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Abstract

Generative Large Language Models (LLMs) are a promising approach to struc-
turing knowledge contained within the corpora of research literature produced by
large-scale and long-running scientific collaborations. Within experimental particle
physics, such structured knowledge bases could expedite methodological and edito-
rial review. Complementarily, within the broader scientific community, generative
LLM systems grounded in published work could make for reliable companions
allowing non-experts to analyze open-access data. Techniques such as Retrieval
Augmented Generation (RAG) rely on semantically matching localized text chunks,
but struggle to maintain coherent context when relevant information spans multiple
segments, leading to a fragmented representation devoid of global cross-document
information. Here, we utilize the hierarchical organization of experimental physics
articles to build a tree representation of the corpus, and present the SCITREERAG
system that uses this structure to create contexts that are more focused and con-
textually rich than standard RAG. Additionally, we develop methods for using
LLMs to transform the unstructured corpus into a structured knowledge graph
representation. We then implement SCIGRAPHRAG, a retrieval system that lever-
ages this knowledge graph to access global cross-document relationships eluding
standard RAG, thereby encapsulating domain-specific connections and expertise.
We demonstrate proof-of-concept implementations using the corpus of the LHCb
experiment at CERN.

1 Introduction

LLMs and the systems built around them are rapidly transforming the way that technical knowledge
is organized and retrieved. The format of experimental physics articles, however, remains largely
unchanged, still consisting of text, tables, and visual representations of data such as histograms
packaged into a rigid structure and format. In this context, large research collaborations, e.g. those at
the Large Hadron Collider (LHC), have produced thousands of publications, along with various types
of supplemental data files containing the values of measurements and other types of results.

Crucially, many CERN-based collaborations have made subsets of their expert-curated data available
for public use CERN Open Data Policy Working Group| [2020], |CER|[2025]]. While the knowledge
required to analyze these public data is, in principle, contained in the experiment’s corpus of
articles, in practice reading such a large corpus is prohibitively time consuming. More critically,
synthesizing the requisite analysis techniques requires tracing interconnected knowledge dependencies
distributed across hundreds of articles, effectively requiring non-specialists to develop domain
expertise. Consequently, CERN open data remains largely underexplored despite its scientific
potential. In the same spirit, new members joining a large collaboration—such as incoming PhD
students—face a steep learning curve before they can effectively contribute. Lastly, the sheer size
of such collaborations fragments knowledge into sub-domain clusters, often leading to duplicated
efforts and delayed progress due to limited cross-group awareness.



These bottlenecks suggest that automated knowledge-retrieval systems could significantly lower entry
barriers. Indeed, studying LLM-based approaches for scientific knowledge retrieval is an active
area Beltagy et al.|[2019]], Han et al.|[2021]], He et al. [2025]], Xu et al.|[2025], Buehler| [2024]], Zhong
et al.| [2025], including at the LHC where the focus has been on broader organizational tools|Dal Santo
et al.|[2025], Duarte et al|[2024]. The tendency of LLMs to hallucinate is generally mitigated using
RAG techniques Lewis et al.[[2020], |Asai et al.|[2023], which involves retrieving relevant text chunks
from a pre-chunked corpus in order to populate the context of the LLM. There are a few problems,
however, with using traditional RAG for this task:

Accidental Semantic Similarity Traditional RAG systems rely solely on the reductive metric of
chunk-based semantic similarity, which can lead to retrieval of irrelevant passages that happen to
share keywords or phrasing with the query but lack topical relevance or broad contextual awareness.

Fragmented Context Traditional RAGs fragment context by concatenating text chunks based purely
on semantic similarity, without regard for their logical relationships or the original document structure.
This approach can juxtapose unrelated passages, creating incoherent information dumps that mislead
LLMs into assuming false connections between adjacent but unrelated content.

Lack of Global Knowledge Expert-level responses often require global knowledge, emergent from
the relationships and patterns that become apparent only when the corpus is considered as a whole.
Traditional RAG systems are limited to retrieving isolated chunks of text based on semantic similarity,
preventing access to this emergent layer of global knowledge.

Accidental semantic similarity is typically addressed with rerankers Nogueira and Cho| [2019],
Nogueira et al.|[2020], which use cross-encoder architectures to jointly encode query—document pairs
and reorder text chunks based on richer semantic signals than embedding similarity. However, this
post-hoc fix overlooks knowledge fragmentation, as it evaluates chunks in isolation without regard
for their role in the document’s logical structure.

In this work, we address these limitations through two complementary approaches built from the
corpus of the LHCb collaboration. We introduce SCITREERAG, a knowledge-retrieval method
that leverages the hierarchical and broadly uniform structure of LHCb articles to enable focused
and contextually rich retrieval while avoiding fragmenting information. Furthermore, we develop
a knowledge graph of LHCb-specific systematic uncertainties and analysis methods through LLM-
inferred, context-aware connections. This SCIGRAPHRAG approach encapsulates the layer of global
knowledge inaccessible to traditional RAG, acting as a queryable surrogate of domain expertise.

2 SCITREERAG: Local Knowledge Retrieval

SCITREERAG addresses the issues of accidental semantic similarity and fragmented context by
exploiting the hierarchical tree-like structure inherent to scientific publications. For each article, it
builds a tree representation to guide retrieval toward semantically relevant content in contextually
appropriate sections. The tree representation also lends itself to the creation of more structured
contexts helping prevent the issue of context fragmentation. Related tree-based RAG methods have
been proposed for long documents [Tao et al.| [2025], L1 et al.| [2025a].

The tree-construction process works as follows: the (sanitized) I4IEX source is parsed to find
hierarchical elements (sections, subsections) and indivisible units (paragraphs, figure captions, table
captions, equations). Each article is represented by a tree with the abstract at the root node, each
section and subsection creating intermediate nodes, and the atomic content at the leaf nodes. All
intermediate nodes are given brief LLM-generated summaries by recursively concatenating and
summarizing the summaries of their children. The root node summary is the abstract, and the base
case for a leaf node summary is its atomic content. While this recursive summarization incurs
a moderate upfront computational cost, it is performed only once during tree creation, making
subsequent retrieval operations efficient. See Appendix [C|for details on how the tree representation is
constructed, how relevant information is retrieved from it, and for computational costs.

