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Abstract

Tracing generated text back to its source is es-
sential for validating the reliability of abstrac-
tive summaries. We address this by decompos-
ing the alignment process into unit segmenta-
tion and correspondence scoring. This modu-
larity allows for a systematic investigation into
how different text granularities interact with
various scoring functions. Our evaluation re-
veals that while large language models (LLMs)
offer high semantic precision, their application
at scale is limited by their computational costs.
To solve this, we propose a hybrid system: an
embedding-based pre-filter removes irrelevant
pairs before an LLM calculates the final score.
This approach effectively balances semantic ac-
curacy with processing efficiency, providing a
scalable framework to evaluate the true infor-
mation origins of LLM outputs.1

1 Introduction

Large Language Models (LLMs) have significantly
advanced abstractive summarization, enabling the
automated distillation of long texts. However, as
the length of the summarized texts increases, ver-
ifying the accuracy of the generated information
becomes exceedingly difficult. This poses an issue,
as LLMs have been shown to exhibit positional
biases when processing long texts, for example not
being able to reliably retrieve statements (Liu et al.,
2024) or under-representing information (Ravaut
et al., 2024) from the middle of the source material.
To validate that a model has utilized the correct
information, analyse potential biases, and ensure
that generated statements can be traced back to
the input document, robust methods for mapping
summaries to their sources are required. These so-
called summary source alignments can also be used
to automatically derive training datasets for tasks

1Source code and dataset used are publicly
available at https://github.com/apfelphine/
decoupling-summary-source-alignments.

like grouping information, detecting salient content
and fusing source sentences (Ernst et al., 2024).

Tracing the generated text back to the source
however can be challenging due to the abstractive
nature of summaries generated by LLMs, which
hinders the utilization of lexical measures due
to their sensitivity to paraphrasing. Meanwhile,
“white-box”-interpretation methods are often inad-
equate: attention weights are rarely available for
proprietary models and fail to actually explain re-
sults (Jain and Wallace, 2019), while perturbation-
based methods (Ribeiro et al., 2016) are computa-
tionally prohibitive. Although attempts have been
made to approach summary source alignment as a
supervised classification task (Ernst et al., 2021),
utilize LLMs to generate citations (Gao et al., 2023)
or employ Natural Language Inference (NLI) tech-
niques (Zha et al., 2023), research evaluating the
information used in summaries usually relies on
heuristics based on lexical measures to pick the
closest sentences from the source text (Ravaut et al.,
2024; Chhabra et al., 2024).

In this paper, we address these limitations by
providing a formalization of the summary-source
alignment task, offering a unified framework to
categorise existing methodologies by decompos-
ing the process into two distinct sub-tasks: seg-
mentation and scoring. Unlike prior research that
typically evaluates alignment as a single, fixed sys-
tem, we systematically decouple these components,
allowing for a controlled investigation into how
different combinations of segmentation granularity
and scoring logic interact. To this end, we evaluate
representative methods from both traditional and
modern paradigms. Our findings indicate that the
optimal choice of granularity can shift depending
on the characteristics of the source domain. Finally,
we leverage these empirical insights to derive a
hybrid system designed to mitigate the inherent
trade-offs between computational efficiency and
semantic precision.
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Figure 1: Procedure for calculating summary source alignments.

2 Formalising the Task

We define summary source alignment as a task con-
sisting of two distinct functional stages: (1) unit
segmentation and (2) correspondence scoring. The
process is illustrated in Figure 1. To determine
which parts of the source document D provide evi-
dence for the information included in the summary
S, the document is first split into a sequence of m
units d using a segmentation function fSPLIT:

{d1, d2, . . . , dm} = fSPLIT(D)

These units are used as the basis for identifying
the source of information. For every unit di it is
checked whether any of its information is reflected
in the summary. Since abstractive summaries can
be lengthy and often fuse multiple information
units into one text, comparing the summary in its
entirety is prone to noise. Therefore the summary
S is also partitioned into a sequence of n units s
using fSPLIT:

{s1, s2, . . . , sn} = fSPLIT(S)

Every summary unit sj is compared to every docu-
ment unit di using a scoring function fSCORE. This
function is typically directional and asymmetric
(fSCORE(di, sj) ̸= fSCORE(sj , di)): it evaluates the
degree to which a source unit di provides evidence
for a summary unit sj , mirroring tasks like NLI,
where the source acts as the premise and the sum-
mary as the hypothesis. Comparing all units pair-
wise results in an alignment matrix A ∈ Rm×n,

where Ai,j = fSCORE(di, sj) represents the align-
ment between the i-th source unit and the j-th sum-
mary unit:

Ai,j = fSCORE(di, sj)

From this representation we can derive an align-
ment set H of all the correlated pairs as defined
by Ernst et al. (2024) by applying a threshold t for
pairs or a top-k value per summary unit to calcu-
late binary labels from the continuous alignment
values:

H = {(di, sj) | Ai,j ≥ t ∨ i ∈ argmaxk(A·,j)}

Within this framework, fSPLIT and fSCORE are
viewed as independent modules, allowing for a
variety of implementations with unique character-
istics and trade-offs.

