on all 335 questions of the 2023 ASTRO Radia-
tion and Cancer Biology Study Guide, comparing reasoning-trace retrieval to both baseline
performance and retrieval from source documents for each evaluated model.
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Table 4.3: Astro exam (all 335 questions): accuracy for each model under three configura-
tions. Best per row in bold.

Model Baseline RAG-Chunks RAG-RTs (best)
OLMo-7B 0.446 0.269 0.563
TinyLlama-1.1B-Chat 0.089 0.263 0.319
Gemma 3 4B-IT 0.484 0.551 0.605
SmolLM3-3B 0.377 0.706 0.772
Mistral-7B-Instruct-v0.3  0.494 0.542 0.575
Llama-3-8B-Instruct 0.665 0.674 0.542
Llama-3.1-8B-Instruct 0.644 0.704 0.686
Qwen-1.5-14B-Chat 0.560 0.587 0.602

4.5.83  Astro Exam: Non-Mathematical Subset

When the analysis is restricted to the 189 non-mathematical questions, the effect of reasoning
traces becomes dramatically more pronounced. All models show positive gains over both
baseline and RAG-Chunks. SmolLLM3 nearly doubles its accuracy from 46.6% (baseline)
to 89.4% (RAG-RT) — a 4+92% relative gain over baseline and a +19% gain over RAG-
Chunks. Gemma 3 4B-IT improves from 54.0% to 80.4%, and Mistral-7B-Instruct improves
from 59.8% to 75.7%. The effect is particularly striking for the smallest models: TinyLlama
improves from 13.8% to 31.2% — still modest in absolute terms but a 2.3x improvement — and
OLMo-7B moves from near-baseline performance to competitive accuracy when supported
by reasoning traces. Table 4.4 and Figure 4.6 present the results.

These results demonstrate that reasoning-trace retrieval is most effective for conceptual,
knowledge-intensive questions where the trace provides a structured reasoning scaffold that

compensates for the model’s limited parametric knowledge. For mathematical questions,

96



where the bottleneck is computational ability rather than knowledge retrieval, the traces
provide less benefit — aligning with the intuition that distilled scientific rationales capture

high-value domain knowledge but do not substitute for arithmetic capability.
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Figure 4.6: Percent accuracy improvement on the non-mathematical subset (189 questions)
of the 2023 ASTRO Radiation and Cancer Biology Study Guide, comparing reasoning-trace
retrieval to both baseline performance and retrieval from source documents for each evaluated
model.

Table 4.4: Astro exam (no-math subset, 189 questions): accuracy for each model under three
configurations. Best per row in bold.

Model Baseline RAG-Chunks RAG-RTs (best)
OLMo-7B 0.471 0.238 0.587
TinyLlama-1.1B-Chat 0.138 0.259 0.312
Gemma 3 4B-IT 0.540 0.640 0.804
SmolLM3-3B 0.466 0.751 0.894
Mistral-7B-Instruct-v0.3  0.598 0.614 0.757
Llama-3-8B-Instruct 0.757 0.730 0.804
Llama-3.1-8B-Instruct 0.762 0.783 0.857
Qwen-1.5-14B-Chat 0.667 0.667 0.825
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4.5.4  Small Models Matching Frontier Performance

Perhaps the most striking result is that several small models, when augmented with reasoning-
trace retrieval, match or exceed the performance of GPT-4 on this expert-annotated domain
examination. Beattie et al. [14] report GPT-4’s overall accuracy on the same 2023 Astro
exam (335 questions) at 271/335, or approximately 80.9%. On our evaluations, several
SLMs equipped with RAG-RT reach or surpass this figure on the non-mathematical sub-
set: SmolLM3-3B reaches 89.4%, Llama-3.1-8B-Instruct reaches 85.7%, Qwen-1.5-14B-Chat
reaches 82.5%, Gemma 3 4B-IT reaches 80.4%, and Llama-3-8B-Instruct also reaches 80.4%.
SmolLLM3-3B’s result is especially noteworthy: a 3B-parameter model, augmented with re-
trieved reasoning traces, exceeds the reported accuracy of a frontier proprietary model that
is roughly two orders of magnitude larger.

This finding has practical implications. Small models are cheaper to run by orders of
magnitude, easier to fine-tune for domain adaptation, more suitable for deployment on edge
devices or within agentic workflows where latency is critical, and pose fewer data-sovereignty
concerns than cloud-hosted API models. The demonstration that these models can achieve
frontier-level domain performance through retrieval augmentation — specifically, through
retrieval of reasoning traces rather than raw text — suggests a new paradigm for scientific Al

deployment.
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4.6 Analysis and Ablations

4.6.1 Why Do Reasoning Traces Outperform Raw Chunks?

We hypothesize three mechanisms by which reasoning traces outperform raw chunks as

retrieval sources.

Signal-to-noise ratio. Raw scientific text contains substantial amounts of information
that is irrelevant to any specific question, e.g., background context, literature reviews,
methodological details, caveats, and acknowledgements. A reasoning trace, by contrast,
contains only information relevant to answering the specific question at hand. The roughly
15x compression ratio between the trace store (50 MB) and the embedding store of the

source chunks (747 MB) is a quantitative reflection of this focused filtering.

Pre-structured reasoning. Raw chunks require the student model to infer the reasoning
path that connects the evidence to the answer. Reasoning traces provide this path explicitly,
reducing the inferential burden on the student model. For small models with limited capacity

for multi-step inference, this pre-structuring is especially valuable.

Implicit cross-document synthesis. When the teacher model generates a reasoning
trace, it draws on its full parametric knowledge, which may encompass information from
thousands of papers that the student model has never seen. The trace captures this syn-
thesized knowledge in a compact, retrievable form. The student model benefits from this

synthesis without needing to perform it independently.