Each node is initially assigned a dense vector embedding by feeding its summary into a paragraph
embedding model. These embeddings are refined through a recursive attention-weighted process
that leverages the hierarchical structure to filter spurious matches. Since section summaries and
their constituent content represent the same information at different abstraction levels, the hope is to



amplify semantic signals robust across both representations while diluting incidental features like
word choice artifacts or summary hallucinations that might cause false retrieval matches.

SCITREERAG retrieves information by traversing the document hierarchy from abstract to specific
content. Rather than retrieving chunks based solely on semantic similarity, SCITREERAG selects
chunks that are both semantically similar to the query—and originate from sections that are topically
relevant to the query. The retrieval algorithm uses a greedy tree traversal that prioritizes the most
promising document sections before examining their constituent chunks. The refined embeddings
help avoid exploration in topically irrelevant directions incidentally semantically similar to the query.

3 SCIGRAPHRAG: Global Knowledge Retrieval

Although SCITREERAG excels at retrieving focused information within individual documents, it
suffers from the standard RAG inability to access relational information or patterns emergent from
the entire corpus. To address this, SCIGRAPHRAG uses an LLM-constructed knowledge graph (KG)
representation of the corpus to store structured relational information. The system uses CYPHER, the
Neo4;j graph querying language Neo4j Inc.|[2024], to make this KG representation queryable. Recent
graph-based RAG systems similarly construct KGs to enable relational retrieval Edge et al.[[2024],
Xu et al.|[2024], Zhao et al.| [2025]], [Li et al.|[2025b]].

KGs require a schema, which defines the graph structure and the types of entities, relationships,
and attributes it can contain. The LHCb schema is based on the structure of particle physics
analyses—in particular the determination of measurement uncertainties. This schema focuses on how
different analyses handle similar systematic effects; which uncertainties dominate for specific types
of measurements; and how methods for treating uncertainties have evolved over time. In addition, the
schema is concise and narrowly scoped to enable being described to an LLM.

Effective KG construction requires identifying and linking entities and relationships across the
full corpus, which is challenging due to LLMs being constrained by finite context windows. To
address this, we leverage the fact that high-quality KGs can be constructed from individual articles,
whose content typically fits within the LLM context window. We first generate per-article KGs then
subsequently perform cross-document canonicalization |Zhang and Soh| [2024] to produce a cohesive,
corpus-level KG with high interconnectivity.

To construct per-article KGs, an LLM is first fed the abstract along with instructions to extract
high-level information about the analysis, measured observables, and relevant physical processes.
Then, the LLM is fed relevant text from the body of the article to extract a KG representation of
the key sources of uncertainty and the methods used to determine them. A modern LLM such as
GPT-5 mini is capable of undertaking these tasks, and in our observation can produce accurate graph
representations of an analysis. Similarly to SCITREERAG, this step does incur a moderate upfront
computational cost only once during its creation. However, the transformation of the corpus into this
structure allows access to information which would otherwise be extremely difficult to query.

The next step, canonicalization, assimilates the individual KGs into a single unified KG. This process
resolves duplicate entities across individual KGs by iteratively combining similarity clustering with
LLM-as-judge merge decisions. Since each KG may have thousands of entities, similarity clustering
is used as an initial filter to reduce the complexity of the canonicalization. All KG entities are
transformed into a hybrid vector representation, with TF-IDF used to vectorize the entity names
(where keywords dominate the meaning) and semantic embeddings used for entity descriptions
(where semantic content dominates), which are then combined into a weighted similarity score.
Entities of the same type are agglomeratively clustered in this combined similarity space, with
constraints applied to prevent merging entities from the same source paper. The clusters are then fed
asynchronously to LLM judges which make the final decision on which entities within a cluster are
duplicates and perform the necessary merging. (See Appendix [D|for computational costs.)

As we show in Sec. |4 this canonicalized KG constructed from the entire LHCb corpus stores
global knowledge that was previously inaccessible by querying on unstructured text. To access
this knowledge, natural language (NL) queries must be translated into the CYPHER graph-querying
language, for which we currently use an LLM that knows the graph schema, as well as policies to
follow when constructing an effective query. The resulting CYPHER expression defines cuts on the



graph, which are evaluated in order to return a subgraph in response to the query. The returned
subgraph undergoes LLM-based synthesis to produce an NL answer to the original NL query.

Recent graph-based RAG systems have explored various approaches to knowledge graph construction
and query strategies (for a comprehensive survey, see Han et al.|[2025]]), including community-based
summarization Edge et al.| [2024]), entity-centric retrieval | Xu et al.|[2024]], Zhao et al.| [2025]], and
graph-guided expansion |Zhu et al.| [2025]], [Li et al.|[2025b]]. Notably, GraphRAG constructs a
generic KG from unstructured text, partitions it into communities using hierarchical clustering, and
generates multi-level summaries to support global sensemaking queries. In contrast, SCCIGRAPHRAG
is tailored to the scientific domain: it builds a schema-guided KG with predefined entity types (papers,
observables, decays, uncertainty sources, methods) and explicit relationships extracted from particle
physics literature. Rather than community-based summarization, SCIGRAPHRAG translates natural
language questions into structured Cypher queries over this canonicalized graph, enabling precise,
interpretable, and relation-grounded retrieval of domain-specific knowledge. Accordingly, we present
SCIGRAPHRAG as a prototype system illustrating what such a domain-specific graph interface can
achieve, and defer a full systematic evaluation to future work.

4 Experiments

We compare SCITREERAG to standard RAG via a systematic study using the HFLAV evaluation
dataset described in Sec. The evaluation methodology employs an LLM-as-judge approach with
instructions to answer the query using only RAG-provided context. Figure[2]shows the distribution of
response quality grades. SCITREERAG demonstrates modest but consistent improvements over RAG,
receiving "poor" ratings only 10% of the time compared to 25% for RAG. In addition, SCITREERAG
achieves "satisfactory” or "good" ratings more than 50% of the time, compared to approximately 42%
for standard RAG. (Full details provided in App.[B.I})

While the observed gains over standard RAG are modest, the one-time indexing costs of tree
construction and KG canonicalization are acceptable at the scale of a fixed collaboration corpus, and
they enable classes of cross-document, schema-level queries that standard RAG cannot answer at all.