4.6.2  Effect of Trace Type

The reasoning-mode results in Table 4.2 reveal a counterintuitive pattern: the efficient trace

(the most compact mode) often performs comparably to or better than the detailed trace
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(the most verbose mode). For example, Llama-3.1-8B achieves its best performance under
the efficient mode (91.6%), and SmolLLM3 likewise peaks under the efficient mode (85.6%).
This aligns with the hypothesis that small models benefit from focused, concise scaffolding
rather than verbose explanations that may exceed their effective context utilization capacity.
Less is more when it comes to reasoning-trace retrieval for small models — a finding that has
practical implications for the storage and serving cost of reasoning-trace indices at scale,
since efficient traces are an order of magnitude shorter than detailed ones and therefore
substantially cheaper to retrieve and consume. Additionally, concise reasoning traces can
avoid the pitfall of overfitting the reasoning to a particular questions, thus facilitating better

generalization of the distilled knowledge within the adapted niche domain.

4.7 Discussion

The results in this chapter support three conclusions with implications beyond the specific

domain of radiation and cancer biology.

Automated benchmark generation is feasible and valuable. The pipeline produces
high-quality, provenance-tracked questions that serve as effective evaluation instruments, and
the broad performance trends carry over consistently from our synthetic benchmark to the
independent expert-annotated Astro exam. The pipeline can be applied to any domain with
a sufficient corpus of scientific papers, and its HPC scalability via Parsl enables generation at
the scale of hundreds of thousands of questions from millions of papers. Compared to existing
efforts in this space, our framework is distinguished by its combination of full automation
(PDF parsing through quality-aware filtering), provenance tracking (each question linked to
its source chunk and document), and HPC-scale design. SciQ [168] relied on crowdsourcing
and is constrained to preselected topics. PubMedQA [74] relies on abstract-based templates

for biomedical QA generation. AstroMLab-1 [153]| provides 4,425 expert-vetted MCQs in
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astronomy but is limited to question retrieval rather than generation. The benchmarks
themselves — as we have argued in Section 2.7.2 — are also vulnerable to data contamination
as they are static and openly distributed. Our pipeline addresses both gaps by enabling on-
demand benchmark generation that is provenance-tracked and re-runnable as new literature

appears.

Distillation through retrieval is a viable and advantageous paradigm. The central
empirical finding of this chapter — that retrieving reasoning traces enables small models to
approach or exceed frontier performance — validates the distillation-through-retrieval mecha-
nism introduced in Section 4.3. Placing this finding in the context of the broader distillation
literature surveyed in Section 2.2.3: classical distillation [63] transfers knowledge by modi-
fying student weights to match teacher logits; reasoning-trace distillation [111, 34| transfers
knowledge by fine-tuning student weights on teacher reasoning traces; our approach transfers
knowledge by making teacher reasoning traces retrievable at inference time, leaving student

weights untouched. This distinction has concrete advantages for scientific Al:

e No retraining required. A new scientific domain can be supported by generating
traces for that domain and adding them to the index, without any student fine-tuning.
In our experiments, the same student models benefit from radiation biology traces

without having been trained on biomedical data.

e Composable expertise. Traces from different domains, different teacher models,
and different time periods can coexist in the same retrieval index. A student query-
ing the index receives the most relevant trace regardless of its provenance, effectively

composing expertise across domains.

e Updatable knowledge. As the scientific literature evolves, new traces can be gen-

erated and added to the index without discarding or retraining. This stands in direct
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contrast to weight-based distillation, where incorporating new knowledge requires re-

training and risks catastrophic forgetting of previously distilled capabilities.

e Auditability. Every trace is a human-readable document that can be inspected for
correctness, bias, and completeness. When a student model produces an answer based
on a retrieved trace, the trace itself serves as a verifiable rationale for the answer — a
property that is essential for scientific applications where trust and reproducibility are

paramount.

The inverse scaling effect that we observe in Section 4.5.1 — smaller models benefiting
more from reasoning-trace retrieval — further supports the distillation interpretation. In
weight-based distillation, the capacity gap between teacher and student bounds how much
knowledge can be transferred: a 1B-parameter student cannot absorb all the knowledge of a
trillion-parameter teacher. In retrieval-based distillation, this capacity constraint is relaxed
because the knowledge remains external. The student does not need to store the teacher’s
reasoning — it only needs to follow it. This explains why even TinyLlama (1.1B parameters)
achieves a 4x improvement with reasoning-trace retrieval: the trace provides the reasoning

structure that the model’s limited parametric capacity cannot generate internally.

Implications for the deployment of scientific AI. The practical implication of these
findings is that organizations deploying LLMs for scientific tasks need not choose between
expensive frontier models and underperforming small models. Instead, they can deploy small,
efficient models augmented with reasoning-trace retrieval, achieving frontier-level domain
performance at a fraction of the cost. This has particular relevance for agentic scientific
workflows (Section 2.2.2), where thousands of LLM calls per task make frontier-model costs
prohibitive. Reasoning-trace retrieval enables small models to serve as domain-specialized
agents within these workflows, with the teacher’s expertise available on demand through

retrieval rather than encoded in expensive parameters.
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Ongoing and future work. We are currently scaling the reasoning-trace generation
pipeline to Aurora at the Argonne Leadership Computing Facility under the banner of
Project ExaForge [50], with the target of generating 100 million reasoning traces from 10 mil-
lion papers spanning the entirety of arXiv and bioRxiv. These traces will be organized by
sub-domain with metadata linking each trace to its source, and we plan to explore their
use as both retrieval sources and as pretraining and fine-tuning data for LLMs. The central
question is whether distillation through retrieval can yield general-purpose scientific reason-
ing capabilities in small language models when the retrieval index spans diverse scientific
domains — a question that would bridge the gap between domain-specific distillation and the

emergence of general scientific reasoning.
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CHAPTER 5
SWARM RETRIEVAL: REFRAMING RETRIEVAL FROM A
STATIC LOOKUP TO AN INTERVIEW PROCESS

This chapter presents Swarm Retrieval, a proposed paradigm for retrieval in which documents
are not treated as passive points in a vector space but as document-conditioned agents
capable of qualitatively evaluating their own relevance to a query, and communicating the
associated findings transparently. Unlike the preceding chapters, which report implemented
systems and empirical results, this chapter is intentionally forward-looking. It contributes
a conceptual framework, systems design, and evaluation agenda motivated by the empirical
findings of Chapter 3 and Chapter 4.