The SCIGRAPHRAG system needs more development to make automated KG construction and
NL-to-Cypher translation reliable. Thus, we only demonstrate its performance on human-vetted
example queries from the HFLAV dataset in App. [B.2] with one example provided here.

Query v What decay channel should I use to measure the CP violating phase v? What sources of
systematic uncertainty will dominate my analysis?

SCIGRAPHRAG Response Use a combination of tree-level B — D")h modes plus the time-
dependent By — DT K* channel. Practically this means including B* — DK™* and B* — Drn*
(with D — Kgrrm, KsKK, K*nF, K*n¥tntnT, 3- and 4-body final states), B* — D*K¥,
B% — DK*9/% and B — DK*tn~ (GLW/ADS/GGSZ-type approaches), and the time-dependent
BY - DFK *+ analyses — combining these channels is the route taken in recent LHCb determinations

and gives the best precision on v [2010.08483, 2410.21115, 2209.03692, 2412.14074].

The dominant systematic uncertainties will be external hadronic inputs and model/theory assumptions:
uncertainties on D-decay hadronic parameters ( 7")5 , (5)5 , f-z),f, CP-even fractions Fy for multi-body
modes) and the coherence/strong-phase inputs used in model-independent Dalitz/binning approaches
(these appear as a separate “external/strong-phase” uncertainty in several measurements) will
dominate; if you use U-spin relations the non-factorizable U-spin-breaking modelling is a large,
non-reducible theory systematic; and using external constraints (e.g. world-average v or —205 as

inputs) propagates their uncertainties into your result [2010.08483, 1408.4368, 2311.10434].

The LLM-as-judge score for this response is "good" whereas both the SCITREERAG and RAG
are rated only "satisfactory" for this query. (We agree with these ratings.) Examples like this
serve as illustrative cases of what a more mature SCIGRAPHR AG implementation could achieve.
Figure|l|shows that the KG for this query contains all LHCb v measurements, along with the relevant
decay processes and uncertainty sources. (Note that the code will be made public and linked in the
camera-ready version of this workshop paper.)
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Figure 1: Visualization of knowledge subgraphs for Query (left) Am, and (right) -y (see App.[B.2)
showing relationships between articles (dark blue), decay processes (yellow), observables (purple),
and uncertainty sources (light blue). The four duplicated "Delta m_s" entities in the left graph are
evidence of imperfect entity resolution during KG construction. In the right graph, all 17 "CKM
Angle gamma" observables from distinct articles were properly canonicalized into a single entity.

5 Broader Impact

Automatic knowledge retrieval via LLMs is a topic with clear broader impacts across the field of
experimental physics. As discussed above, we believe that knowledge graphs and graph clustering
provide a path to producing expert-level responses by making it possible for the LLM to see the forest
through the trees. A key component of this approach is producing knowledge graphs for each article.
We believe that the best approach here is to first agree on a common high-level schema to be used
across all LHC experiments. This will not only make it easier to develop common tools for automatic
knowledge retrieval, it will also make these knowledge graphs human understandable across the
experiments. For future articles, ideally knowledge graphs would be produced and vetted by the
collaborations and published with the articles. For past articles, which number in the thousands,
these can be auto produced (as we have done here) but at a minimum they should be validated by the
collaborations. For the LHC experiments, this approach could enable producing an analysis co-pilot
to help non-experts analyze their open data or to help their own PhD students analyze the full (private)
data samples. We also note that past experiments, such as those from LEP, could also benefit from
such a tool making analyzing their open data much easier.
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A Evaluation Datasets

A.1 LHCb Corpus

For this work a corpus of 834 LHCb publications LHCb Collaboration| [2010-today] was assembled
by querying the INSPIRE-HEP INSPIRE Collaboration| [2025] literature database API. This col-
lection comprises published and peer-reviewed measurement papers, detector-performance papers,
conference contributions, review papers, and theoretical papers published by the LHCb collaboration
between December 2009 and August 2025.

For each publication, the raw IATEX source was downloaded and merged into a monolithic source file
using the latexpand command-line toolkit Moy|[2023]]. This document was further processed to
remove all extraneous IATEX content, comments, bibliography entries, and collaboration author lists.
All LHCD collaboration and user-defined latex macros were expanded down to raw I&IEX source
using the expand-latex-macros Python library McGreivy| [2025].

A.2 HFLAV Eval Q&A

In order to evaluate the effectiveness of our RAG systems, we need a ground truth dataset of questions
with known answers that could reasonably be asked from the LHCb corpus. To this end, we developed
an evaluation strategy leveraging the Heavy Flavour Averaging Group (HFLAV) report "Averages of b-
hadron, c-hadron, and 7-lepton properties as of 2023" Banerjee et al.| [2024]], a meta-analysis devoted
to the statistical combination of heavy-flavour results including many from the LHCb collaboration.

The HFLAV report was specifically chosen in light of following considerations: (1) it is not included in
the LHCb corpus, ensuring our evaluation tests genuine retrieval capabilities rather than memorization;
(2) it contains detailed technical content requiring cross-document synthesis from multiple LHCb
analyses; (3) it provides verifiable numerical benchmarks and methodological comparisons that can
serve as objective accuracy metrics.

For dataset construction we separately processed each HFLAV chapter containing LHCb-relevant
content. Tables, measurement summaries, and technical discussions were parsed by GPT-5 mini to
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identify key physics concepts, measurement techniques, and numerical results that would be expected
to appear in a comprehensive LHCb corpus analysis.

Using GPT-5 mini, we generated evaluation queries designed to test both precision retrieval (finding
specific technical details) and synthesis capabilities (understanding relationships across multiple
analyses). The LLM was prompted to specifically target queries about optimal decay channels,
systematic uncertainty sources and evaluation protocols, and methodological comparisons across
analyses. Each query also needs to include factual checkpoints (specific decay channels, numerical
uncertainties, measurement techniques) that can be objectively evaluated against HFLAV reference
values

Queries are generated alongside a detailed rubric:

» Essential requirements: Core physics principles and basic methodology that any competent
answer must include;

* Expert-level requirements: state-of-the-art methodologies for systematic uncertainty eval-
uation, cross-analysis correlations, and validation methods that distinguish comprehensive
responses;

* Factual benchmarks: Specific numerical values, decay processes, and procedural details
that can be verified against the HFLAV reference.

This process generated 8 queries per chapter across 7 relevant HFLAV chapters, resulting in a
56-question evaluation dataset covering a breadth of LHCb physics topics. Example queries include:

Query: What are the most precise measurements of b-hadron lifetimes performed
by LHCb, and how do the systematic uncertainties in these measurements compare
across different decay channels and methodologies?

Query: What is LHCb’s most precise measurement of |V,;| from exclusive semilep-
tonic B decays, and how does it compare to the inclusive determination? What are
the dominant sources of theoretical and experimental uncertainty in the exclusive
approach?

Query: Which B° decay mode has been most useful for studying polarization
fractions in vector-vector final states, and what are the LHCD results?

B Additional Experiments

B.1 Standard RAG vs SCITREERAG

To evaluate the effectiveness of SCITREERAG against standard RAG approaches, we conducted a
systematic comparison using the HFLAV evaluation dataset described in Section[A.2] We tested three
configurations: BASERAG (standard chunking-based retrieval), SCITREERAG without diffusion,
and SCITREERAG with diffusion-enhanced embeddings. The analysis was averaged across multiple
context window sizes (8k, 16k, and 32k tokens), with no significant dependence found on context
window size.

The evaluation methodology employed an LL.M-as-judge approach where the context from all three
RAG systems was inputted to an LLM, with instructions to answer the query using only the provided
context. These answers were anonymized and shuffled before being simultaneously presented to an
evaluator LLM along with the detailed rubrics developed for each query. The evaluator assigned
grades on a four-point scale: "Poor", "Below Average", "Satisfactory", and "Good", based on objective
metrics within the query rubric.

A human expert validation was performed on a subset of the LLM-generated grades, finding no
evidence of significant hallucinations and good adherence to the established rubrics. However, since
this human-expert validation was not conducted across the entire evaluation dataset, these results
should be interpreted with appropriate caution.

Figure 2] presents the distribution of response quality grades across the three systems. SCITREERAG
demonstrates modest but consistent improvements over BaseRAG. Most notably, SCITREERAG with
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Figure 2: Distribution of response quality grades across BASERAG, SCITREERAG without diffusion,
and SCITREERAG with diffusion systems evaluated on the HFLAV dataset. Results are aggregated
across context windows of 8k, 16k, and 32k tokens.

diffusion achieves the best performance, receiving "poor" ratings only 10% of the time compared to
20% for SCITREER AG without diffusion and 25% for BaseRAG. Both SCITREERAG configurations
achieve "satisfactory" or "good" ratings more than 50% of the time, compared to approximately 42%
for BaseRAG.

B.2 SCIGRAPHRAG Examples

The SCIGRAPHRAG system is still a work in progress, with room for improvement across the
per-paper KG construction process, the graph canonicalization process, and the natural language
to Cypher translation process. In addition, the current graph schema is narrowly scoped and only
accommodates specific styles of query effectively. Our observation is that when SCIGRAPHRAG
is able to produce a sensible answer, it generally produces a very high quality one. However,
SCIGRAPHRAG also frequently fails due to poor mapping of the query onto the schema of the
knowledge graph. Thus, we chose not to include the SCIGRAPHRAG in the systematic evaluation on
the HFLAV dataset and instead demonstrate what it looks like when the SCIGRAPHRAG system is
indeed succesfull.

Here we will demonstrate the performance of the SCIGRAPHRAG system on two queries, taken
from the HFLAV eval dataset, which were able to map effectively onto the existing knowledge graph
schema. The performance of the Base RAG and SCITREERAG systems were also included for
completeness, but these results are not meant to serve as a direct comparison between the systems.

Query Am,: Which decay provides the most precise measurement of the B?
eigenstate oscillation frequency, Amg? What are the dominant systematic uncer-
tainties for that measurement?

Rubric:

* Essential Requirements:

- Recognize that BY — Dy 7" and BY — Dy nTn~ 7T are the golden
channels for Amg precision due to clean reconstruction and large branch-
ing fractions

— Understand that flavor tagging efficiency and mistag rates are critical
systematic limitations

— Note that detector length scale calibration and momentum scale uncertain-
ties dominate systematic errors

¢ Expert-Level Requirements:

— Explain that the most precise measurements come from time-dependent
oscillation analyses of flavor-tagged BY decays



— Recognize that non-flavor-specific modes like B — J/¢y K™K~ can
also measure Am, but with larger uncertainties due to angular analysis
complexity

* Factual Benchmarks:

— The world average is Am, = 17.766 & 0.004 # 0.004 ps—*

- LHCb’s B? — Dym" measurement with 6 fb~! Run 2 data gives
17.768 4 0.005 4 0.003 ps~—*

- LHCb’s B — D;n"n~ 7" measurement with 9 fb~! combined data
gives 17.757 & 0.007 & 0.008 ps—!

— Systematic uncertainties are dominated by: length scale (~0.003-0.006
ps_i), momentum scale (~0.002-0.004 ps—1), and fit bias (~0.002-0.008
ps™)

— CDF provided the first observation with hadronic and semileptonic modes
yielding 17.77 4+ 0.10 £ 0.07 ps—!

— The decay channels B — D77t and B — D7 ntn~ 7t provide the
most precise individual measurements due to clean flavor tagging and
complete kinematic reconstruction

The following answers were constructed from the context provided by each of the three RAG systems:

SCIGRAPHRAG: The most precise direct measurements of the BS—ES oscillation
frequency come from hadronic B — D 7" (and closely related multi-hadron
D;nTrt ™ control) channels. For example, the recent LHCb result quoted
in the context gives Amg = 17.7683 £ 0.0051 (stat) & 0.0032 (syst) ps~! from
B% — Dy w7t [2104.04421]; earlier LHCb measurements on the same channels
report compatible values with larger uncertainties (e.g. 17.768 4+ 0.023 &£ 0.006
[1304.4741], and 17.757 4+ 0.007 £ 0.008 from a D;7T+7r+7r’ control channel
[2011.12041]). A combined LHCb “legacy” value is also quoted as 17.7656 +
0.0057 ps~—* (combination of these inputs) [2104.04421].