The status of the chapter is therefore different from the status of the preceding em-
pirical chapters. Chapter 3 and Chapter 4 demonstrate completed systems, datasets, and
experiments. By contrast, the present chapter asks what retrieval would look like if the
dissertation’s central empirical observation were taken to its logical conclusion: retrieval
quality, evidence selection, and reasoning structure often matter more than sheer generator
scale. The claims in this chapter should therefore be read as design hypotheses, research
questions, and evaluation targets rather than as completed experimental findings.

The central intuition is straightforward: if relevance is not merely geometric proximity,
but a query-conditioned judgment about whether a document can contribute useful evidence,
then retrieval should not be modeled only as nearest-neighbor search. It can also be modeled
as a distributed decision process. In Swarm Retrieval, documents are represented by reusable,
KV-cached agents—which we call paper spirits—that can accept, reject, abstain, and justify
their participation in a generated answer. A judge panel—also consisting of a swarm of
LLM agents with a shared KV-cached prefix of adjudication instructions— then adjudicates

among the accepting documents and selects the evidence to pass into the generator context.
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5.1 Motivation: Beyond Vector Similarity

The preceding chapters demonstrated both the power and the limitations of the prevailing
retrieval paradigm. HiPerRAG showed that high-quality dense retrieval can enable general-
purpose LLMs to outperform domain-specific models and frontier commercial LL.Ms on scien-
tific question answering. The MCQA benchmarking work then showed that what is retrieved
can matter more than how large the generator is: reasoning traces, when used as retrieval
sources, substantially outperform raw text chunks for adapting small models to scientific
question answering.

Yet both contributions still operate within the same broad retrieval framework. Docu-
ments are encoded as fixed-size vectors, and retrieval is performed by finding vectors near
the query in an embedding space. This framework has been extraordinarily useful in facili-
tating fuzzy search at immense throughput and scale, and Swarm Retrieval is not proposed
as an outright rejection of vector search. Rather, it is proposed as a response to three failure
modes that become increasingly visible at the scale of scientific corpora: the proxy problem,

the scaling problem, and the opacity problem.

5.1.1 The Proxy Problem

Cosine similarity between pooled embeddings is a coarse proxy for the utility of a document
to a given query. That said, it is essential to differentiate similarity and utility as distinct
qualities. A document that is topically similar to a query, such as a broad review paper
on the same subject, may be less useful than a document that is topically narrower but
contains the specific empirical result needed to answer the query. Conversely, a document
that appears relevant by embedding distance may discuss the same concepts in a context
that is irrelevant to the question being asked.

The proxy problem is structural rather than incidental. Pooled embeddings compress rich,

multi-faceted documents—spanning methods, results, caveats, definitions, figures, tables,
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and arguments—into fixed-size vectors. Pooling operation, whether it is mean pooling, max
pooling, or last-token pooling, is inevitably a lossy compression operation that sacrifices
sub-document granularity for the sake of practical feasibility. The ColTrast objective in
Chapter 3 improves the quality of this compression by aligning token-level and sequence-
level representations, but it does not eliminate the information loss inherent in representing

a long scientific document as a single point in an embedding space.

5.1.2 The Scaling Problem

As corpus size grows, the density of the embedding space increases. At the scale of millions
of articles and tens of millions of chunks, many passages occupy similar neighborhoods.
Under these conditions, minute shifts in cosine similarity may determine which passages are
retrieved, even when those differences are not semantically meaningful. Retrieval quality
can therefore become sensitive to small perturbations in the query, the chunk boundary,
the encoder, or the index configuration. This sensitivity is not merely an artifact of noise
but reflects a fundamental limitation of single-vector embeddings, where the number of
distinct top-k retrieval sets that can be represented is inherently bounded by the embedding
dimension, making certain relevance distinctions impossible even under ideal optimization
[169].

This scaling problem does not entirely debunk the merit of dense retrieval. In fact, the
results of Chapter 3 show the opposite: that dense retrieval can be highly effective when the
parsing, chunking, encoding, and indexing pipeline is carefully engineered as an end-to-end
unified system. Our argument here is more precise: as scientific corpora grow, the space
of near-matches becomes crowded, and the distinction between a useful evidence-bearing

passage and a merely topical distractor becomes harder to express through distance alone.
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5.1.83  The Opacity Problem

Vector retrieval also produces limited—if any—explanation of its selections, and it fails
opaquely. When a RAG system retrieves five chunks and presents them to a generator
LLM, the generator receives the retrieved text but not an account of why those chunks
were selected. Conversely, systems that implement dense retrieval on vector similarity are
incapable of explaining the reason for rejecting a candidate for retrieval, even in high-stake
cases where this property is essential. The retrieval decision is determined by geometric
proximity in a high-dimensional space. Navigating that geometry is useful operationally and
scalable computationally, but it is not directly interpretable by the user or by the downstream
generator.

This opacity is especially problematic for scientific applications. A scientist does not
merely need text that is topically nearby. They need to know whether the retrieved evidence
is relevant, whether it supports or contradicts the claim at hand, and whether it is specific
enough to justify downstream reasoning. In this setting, the absence of an explicit relevance
rationale is not a cosmetic limitation. It affects auditability, trust, and the ability to diagnose

failures.

5.1.4  The Insight from Reasoning Traces

The reasoning-trace experiments in Chapter 4 provide the key motivation for Swarm Re-
trieval. When scientific questions are paired with reasoning traces produced by a stronger
model, small generators can use those traces as in-context scaffolding. Under most evalua-
tion scenarios, we report that retrieved reasoning traces are more useful than retrieved raw
chunks (chapter 4). This suggests that the value of retrieval lies not only in the retrieved
artifact itself, but in the reasoning structure that connects that artifact to the question. In
other words, ultimate performance of the generator does benefit from an explanation as to
why a given unit of reference information qualified for an allocation in its limited context
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window given the specific prompt it has to answer.

Swarm Retrieval extends this observation from answer generation to evidence selection. If
reasoning traces help a generator use evidence, then retrieval itself should include a reasoning
step: documents should not only be retrieved because they get encoded similarly to a query,
but because they can defend their case for why they are relevant to it. The rest of this

chapter develops that idea as a forward-looking research program.

5.2 The Swarm Retrieval Paradigm

Swarm Retrieval reframes retrieval as an adjudicated interview rather than a silent lookup.
In the interview metaphor, documents are not passive records to be scanned. They are
participants that can make structured claims about their own relevance. A separate judge
panel then evaluates these claims and selects the documents whose relevance arguments are
most useful for the downstream task.

The metaphor is useful only insofar as it clarifies the technical primitive. The proposed
retrieval unit is not merely an embedding vector. It is a document-conditioned decision-
maker: a reusable model state bound to a document, a relevance rubric, and an output
schema. We refer to this unit as a paper spirit. The term is intentionally metaphorical, but
the underlying object is concrete: a KV-cached document prefix paired with instructions for
producing structured relevance judgments.

The paradigm consists of three components:

1. Paper Spirits: Each document, section, or chunk in the corpus is associated with a
small language model agent whose cached prefix contains the document content and
self-evaluation instructions shared by the entire swarm. The paper spirit is respon-
sible for emitting a structured relevance decision with evidence pointers and a short

justification. The schema for this self-assessment is depicted in Figure 5.3
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Figure 5.1: Agency shift from Vector RAG to Swarm Retrieval. In Vector RAG, documents
are passive points selected by geometric proximity. In Swarm Retrieval, documents act as
query-conditioned decision-makers that can accept, reject, abstain, and justify their rele-
vance.

2. Query Broadcast: At query time, the user query is broadcast to a swarm of paper
spirits. In a pure-swarm version, the query is broadcast to all spirits in a small or
medium-sized corpus. In a hybrid version for large-scale production-level deployment,
a conventional retriever first narrows the candidate pool based on existing faster search
methods like sparse or dense retrieval, and the query is then broadcast only to the

selected candidate spirits.
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3. Judge Panel: A separate set of judge models evaluates the self-assessments produced
by accepting spirits. The judges rank the candidate documents based on specificity,
faithfulness, evidence quality, and task relevance, producing the final top-%k context. A
judge can be powered by either the same small model that drives a paper spirit, or a
different one. In the former setup, what differentiates a judge from a paper spirit is

simply the prefixed system prompt (instruction) they have cached.

The output of Swarm Retrieval is therefore not merely a ranked list of document IDs—
though such a ranking can be produced either by demanding a Likert-scale ranking from
judges or by validating vector similarity on the selected documents. Rather, it is a ranked
list of documents accompanied by explicit relevance decisions, confidence estimates, evidence
spans, and justifications. These artifacts can be passed to the generator model alongside the
retrieved text, giving the generator a more interpretable account of why the evidence was
selected. Moreover, these substantiating artifacts can be elevated to the user for human-
in-the-loop supervision, passing the accountability of final call to a human at high-stakes

decision-making scenarios such as clinical applications.

5.3 KV-Cached Document Agents

The primary objection to Swarm Retrieval naturally challenges its computational feasibility.
Running a language model, albeit a small one, over every document for every query would be
prohibitively expensive under a naive implementation. KV caching points towards a possible
systems path around this objection by amortizing document processing across queries. In
this design, the cache is not merely an inference optimization; it becomes part of the retrieval

substrate itself.
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Figure 5.2: Overview of the Swarm Retrieval architecture. A query is broadcast to KV-
cached document agents, or paper spirits, which emit structured accept, reject, or abstain
decisions. Accepted documents forward reasoned self-assessments to a judge panel, which
selects the top-ranked evidence for downstream generation.

5.3.1 KV Cache Mechanics

In a standard Transformer decoder, the self-attention mechanism computes key and value
projections for each token in the input sequence at each layer. For a sequence of length n
and a model with L layers, each with key and value dimension dj,, the KV cache stores the
intermediate key and value states needed for subsequent decoding. Once these states are
computed, the model can generate new tokens by attending to the cached prefix without
recomputing the full document prefix from scratch.

In Swarm Retrieval, the cached prefix for each paper spirit consists of two components:
e the document content, consuming ngy,. tokens; and
e the self-evaluation instructions, consuming n;,st, tokens.

At query time, the query tokens ng are appended to the cached prefix, and the model

generates a structured self-assessment of length ngen. The intended advantage is that the
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Figure 5.3: KV cache as the retrieval substrate. Document content and self-evaluation
instructions are processed once at index time and stored as a persistent KV cache. At query
time, the system pays only for the appended query and short decision trace, with early
termination for rejected documents.

document processing cost, ngoec + Minstr, 1S paid once during indexing and reused across
subsequent queries. The query-time cost is then dominated by the appended query and the
short decision trace rather than by repeated full-context processing. Collectively, KV-cached
prefixes of all paper spirits in a corpus instantiate a Swarm Retrieval index for that corpus.

This design equips a Swarm Retrieval index with favorable features for practical deploy-
ment. First, Swarm Retrieval indexes are transferable across compute fabrics provided the
deployment targets of interest can handle the same floating point precision used in the KV-
cache. Second, a Swarm Retrieval index benefits from the adaptability that is characteristic
of RAG systems, i.e., individual paper spirits can be added or removed post-hoc throughout
the lifecycle of the index. Third, a dedicated compute infrastructure can be swiftly repur-
posed to host a different corpus by simply swapping these KV-caches, an operation that
is highly optimized in today’s LLM deployment research landscape |96, 83, 152]. Finally,

Swarm Retrieval indexes can be composed to form compound indexes.
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5.3.2  Farly Termination

A second proposed efficiency mechanism is early termination. In large corpora, most doc-
uments are irrelevant to any given query. If a paper spirit’s first generated decision token
indicates rejection or abstention—by design, it will—generation can be preempted imme-
diately, avoiding the cost of decoding a full justification token-by-token. This is a design
hypothesis, not a measured result in this dissertation. Crucially, the system can be con-
figured to avoid this preemption to cater for applications that require, and can afford, a
justification for every rejection.