The dominant systematic effects identified in the provided context for these Am
measurements are those that bias the reconstructed decay time: (i) decay-time
biases from tracking/vertexing and PV-DV resolution (listed up to ©(0.007) ps~*
in the context for time-bias studies) [2011.12041, 1308.1302], (ii) the detector
z-scale / length-scale calibration along the beam axis (quoted ~ 0.004 ps~! impact
on Amy), and (iii) residual VELO alignment/misalignment effects (= 0.0031 ps—!
in the context). For the combined legacy number, the combination procedure and
assumed correlations between inputs (momentum/length scale, misalignment) are
an additional external systematic/assumption that affects the quoted combined
uncertainty but whose separate contribution is not specified in the provided context
[2104.04421].

TreeRAG: The most precise determinations of Am in the provided context come
from LHCb measurements using BY — D 7" decays. The 2011 LHCb analysis
(1.0 fb~1, ~ 34,000 signal decays) reports Am, = 17.768 £ 0.023 (stat) +
0.006 (syst) ps—* and is described as the most precise measurement to date
[1304.4741]. (An earlier 2010 LHCb result using B — Dy 7" and B! —
Dy 77~ 7" had a much larger statistical uncertainty: 17.63 £ 0.11 4= 0.02ps~!
[1112.4311].)

The dominant systematic uncertainties identified in these LHCb analyses are small
(the 2011 result has a 0.006 ps—! systematic) and arise principally from the decay-
time modelling: calibration of the per-event decay-time resolution (the S, scale
factor and its variation) and the decay-time acceptance function derived from full
detector simulation. These sources are treated explicitly in the fits (resolution
convolution with the scaled per-event o; and an acceptance £(t) from simulation)
and drive the quoted systematic uncertainty, which remains much smaller than the
statistical error for the current datasets [1112.4311, 1304.4741].

BaseRAG: The most precise measurement in the supplied context comes from
LHCb using B? — D, 7" decays (five D, channels): Amg = 17.768 +
0.023 (stat) + 0.006 (syst) ps—! [1304.4741]. An earlier LHCb result using
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B? — D,r and B — D,3n decays with a much smaller data set gave
Amg = 17.63 & 0.11 (stat) £ 0.02 (syst) ps—*, but that measurement was com-
pletely statistically limited [1112.4311].

The dominant systematic uncertainties reported or discussed in these analyses are
related to the decay-time resolution and its calibration (per-candidate estimated
uncertainty — true o, mapping) and small decay-time biases arising from selection
and detector alignment. Several of the papers describe calibrating the per-candidate
time uncertainty on prompt samples, modeling the resolution (often with scaled or
double-Gaussian forms), and observing a small bias of order a few fs that must be
included in the fit [1712.07428, 2011.12041, 1204.5675].

For this query the SCIGRAPHRAG system finds observables that are physical constants with names
containing "m_s" and calculates their semantic similarity to the sentence "B_s eigenstate oscillation
frequency"”, keeping only those with similarity above 0.5. For these matching observables, it then
traces through the experimental chain to find the scientific papers that determined these values, the
particle decay processes used to measure them, and any other related observables involved in those
measurements. It also identifies uncertainty sources that affect these measurements and calculates
average uncertainty rankings. Finally, it returns different sources of experimental uncertainty which
impact B_s oscillation frequency measurements, along with the relevant papers and decay processes
involved, all ordered by uncertainty ranking from most to least dominant.

The following answers were constructed from the context provided by each of the three RAG systems:

Query ~: What decay channel should I use to measure the CP violating phase v?
What sources of systematic uncertainty will dominate my analysis?

Rubric:

* Essential Requirements:
— Definition of y as the CP-violating phase v = arg(—V,qV.5/VeaVy) in
the CKM unitarity triangle
— Explanation that tree-level B-meson decays provide theoretically clean
measurements with negligible theoretical uncertainties
- Key decay channels: B¥ — Dh* (with various D final states), B¥ —
D*h*, B* - DK**, B - DK*9 and Bg — D;FKi decays
— Basic methodology involving interference between B decay amplitudes
with different weak phases
- Recognition that D meson final states must be accessible to both D? and
D’ decays
* Expert-Level Requirements:
— Discussion of different analysis techniques: GGSZ/ADS methods for
multibody D decays vs GLW method for CP eigenstates
— Treatment of hadronic parameter correlations and coherence factors in
multibody decays
— Simultaneous fitting approach that combines beauty and charm sector
measurements to constrain nuisance parameters
— Statistical methodology considerations including Feldman-Cousins confi-
dence intervals and profile likelihood methods
— Cross-validation between different B meson species (B*, BY, Bg) as
BSM sensitivity test
— Importance of external constraints from CLEO-c and BESIII for D decay
strong-phase measurements
* Factual Benchmarks:
— Current world-best v measurement precision is 2.8 from LHCb combi-
nation (7 = 64.6 + 2.8)
- B* — Dh* with D — h*h/T provides the most statistically powerful
constraint
— Systematic uncertainties contribute ~ 1.4 to total v uncertainty, indicating
statistical dominance
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- Key hadronic parameters: rgii ~ 9.7%, 6g;i ~ 127, with typical
uncertainties of 0.2% and 3 respectively

- DY mixing parameters z = (0.41 & 0.05)% and y = (0.621 4+ 0.021)%
must be measured simultaneously

— Time-dependent vs time-integrated analyses show consistent v values
within uncertainties

— Charm sector measurements contribute through D° — K*7%, D0 —
K9rTn=, DY — h™h~ decay studies

— External inputs required include coherence factors «, CP-even fractions
F,, and strong phase differences § from quantum-correlated D meson
studies

— Statistical combination uses ~ 200 input observables to determine ~ 50
parameters with goodness-of-fit ~ 20%

For this query the SCIGRAPHRAG finds the top 20 observables that are physical constants and ranks
them by semantic similarity to "gamma, CKM angle gamma" using vector embeddings. For each
of these gamma-related observables, it identifies the decay processes used to measure them, finds
any uncertainty sources that affect the measurements (along with the average importance ranking
of that uncertainty source), and collects information about the scientific papers that studied these
observables. The query then aggregates this information to return a comprehensive view of each
observable including its similarity score to gamma, the decay processes involved in measuring it,
relevant scientific papers, and the top 5 most significant uncertainty sources ranked by their impact
on the measurement precision, with results ordered by similarity to gamma from highest to lowest.