As an illustrative calculation, if 95% of documents are irrelevant to a typical query and
can be rejected after a single decoding step, early termination would reduce the amount of
full self-assessment generation by approximately 20x relative to a system that generates full
justifications for every document. This estimate is a systems hypothesis which we plan to be
validate by measuring latency, throughput, memory use, and retrieval quality under different

rejection thresholds.

5.3.8  Why Small Models May Be Sufficient (and Necessary)

A central design hypothesis of Swarm Retrieval is that the self-evaluation task assigned to
paper spirits is narrow enough to be handled by small language models. Structured relevance
judgment conditioned on a document and a query imposes substantially lower computational
and representational demands than open-ended scientific discovery, and research on small
language models as potential workhorses of agentic Al is gaining traction [15]. Our empirical
results of Chapter 4 provide indirect support for this hypothesis: small models can perform
surprisingly well on structured scientific question-answering when supplied with retrieved
context. Whether this transfers to document-level relevance self-assessment remains an open

empirical question we aim to investigate.
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Small models (SLMs) are attractive in this setting for three reasons. First, they reduce
the memory footprint of maintaining many persistent agents. The task calls for a man-
ageable upper-bound on the context length to hold a single document, concise instructions,
and a structured output designed for brevity. Second, they make high-throughput decision
generation more plausible simply because great numbers of these SLM instances can be run
in parallel thanks to their low memory footprint, increasing throughput as a result. Third,
they are easier to specialize for narrow output schemas such as ACCEPT, REJECT, ABSTAIN,
confidence, reason code, and evidence span. Moreover, size of SLMs position them well for
fine-tuning routines aiming to specialize them for the general Swarm Retrieval task we have
been defining in this chapter. These advantages are contingent on a thorough calibration: an
SLM-based paper spirit that always accepts, confidently rejects relevant documents, or fab-
ricates evidence would be useless or even catastrophic. Viability of the approach hinges on
whether SLMs can be made faithful, calibrated, and non-degenerate under realistic retrieval

workloads.

5.4 Self-Evaluation and Argumentative Retrieval

In Swarm Retrieval, relevance is not computed exclusively by a distance metric, but is
expressed as a structured decision narrative. Each paper spirit receives a query and emits
an output object containing a relevance decision, a confidence estimate, evidence pointers,
and a short explanation. The retrieval system then selects among these arguments rather

than selecting among silent vectors.

5.4.1 Paper Spirit Self-Assessment

A paper spirit’s self-assessment should be strict enough to support automatic evaluation
and constrained enough to prevent latency-inducing free-form overgeneration. A candidate

schema is depicted in Figure 5.4
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Swarm Retrieval Decision Schema

&

Decision Record
F— decision: ACCEPT, REJECT, or ABSTAIN
F— confidence: calibrated score or categorical confidence level
F— evidence spans: pointers to
* sentences
» sections
+ figures
* claims
F— reason_code: relevance relation
* direct evidence
» methodological relevance
* background context
» contradiction
+ insufficient evidence

— justification: brief natural-language explanation

&

over its predecessors.
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Figure 5.4: Schema proposed in this figure aims to standardize the relevance judgement
of each paper spirit. The schema is designed with the purpose of promoting robustness,
reproducibility, acceptable latency, and favorable overall computational efficiency.

The inclusion of ABSTAIN is important and is a unique advantage of Swarm Retrieval
Standard retrievers are forced to return a ranking even when the
corpus does not contain useful evidence. Swarm Retrieval makes uncertainty—for selection,
rejection, and abstention alike—explicit. More importantly, it represents a retrieval system
that can choose to return no response as a response in and of itself, and clearly express its

reasoning behind such decision. Indeed, there exist use cases in which this quality is not



merely a tangential addition but a non-negotiable requirement: in clinical decision support,
for instance, a system that confabulates a source for a drug interaction or dosage guideline
is strictly worse than one that abstains, since a clinician can seek further consultation but

cannot un-act on misinformation.

5.4.2  Judge Adjudication

It is possible to envision a system where paper spirits are aligned with human-experts’
judgment on relevance through instruction fine-tuning and reinforcement learning [165, 122].
Given such a system, it is conceivable to argue for the redundance of the judge panel since
the paper spirits can be instructed to output quantitative scores, e.g. out of 100, that align
with experts. We acknowledge that as a potential future direction, and a notable alternative.

As we propose it in this chapter, the judge panel is introduced as a security layer to
prevent self-promotion and to separate document-level advocacy from final selection. If
paper spirits are allowed to argue for themselves, then the system must also guard against
degenerate behavior in which many documents claim relevance. The judge panel receives the
self-assessments from accepting spirits and ranks them based on the specificity and credibility
of the relevance argument.

In the simplest design, the judge receives the paper spirit’s structured output and doc-
ument metadata. A stricter design may also provide the cited evidence spans so that the
judge can verify whether the justification is grounded in the source text. Several adjudica-
tion strategies are possible: a single judge, majority vote among multiple judges, confidence-
weighted aggregation, or a calibrated scoring model trained on relevance labels. Determining

which of these mechanisms is necessary is part of the future evaluation agenda.
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Table 5.1: Comparison of retrieval paradigms.

Feature Vector RAG Swarm Retrieval (proposed)

Selection signal Distance or similarity Structured judgment

Document role Passive point Document-conditioned agent

Adaptability Re-embedding or reranking Rubric and judge modification

Output Ranked text chunks Chunks plus decisions and justifications
Uncertainty behavior Forced ranking Reject or abstain as first-class outputs
Failure mode Topical but unhelpful retrieval Over-acceptance or miscalibrated rejection
Index type Embedding vectors Embeddings and /or persistent KV caches
Interpretability Limited Designed-in relevance rationales

5.5 Comparison with Existing Paradigms

Swarm Retrieval differs from existing retrieval paradigms in the locus of agency and the
nature of the relevance signal. In standard dense retrieval, the document is represented as
an embedding and selected by proximity. In LLM reranking, an external model reviews a
candidate set and reranks the documents. In agentic RAG, an agent may rewrite queries,
plan retrieval steps, and orchestrate tools, but the documents themselves remain inert and
passive. Swarm Retrieval places part of the decision process inside the corpus: documents
become query-conditioned participants in evidence selection.