The following answers were constructed from the context provided by each of the three RAG systems:

SCIGRAPHRAG: Use a combination of tree-level B — D®h modes plus
the time-dependent B, — DT K* channel. Practically this means includ-
ing B¥* - DK* and B* — Dnt (with D — Kgrm, KgKK, K*rTF,
K*nFn%n¥F, 3- and 4-body final states), B¥ — D*K*, B® — DK*0/% and
B° - DK+~ (GLW/ADS/GGSZ-type approaches), and the time-dependent
B? — DT K+ analyses — combining these channels is the route taken in recent
LHCD determinations and gives the best precision on v [2010.08483, 2410.21115,
2209.03692, 2412.14074].

The dominant systematic uncertainties will be external hadronic inputs and mod-
el/theory assumptions: uncertainties on D-decay hadronic parameters (15, 67,
k7, CP-even fractions F'; for multi-body modes) and the coherence/strong-phase
inputs used in model-independent Dalitz/binning approaches (these appear as a
separate “external/strong-phase” uncertainty in several measurements) will domi-
nate; if you use U-spin relations the non-factorizable U-spin-breaking modelling
is a large, non-reducible theory systematic; and using external constraints (e.g.
world-average v or —23; as inputs) propagates their uncertainties into your result
[2010.08483, 1408.4368, 2311.10434].

TreeRAG: Use B — DK family modes with both time-integrated and time-
dependent approaches. In practice the most powerful channels in the provided
context are B¥ — DK*(892)* (with D reconstructed in two-, three- and four-
body final states: K77, Kt K, 7tn~, Kyntn=, KIKYK—, K*nFrEnT,
...) and the standard BY — DK¥ channels using GGSZ/ADS/GLW variants;
include B° — DK* and time-dependent BY — D{”F K* analyses for comple-
mentary sensitivity to v [2410.21115, 2401.17934, 1605.01082, 1503.09086].

The dominant systematic uncertainties you should expect are: the D-decay am-
plitude model (or the limited strong-phase inputs when using model-independent
binned GGSZ) which directly feeds into « (model uncertainties shown as a separate
error in GGSZ analyses) [1605.01082]; resonance and K* modelling / hadronic
parameters (1, dp) in K* regions and associated model variations [2401.17934];
detector and analysis systematics relevant to time-dependent modes such as decay-
time acceptance, time-resolution and flavour-tagging calibration, plus produc-
tion/reconstruction asymmetries and efficiency/angular corrections [1903.05530];
and external normalisation/branching-fraction uncertainties when quoting absolute
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rates [1503.09086]. In the recent LHCb results these systematics are subleading to
statistics but the D amplitude / strong-phase and resonance-modelling terms are
the ones to watch as you scale to larger data samples [2410.21115, 2401.17934].

BaseRAG: Use B — DK ) tree-level modes that exploit interference between
b — cand b — w amplitudes: in particular B* — DK** (with D decays to two-,
three- and four-body final states) and B® — DK*" (including D — K2hTh™ to
give strong-phase information) — supplement with the benchmark B+ — DK*
channels and, where available, B; — D¢ modes to add independent sensitivity
[2410.21115, 2401.17934, 1709.05855, 1605.01082, 1308.4583]. Including the
D — K2%h*h~ (model-independent) inputs breaks discrete degeneracies and
improves precision [2401.17934, 1605.01082].

The dominant systematic sources seen in these analyses are external inputs and mod-
elling/efficiency uncertainties: limited precision of normalization branching frac-
tions (can be the largest single systematic) and limited simulation sample sizes that
affect efficiency estimates [2108.07678, 2305.01463, 2011.00217]. Other important
systematics are D-decay amplitude/strong-phase modelling (or the need for external
binwise phase inputs), signal/background modelling and fit templates, detector/s-
election effects (track-reconstruction, trigger, reweighting), and flavour-tagging /
decay-time acceptance and time-resolution uncertainties or resonance-modelling
choices in amplitude fits [1903.05530, 2011.00217, 2305.01463, 1605.01082].

The LLM evaluator rated the SCIGRAPHRAG response "Good", and the SCITREERAG and
BaseRAG responses "Satisfactory” based on the evaluation rubric provided. These scores were
validated against a human expert, which agreed with the ratings.

C SCITREERAG Implementation Details

C.1 Paper Tree Schema

The SCITREERAG system transforms each unstructured ISTEX source document in the corpus into a
paper tree representation that preserves the logical organization of the document. Each node in the
paper tree represents a semantic unit of the paper, with the following schema:

¢ Node attributes:

— title: Section or element identifier

— summary: Summary text (paper abstract for root, LLM-generated summary for internal
nodes, raw content for leaves)

— embedding: The diffused dense vector representation combining the node’s summary
with its children summaries

— parent: Reference to parent node (null for root)

— sections: List of references to child nodes

C.2 Paper Tree Construction

The paper tree construction begins by identifying latex (sub)sections, which form branches in the
tree. The text of a (sub)section above a defined length is automatically split into (sub)subsections,
otherwise it is chunked and turned into leaf nodes. Atomic content units such as figures, tables, and
equations are given their own leaf node, with their captions as abstracts to ensure that semantic search
can locate specific visual or mathematical content within the paper.

The summarization process operates depth-first, beginning at the deepest level of each paper tree and
moving upward. This ensures that parent summaries can incorporate the distilled content of their
children into their own summaries. For leaf nodes, the summary is simply the node’s text content
(or caption for figures/tables). For internal nodes, the system concatenates all child summaries and
generates a distilled summary.

This summarization can be performed asynchronously across all identical depth nodes within the
corpus. For the LHCb corpus using GPT-5 nano 7049 summaries were generated in total with an
average summary length of 249 tokens. This took 30 minutes of processing and cost 6 USD.
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Dense vector embeddings are generated for each node summary with the 384 dimensional
BAAI/bge-small-en-v1.5 paragraph embedding model. The embedding diffusion process then
refines these initial representations by incorporating relational information from within the tree
structure. For each node in the tree, the algorithm constructs a diffused embedding as the sum of that
node’s original embedding and the attention weighted sum of its children’s embeddings:

e; = )\ev + (]. — )\) Z Wy, c€c (1)
c€Echildren(v)
eXp(ev c€c / 7'))
Zcéchildren(v) exp(e, -e.) /T

(@)

Wy,c =

)

Here ) is the diffusion parameter, which controls the extent to which the child embeddings should be
diffused into the node embedding, and 7 is the temperature parameter, which controls how biased the
attention weighted sum should be towards child embeddings which are already semantically similar
to the node embedding.

C.3 SCITREERAG Context Retrieval

Algorithm 1 Context Retrieval Algorithm

Require: Forest F = {T},Ts,...,T,} where each T; is a paper tree
Require: Target context size k € ZT (number of tokens)
Require: Query embedding q € R?

1: Initialize:

2: B« {root(T;) : T; € F} {Boundary set initialized with all roots}
3: C < () {The context is initially empty}

4: Precompute: V n € B : s(n) «+ similarity(n.embedding, q)

5: while |C| < k and B # () do

6: n* < argmaxpyep s(n) {Get most similar node in boundary set}
7. B+ B\ {n*} {Remove from boundary set}

8:  if hasChildren(n*) then

9: B < B U n*.children { Add children to boundary }
10: Compute: Vc € children(n*) : s(c) < similarity(c.embedding, q)
11:  else
12: C < CU {n*} {Add leaf to relevant set}
13:  endif

14: end while
15: return C

The context for the SCITREERAG is constructed according to Algorithm [T} This algorithm im-
plements a best-first search strategy across a forest of hierarchical document trees to retrieve the
most relevant content for a given query. Starting with all tree roots in a boundary set, the algorithm
iteratively selects the node with highest similarity to the query embedding, then either expands it
by adding its children to the boundary (if it has children) or adds it to the final context set (if it’s a
leaf node). This greedy approach efficiently navigates multiple paper trees simultaneously, using
semantic similarity to guide the search toward the most query-relevant leaf nodes.

The tree structure also allows for less fragmented context construction than a traditional RAG system.
For example, the hierarchical organization means that leaf nodes from the same paper can be added
to the context together, preventing the scattered mixing of content from different sources that often
occurs in traditional RAG systems. Additionally, the tree structure enables the inclusion of relevant
paper abstracts and higher-level contextual information if needed, providing the LLM with a coherent
semantic context to surround each retrieved chunk. This ensures that related content can maintain
logical relationships and that each piece of information is presented within its proper context, leading
to more coherent and contextually-aware responses.
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D ScCIGRAPHRAG Implementation Details

D.1 Knowledge Graph Schema

The current knowledge graph implementation is meant to demonstrate the feasibility of automated
structured knowledge extraction from physics literature via LLMs. Thus, it represents a prototype
system rather than a comprehensive ontology of the domain. For this work the knowledge graph
includes five primary entity types:

» paper: Represents individual publications with attributes:

— Name (arXiv identifier)

Description (abstract text)

Data-taking period (run 1, run 2, run 3, ift)

Analysis strategy (angular analysis, amplitude analysis, search, other)

Embedding vector

* observable: Physical quantities measured in analyses with attributes:

Name (standard notation, e.g., B(B? — ptu™))
Description (natural language explanation)

Type (branching fraction, branching ratio, physical constant, angular observable, functional
dependence)

Embedding vector
* decay: Particle decay processes with attributes:

— Name (PDG notation, e.g., "B? — D;FKi")
Parent particle

Children particles (decay products)
Production mechanism (p-p, Pb-Pb, p-Pb, Xe-Xe, O-O, Pb-Ar, p-O)
— Embedding vector

* uncertainty_source: Sources of systematic uncertainty with attributes:

Name (standardized identifier)

Description (detailed explanation)
Type classification (statistical, internal systematic, external systematic)
Embedding vector

* method: Analysis techniques for uncertainty estimation with attributes:

— Name (technique identifier)
— Description (implementation details)
— Embedding vector

Entities in the graph are connected through four typed relationships:

* determines: paper — observable (the paper determines this observable)
— Value (the measured value of the observable with uncertainties)
* measured_with: observable — decay (the observable is measured using this decay channel)

» affects: uncertainty_source — observable (this source of uncertainty affects the measurement of
an observable) with attributes:

— Ranking (integer importance score, 1 = most significant)
— Magnitude (numerical contribution when quantified)
— Condition (applicability constraints or context)

* estimates: method — uncertainty_source (this method is used to evaluate the uncertainty)
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Figure 3: Example per-paper knowledge graphs showing entity types and relationships. Purple
entities are observables, yellow entities are decays, light blue entities are sources of uncertainty,
orange entities are analysis methods. Left: Analysis of BY — DFK *+ decay time-dependent CP
violation. Right: Study of A production asymmetry.

D.2 Knowledge Graph Construction
D.2.1 Entity Extraction

Entity extraction employs a two-stage LLM-based approach that processes different sections of
each paper to gather complementary information about the analysis methodology and systematic
uncertainties.

Abstract Processing The abstract provides high-level metadata about the analysis strategy and
physical observables. A prompt with few-shot examples extracts:

* Primary observable(s) with type classification (branching fractions, angular observables,
physical constants, etc.)

* Decay channels with standardized particle names

* Data-taking period (Run 1, Run 2, Run 3, or heavy-ion collisions)

* Analysis strategy classification (angular analysis, amplitude analysis, search, or other preci-

sion measurements)

The abstract processing uses domain-specific normalization rules to ensure consistency. For example,
“Bs — pTp~” is automatically mapped to “B(s)0 -> mu+ mu-", while production mechanisms are
inferred from collision energy and particle types mentioned in the text.

Systematic Uncertainties Processing To handle the computational constraints of processing full
papers, the system employs targeted text pre-processing:

» Automated identification of systematic uncertainty sections using keyword matching (“error”,

ELINT3

“uncertain”, “systematic’)
* Removal of non-analytical content (introduction, detector descriptions, acknowledgments)

* Prioritization of content near uncertainty tables and error budget discussions

After isolating relevant sections, an LLM prompt extracts the remaining entity types from the paper
body. The previously extracted observables from the abstract are provided in the context:
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» Uncertainty sources: Each source receives a three-way classification (statistical, internal
systematic, or external systematic) based on whether the collaboration can directly control
or improve the uncertainty through analysis choices

* Methods: Specific techniques used to quantify systematic effects, interested in transferable
methodologies applicable across different analyses

The extraction process simultaneously identifies relationships between uncertainty sources and the
pre-extracted observables, capturing exact magnitude values as reported in the paper.