This distinction does not imply that we propose Swarm Retrieval as a replacement for
the existing retrieval methods. Rather, we envision it as a complementary addition to a
hybrid system that features the state-of-the-art in sparse, dense, and Swarm Retrieval. Each
of these approaches has irreplaceable strengths: sparse retrieval methods such as BM25 [133]
and TF-IDF [149] are deterministic and computationally efficient, but their reliance on exact
lexical overlap makes them brittle to synonymy, paraphrase, and morphological variation,
limiting their applicability in domains where surface-form consistency between queries and
documents cannot be assumed. Dense retrieval methods address this shortcoming by the
innately fuzzy nature of distance-based semantic search which is opaque in both its successes

and failures. Swarm Retrieval complements sparse and dense retrieval with its transparent
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outputs and versatile design, yet even with the most ingenious engineering innovations, it is
prone to be orders of magnitude slower than both.

We introduce a hybrid retrieval architecture that leverages the advantages of each under-
lying retrieval method while simultaneously mitigating their respective weaknesses. Accord-
ingly, vector retrieval, BM25 [133], or ColBERT [80, 136] serve as the initial high-throughput
filter to identify a candidate pool from the entire corpus (of potentially billions of text
chunks). Swarm Retrieval can then act as a second-stage decision system that emphasizes
rejection, abstention, polarity control, and reasoned justification. While the hybrid approach
appears to be the most practical option for real-world deployment, the standalone config-
uration remains experimentally significant—mnot because it is expected to be the primary
deployment strategy at the scale of millions of documents, but because it evaluates whether
the proposed primitive can perform retrieval without depending solely on nearest-neighbor

gating.

5.6 Evaluation Framework

Because Swarm Retrieval is proposed here as a future research direction, its evaluation must
be designed to test whether the paradigm provides behavior that is not reducible to ordi-
nary reranking. The goal is not merely to improve a standard ranking score, rather, it is
to determine whether document-conditioned judgment provides useful retrieval behaviors
that are difficult to obtain from similarity alone: explicit rejection, calibrated abstention,
evidence-grounded justification, robustness to distractors, and improved handling of ambi-
guity. Towards this direction, we propose to evaluate our approach in four axes: retrieval

quality, reasoning quality, robustness, and systems-level efficiency (Figure 5.5).
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Figure 5.5: Conceptual evaluation framework organized along four complementary axes:
retrieval quality (ranking performance), reasoning quality (faithfulness, selectivity, and ev-
idence grounding), robustness (behavior under ambiguity, distractors, and polarity shifts),
and system-level efficiency (throughput, latency, and KV-cache reuse).

5.0.1 Awxis A: Retrieval Quality

Standard information retrieval metrics remain applicable in evaluating Swarm Retrieval. Re-
call@K, Precision@K, MRR, and nDCG@10 permit direct comparison of Swarm Retrieval
against BM25, dense retrieval, late-interaction retrieval, hybrid retrieval, and LLM reranking
baselines, and address the threshold question of whether the proposed system retrieves rel-
evant documents at competitive quality. These metrics are nonetheless insufficient on their
own. A marginal improvement in nDCG at substantially greater computational cost would
not justify the added system complexity, regardless of conceptual novelty. The stronger
empirical case for the paradigm must therefore come from diagnostic evaluation settings in

which the capacity for explicit, interpretable decision-making is itself the quantity of interest.
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5.6.2 Auxis B: Reasoning Quality

A unique evaluation axis for Swarm Retrieval is the quality of the paper spirits’ self-
assessments. At minimum, this includes Faithfulness: whether the justification is grounded
in the source document; Acceptance accuracy: whether accepted documents are truly use-
ful for the query; Rejection accuracy: whether rejected documents are truly irrelevant; and
Evidence quality: whether cited spans actually support the stated relevance decision.

A foreseeable catastrophic risk is over-acceptance, i.e., if paper spirits frequently claim
relevance without evidence, then the system degenerates into a costly reranker with redun-
dant textual output of no value. We envision true selectivity in this context to lead to a
retrieval system that can indicate not only the relevant documents, but also present a in-
terpretable explanation to accompany and defend that judgement. Ultimately, the system

holds accountability for each document that selected for or excluded from the context.

5.6.3 Axis C: Robustness

The most important evaluation settings are those where similarity retrieval is known to be
fragile. These include ambiguous queries, topical distractors, polarity flips, and no-answer
cases. For example, a topically similar document may refute rather than support a claim.
A nearest-neighbor retriever may return it as relevant, while a document-conditioned agent
should ideally identify the polarity mismatch.

The hypothesis is that Swarm Retrieval should degrade more gracefully under these
conditions, producing calibrated rejection or abstention rather than confident false positives.
This hypothesis should be tested directly against dense retrieval, late-interaction retrieval,
and LLM reranking baselines. The relevant diagnostic metrics include false accept rate, false

reject rate, abstention precision and recall, intent coverage, and polarity error rate.
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5.6.4 Auxis D: System Properties

The final evaluation axis is systems feasibility. Even if Swarm Retrieval provides better
diagnostic behavior, it is only useful if its cost can be bounded and justified within the

context of its specific deployment scenarios. The key systems measurements are:

e Throughput: documents evaluated per second and queries answered per second.

e Latency: p50 and p95 latency, with stage-level breakdowns for broadcast, spirit as-

sessment, adjudication, and context assembly.

e Memory footprint: peak memory per cached spirit and total memory as the swarm

size grows.

e KV reuse speedup: measured speedup of cached-prefix inference relative to uncached

document-conditioned inference.

e Amortized indexing cost: the cost of building persistent document states relative

to expected query volume.