The prompt design incorporates several strategies validated during development. The LLM gen-
erates explanations before structured output to ensure comprehensive understanding of extraction
requirements. Additionally, entities and their relationships are extracted simultaneously rather than
in separate passes, reducing context switching and minimizing potential misalignment between
uncertainty sources and their quantitative impacts on specific observables.

After processing both abstract and full-text content, the system constructs complete paper entities
using the metadata extracted from the abstract (data-taking period, analysis strategy, etc.) and creates
relationships linking papers to their determined observables. All extracted information is validated
against the knowledge graph schema and stored in a Neo4j graph database with full provenance
tracking through arXiv identifiers.

For the LHCb corpus of 837 papers, the full graph extraction process took 2.5 hours and cost 18 USD
with GPT-5 mini. While recent work has focused on optimizing graph-RAG indexing speed [Zhao
et al.| [2025]], our one-time upfront cost enables subsequent efficient querying of the canonicalized
corpus-level KG.

D.2.2 Entity Canonicalization

The per-paper extraction process produces a corpus-wide knowledge graph that requires cross-
document entity resolution within each entity class to identify when different papers reference
identical concepts despite variations in terminology, notation, or descriptive language. Our canonical-
ization pipeline follows the extract-define-canonicalize framework of Zhang & Soh|[Zhang and Soh
[2024], combining automated similarity clustering with LLM-guided merge decisions.

Similarity-Based Clustering The canonicalization pipeline begins by creating hybrid representa-
tions for each entity, combining TF-IDF vectors of their names with semantic embeddings of their
descriptions. Entity names are vectorized using TF-IDF with character n-grams to capture lexical
variations, while descriptions are encoded using the 384-dimensional BAAI/bge-small-en-v1.5
paragraph embedding model to capture semantic content. These complementary vector representa-
tions are turned into cosine similarity matrices and their weighted sum is taken to produce the final
similarity scores for clustering.

The resulting similarity matrix drives an agglomerative clustering algorithm with dynamic threshold
adjustment. The system iteratively reduces similarity thresholds until cluster sizes remain below
a configurable maximum, ensuring that cluster sizes remain manageable for downstream LLM
processing.

LLM-Guided Merge Decisions Each cluster containing multiple entities undergoes evaluation
by an LLM judge that determines which entities represent identical concepts and should truly be
merged. The LLM can choose to split algorithmically-generated clusters when it determines that
entities are related but conceptually distinct—for example, distinguishing “tracking efficiency in
the vertex detector” from “tracking efficiency in the muon system” despite their semantic similarity.
For entities deemed identical, the LLM synthesizes a unified name and description that captures the
essential information from all merged entities.

This hybrid clustering + LLM based approach combines similarity clustering for computational
efficiency with the expanded reasoning capabilities of an LLM, in order to achieve scalable processing
on large graphs while maintaining nuanced decisions requiring domain knowledge.

Iterative Refinement The canonicalization process operates iteratively, with each round potentially
enabling new merging opportunities as the entire graph evolves. The process continues until a
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configurable stopping criterion is met—typically when fewer than 10% of entities are merged in a
given iteration, indicating that the major canonicalization opportunities have already been identified
and resolved.

For the LHCDb corpus of 837 papers, this entire process took 45 minutes and cost § USD with GPT-5
nano. The canonicalization process achieved significant entity deduplication: uncertainty_source
entities were reduced from 7167 to 2895 (60% reduction), method entities from 6792 to 1786 (74%
reduction), observable entities from 2166 to 2028 (6.4% reduction), and decay entities from 1595
to 1495 (6.3% reduction). Paper entities were not considered for canonicalization as they represent
unique documents rather than potentially duplicate concepts.

D.3 Graph RAG Context Retrieval

The Graph RAG query interface enables natural language querying of the knowledge graph through a
multi-stage pipeline that translates questions into CYPHER queries, executes them against the Neo4j
database, and synthesizes natural language responses from the structured results.

Natural Language to CYPHER Translation Natural language queries are translated into CYPHER
graph database queries using an LLM equipped with comprehensive knowledge of the graph schema
and particle physics domain terminology. The translation prompt incorporates detailed schema
documentation including all node types (paper, observable, decay, uncertainty_source, method) with
their properties, relationship types with attributes, and standardized particle naming conventions from
the Particle Data Group.

The system uses few-shot prompting with three representative examples covering common query
patterns: method identification for specific systematic uncertainties, frequency analysis of uncertainty
sources across decay types, and comprehensive uncertainty assessment for physics measurements.
Each example demonstrates proper CYPHER syntax, semantic similarity usage, and result aggregation
techniques.

Query Construction Principles The LLM is instructed to follow these principles when generating
CYPHER queries:

* Semantic Similarity Search: Rather than exact string matching, the system uses embedding-
based similarity for flexible entity retrieval. Descriptive queries are converted to embeddings
using the same sentence transformer model employed during knowledge graph construction.

* Result Aggregation: To provide meaningful answers while avoiding redundancy, queries
aggregate related information using CYPHER aggregation operations. The results are limited
to prevent context overflow in downstream synthesis.

* Ranking and Ordering: Queries incorporate domain-appropriate ranking metrics such
as uncertainty importance rankings, frequency of occurrence across analyses, or semantic
similarity scores to prioritize the most relevant results.

* Provenance Preservation: Every query returns relevant arxiv_id values from associated
papers to enable source citation and verification of results.

* Query Justification: Before generating the CYPHER query, the LLM must provide an
"explanation” field that describes the query logic, traversal path, and ranking strategy. This
forces the model to articulate its reasoning process, leading to more thoughtful and accurate
query construction while providing transparency for debugging and validation.

Query Execution and Embedding Integration The generated CYPHER queries are preprocessed
to handle semantic similarity operations and the processed CYPHER queries are executed against the
Neo4j database using the py2neo Python driver, which returns structured results as cursor objects that
are converted to dictionary format for downstream processing.
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