These measurements determine where the paradigm is practical. A pure-swarm design
may be feasible for small curated corpora, while large-scale scientific corpora may require
hybrid architectures we discussed in section 5.5 along with batching, and budgeted evalua-

tion.

5.7 Discussion

Swarm Retrieval is best understood as a research agenda rather than a completed retrieval
system. In the preceding chapters we showed that retrieval quality and reasoning structure

can substantially affect downstream scientific question answering. In this chapter, we ask
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what retrieval would look like if that observation were taken to its logical conclusion: if rel-
evance is not merely geometric proximity, but a query-conditioned judgment about whether
a document can contribute useful evidence.

Several open questions define the next stage of the work.

Does reasoning-driven selection outperform similarity-based selection? Our cen-
tral hypothesis is that structured relevance reasoning captures aspects of document utility
that embedding distance and lexical overlap cannot. Merit of Swarm Retrieval hinges on
rigorously evaluating this hypothesis. We do not discard the possibility that the additional
compute spent on per-document reasoning as a prerequisite for Swarm Retrieval would be

better spent on stronger encoders, better chunking, or more sophisticated reranking.

What is the right granularity for paper spirits? A spirit could represent a full paper, a
section, a paragraph, a semantic chunk, or even a claim-level unit. The trade-off is that finer
granularity improves precision at the computational cost of query broadcast, judge panel
adjudication, index building, maintenance, and storage. Conversely, coarser granularity

reduces system overhead but may force a spirit to reason over too much content.

Where should final authority reside? If documents argue for themselves, the system
requires a mechanism for adjudication. Here we are faced with two options: to trust paper
spirits directly or to introduce independent judges. We hinted at a third option in subsec-
tion 5.4.2: to combine self-assessment with retrieval scores, metadata, citation signals, or
external verification. The correct design depends on the failure modes observed in controlled

experiments which are planned.

Can the system scale to scientific-corpus size? KV caching and early termination

are proposed as mechanisms for making the system feasible, but they do not remove the
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engineering challenge associated with handling KV-caches for every key-value pair in a full-
size scientific corpus of millions of papers. We conceive several approaches to the problem.
First, we can perform preprocessing on the corpus to summarize its content before KV-
caching, eliminating noise. We have built the infrastructure to perform this at the scale
of hundreds of millions of documents [50] on the Aurora exascale system. Second, we will
explore efficient attention mechanisms [32, 31, 126] and custom scientific tokenizers [17,
30, 56| to reduce the necessary KV-cache. Beyond KV-cache management, scheduling large
numbers of short generations for paper spirits and judges, and calibrating rejection thresholds

at scale remain open systems questions.

Is Swarm Retrieval a new primitive or a reranking variant? This distinction war-
rants experimental rather than rhetorical resolution. A pure-swarm configuration evaluated
on a representative subset would establish whether document-conditioned agents are capa-
ble of performing retrieval in the absence of an ANN candidate gate. Hybrid configurations
would subsequently determine whether the primitive affords diagnostic behaviors that exceed
those of conventional LLM reranking—in particular, principled abstention, polarity control,

and intent coverage.

5.8 Conclusion

In this chapter we proposed Swarm Retrieval as a forward-looking framework for reasoning-
driven document selection. Our proposal follows from the trajectory of the dissertation.
In Chapter 3 we showed that high-performance retrieval infrastructure can substantially
improve scientific question answering without changing the generator model. In Chapter 4
we showed that reasoning traces can serve as powerful retrieval artifacts for adapting small
models. Swarm Retrieval extends these findings into a broader question: should retrieval

itself become a reasoning process?
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The immediate research question is not whether Swarm Retrieval should replace vector
retrieval outright. The question is whether it can expose behaviors that vector retrieval
does not naturally provide: explicit rejection, calibrated abstention, evidence-grounded jus-
tification, and robustness to topical but misleading distractors. If these behaviors can be
demonstrated at acceptable cost, then the future of scientific retrieval may not lie only in
finding the closest point in an embedding space, but also in asking the corpus to explain

why it should be trusted.
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CHAPTER 6
CONCLUSION

This dissertation set out to investigate whether the design of retrieval-augmented reasoning
systems, when informed by the high-performance computing infrastructure on which they
run, could meaningfully change what scientific Al is capable of. The central claim we aimed

to advance boils down to:

The path to reliable scientific Al lies not in larger models but in co-designing

retrieval, reasoning, and HPC infrastructure as a unified system.

The three preceding contributions—HiPerRAG (Chapter 3), the automated MCQA bench
mark generation pipeline with reasoning-trace retrieval (Chapter 4), and Swarm Retrieval
(Chapter 5)—were each formulated to test a different facet of this claim. Together, they
support a unified position about how scientific Al should be built and where its near-term

progress is most likely to come from.

6.1 Summary of Contributions

HiPerRAG. Chapter 3 presented HiPerRAG, a distributed RAG workflow that indexes
3.6 million scientific articles across three leadership-class supercomputers. The chapter
demonstrated that the co-design of retrieval algorithms with HPC infrastructure can yield
scientific RAG systems that outperform both domain-specific models and frontier commercial
LLMs on scientific question answering, and do so without modifying the generator’s weights.
The discussion featured dedicated evaluation results for the key components of HiPerRAG.
Specifically, the Oreo parser delivered a 4.5x throughput improvement and a 94.6x im-
provement in FLOP utilization over Nougat, while supporting 20 categories of document

elements rather than three. Similarly, the ColTrast objective provided a principled way of
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jointly finetuning encoders at the token and sequence level for scientific retrieval. The most
consequential empirical finding of the chapter was that a Mixtral-8x7B model retrieving with
PubMedBERT from our Protein Literature Corpus surpassed the retrieval-free performance
of GPT-4 (a frontier model at the time) on the PubmedQA benchmark. This finding inverted
the conventional wisdom that improving LLM performance on scientific tasks requires either
larger models or domain-specific pretraining, and it established retrieval quality as one of

the salient contributors to downstream accuracy in knowledge-intensive scientific tasks.

Automated MCQA generation and reasoning-trace retrieval. Chapter 4 extended
this thesis from retrieval over text to retrieval over reasoning. The chapter introduced an au-
tomated MCQA benchmark generation pipeline that produces provenance-tracked questions
at HPC scale, addressing the structural problem of benchmark contamination by enabling
topically relevant evaluation sets on demand. Applied to radiation and cancer biology, the
pipeline yielded 16,680 questions from 22,548 open-access articles. Beyond the pipeline itself,
the chapter introduced distillation through retrieval. Rather than fine-tuning small models
on teacher reasoning traces, we stored those traces in a vector index and retrieved them at in-
ference time. The overarching empirical result is that TinyLlama-1.1B improves from 17.6%
to 71.0% accuracy on the synthetic benchmark, and 8B-parameter models exceed 91% accu-
racy under their best reasoning-trace configurations. The inverse scaling effect observed in
this setting is, to our knowledge, a previously undocumented property of retrieval-augmented
reasoning. We therefore posit that traces are most valuable precisely where they are most
needed, i.e., for models with limited parametric capacity that cannot reconstruct the rea-

soning path from raw evidence alone.

Swarm Retrieval. Chapter 5 took the trajectory of the preceding chapters to its logical
conclusion. If retrieval quality matters more than generator scale, and if reasoning structure

matters more than raw text, then retrieval should evolve beyond a static lookup and be
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reimagined as an active dialogue between the documents and the query. Swarm Retrieval
reframes documents not as passive points in a vector space but as document-conditioned
agents that can accept, reject, abstain, and justify their participation in a generated answer.
Our discussion in this chapter is intentionally forward-looking as it contributes a conceptual
framework, a systems design built on KV-cached document agents and early termination,
and an evaluation agenda organized around four axes (retrieval quality, reasoning quality,
robustness, and systems feasibility). It is worth noting that we do not aim to replace vector
search with Swarm Retrieval, which would admittedly be infeasible given the computational
cost and latency in favor of vector search. Rather, we propose a complement to the existing
paradigm which equips retrieval systems with the interpretability and versatility required in

high-stakes domains like medical and nuclear sciences.

6.2 Limitations

We register several limitations with which the empirical claims of this dissertation should be
read. First, although HiPerRAG indexes 3.6 million articles, this represents approximately
1.8% of the estimated 200 million scientific papers in existence, i.e., the system has not
yet been validated at the scale of the full scientific corpus. Second, retrieval throughout
this work is text-only, which admittedly excludes crucial modalities of dissemination such
as scientific figures, tables, and equations. Third, the reasoning-trace experiments rely on a
single frontier teacher model (GPT-4.1). Consequently, whether the observed gains generalize
across teacher models, and whether trace quality is sensitive to teacher choice, remains to
be characterized in subsequent work which we intend to do. Fourth, the ColTrast objective
carries the risk of overfitting on the token distribution that comprises its training data. This
trade-off between custom-tailored, query-aware encoders and their more generic and thus
generalizable counterparts remains an active research problem. Fifth and finally, Swarm

Retrieval is presented as a research agenda rather than a completed system, and its viability
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is contingent on empirical results that remain to be obtained.

6.3 Broader Implications

The findings of this dissertation carry implications beyond the specific systems it presents.

The frontier of scientific Al is no longer defined exclusively by model scale. A
small model with access to high-quality retrieval and reasoning traces can match or exceed a
frontier model operating without retrieval, and do so at a small fraction of the inference cost,
with full auditability, and without retraining for each new domain. As scientific enterprise
globally evolves toward an agentic Al-assisted future, workflows that require thousands of
LLM calls throughout a campaign by models of varying sizes quickly become the new norm.
Evidently, using trillion-parameter foundation models for every role in these multi-agent
campaigns is prohibitively costly. Small language models like those that we augment in this
dissertation to perform commensurately with frontier models emerge as promising workhorses

of the imminent agentic future.

Indexing the full body of published science is no longer aspirational. The compute
required to scale HiPerRAG from 3.6 million to 200 million papers is approximately 55x the
present workload, a target well within the capacity of Aurora at ALCF (note that Aurora
was under construction at the time this research was conducted), Frontier at OLCF, and
the upcoming generation of exascale systems like Equinox and Solstice pending arrival at
Argonne National Laboratory. The question is no longer whether a unified, queryable index
over all of published science is technically feasible, but whether the scientific community
will commit to building it. This gargantuan undertaking would be best motivated by the
realization that, in the near future, humans will interface with the ewisting science through

AT agents which will perceive the realm of scientific corpus via fast and accurate retrieval.
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Retrieval is becoming an interpretive process. The progression from vector-based
RAG to reasoning-trace retrieval and ultimately to Swarm Retrieval reflects a fundamen-
tal shift: retrieval systems are no longer passive selectors of context, but agents capable of
explaining their own decisions. In scientific applications where trust, reproducibility, and
auditability are non-negotiable, this shift is not cosmetic, but essential. A system that pro-
vides explicit justification for every inclusion and exclusion in the retrieved context not only
enables more informed human scrutiny of the final output, but also improves the reasoning

trajectories of downstream LLM orchestrators that rely on retrieval as a tool.

6.4 Future Directions

Several research directions follow naturally from this work. Project ExaForge [50], currently
underway on Aurora, scales reasoning-trace generation to 100 million traces from 10 mil-
lion papers spanning the entirety of arXiv. The central question driving this endeavor is
whether distillation through retrieval can yield general-purpose scientific reasoning capabili-
ties in small language models when the index spans diverse scientific domains. The empirical
validation of Swarm Retrieval- beginning with a pure-swarm run on a curated subset and
progressing to hybrid evaluations against dense retrieval, late-interaction retrieval, and LLM
reranking baselines— is a natural next step. Integration of the resulting retrieval systems with
multi-agent scientific discovery frameworks, in which retrieval-augmented small models serve
as domain-specialized agents in swarms numbering in the thousands, would test whether the
contributions of this dissertation can support not only scientific question answering but au-

tonomous scientific discovery itself.
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