2.1 Segmentation

Segmentation varies primarily by granularity: text
can be split by paragraph, sentence or even atomic,
contextualized claims, a concept rooted in the Sum-
mary Content Units (SCUs) introduced for Pyra-
mid evaluation by Nenkova and Passonneau (2004).
To realise these splits, a variety of different means
such as structural characteristics of the text (such as
syntax, line breaks or captions) or specialised ma-
chine learning models may be used. For instance,
to approximate SCUs for the Pyramid evaluation,
Nawrath et al. (2024) propose relying either on



Abstract Meaning Representation (AMR) parsing
or LLMs. The granularity of the source units de-
fines how precisely sources of information may be
identified, as the proposed system can only ever
attribute information to a specific unit rather than
a sub-portion of it. More granular splits therefore
allow for easier validation. When splitting the texts
into larger units consisting of several sentences and
propositions, minimum or maximum limits for the
length may be defined to control this granularity.
These limits may be specified in different units
such as characters, tokens or sentences.

Additionally, the resulting units may be contex-
tualised (meaning additional context is added to
the raw text). This can be especially important,
if several similar topics are discussed within the
source material. A statement about the publish-
ing time of a book may be incorrectly attributed
to another book, if the information what book is
being discussed is missing from the unit. In order
to avoid loss of context, units may also overlap or
alternatively be entirely disjoint.

Finally, while our formalization implicitly as-
sumes a uniform segmentation approach for both
summary and source, asymmetric segmentation is
also possible. We define this as using two dis-
tinct segmentation strategies for the summary and
source texts, respectively. For example, the source
may be split into higher level paragraphs while the
summary is split into detailed propositions. Asym-
metric splitting can be beneficial when applying
scoring functions made for texts of different lengths
or when dealing with concise summaries of long
input texts.

2.2 Scoring
In order to score a pair of summary and source
units, they may be compared using various types of
measures. Following the definition of Jalili Sabet
et al. (2020), the output of fSCORE may be a contin-
uous score or a label. One option for calculating a
continuous score is to utilize traditional reference-
based metrics used for evaluating the quality of gen-
erated texts by calculating text similarity. Lexical
metrics such as ROUGE (Lin, 2004) or other statis-
tical measures may however perform worse when
evaluating abstractive texts generated by LLMs,
since they are sensitive to paraphrasing (Zhang
et al., 2020). To counteract this, semantic measures
like the BERTScore (Zhang et al., 2020) or em-
bedding similarities in general may be employed.
Approaches using embeddings can be differenti-

ated by the model and the specific distance or simi-
larity measure used. Alternatively to text similar-
ity measures, specialised classification models for
summary source alignment can be utilized. While
fSCORE is defined as a function of two discrete
units, the implementation of such models can be
either context-independent (comparing units in iso-
lation) or context-aware. In context-aware scoring,
the function fSCORE incorporates surrounding units
of D or S to resolve co-references and provide
context.

Moving beyond these dedicated models, the
LLM-as-a-judge paradigm (Liu et al., 2023) can
also be applied to evaluate the relationship between
text units leveraging their understanding of natural
language. For these models, prompt design is es-
sential in order to receive accurate results. It should
be noted that such instructions can also be ap-
plied when using specialized instruct-embeddings.
These can take an additional instruction to frame
the input influencing the resulting embedding (Su
et al., 2023). Further, when scoring unit pairs using
complex models such as LLMs the high computa-
tional cost must be considered. A granular segmen-
tation may, depending on the length of the data,
result in a large number of unit pairs, which may
require significant processing times and can lead to
high token usages and associated costs when using
proprietary models. To avoid these costs, requests
should be minimized if possible. This can for ex-
ample be done by batching multiple comparisons
in one request, which may also benefit results, as
additional context is provided. Alternatively, a hy-
brid approach, where expensive models are only
utilized on a pre-filtered subset of the unit pairs,
may be adopted to mitigate potential expenses.

3 Related Work: Existing Approaches to
the Task

Using the newly established taxonomy, existing
approaches to summary source alignment can be
systematically classified, as summarized in Table 1.

Identifying which parts of the source contributed
to a generated summary has long been relevant
in summarization research. When training extrac-
tive models, prior work approximated alignments
by mapping abstractive summaries back to source
sentences in order to derive gold-standard labels.
Chen and Bansal (2018), Lebanoff et al. (2019),
and Nallapati et al. (2017) employ heuristic proce-
dures based on ROUGE similarities to select source



Approach fSPLIT fSCORE Alignment Set (H)
Source Summary

Nallapati et al., 2017 Sentence Full Text ROUGE (Heuristic) Greedy cumulative
max

Chen and Bansal,
2018

Sentence ROUGE (Heuristic) Top 1–2 most similar

Lebanoff et al., 2019 Sentence ROUGE (Heuristic) Top 1–2 (dynamic*)
Ernst et al., 2021 Claims Supervised Classifier Binary classification
Zha et al., 2023 350-token chunk Sentence Unified NLI Model Binary classification
Gao et al., 2023 100-word chunk Sentence LLM In-generation or Post-

Hoc citations

Amplayo et al., 2023 Sentence Soft-matching
(N-gram / Model)

Maximum match
score

Landes and Di Euge-
nio, 2024

Sentence (AMR) Max-Flow Network Bipartite graph

*Removes overlapping words dynamically during selection.

Table 1: Classification of existing automatic summary-source alignment approaches within the proposed taxonomy.

sentences. While these approaches do not explic-
itly formalize alignment as a stand-alone task, but
rather use it as an auxiliary step for dataset con-
struction, the methods can be categorized using the
proposed taxonomy.

With the emergence of models that can generate
cohesive abstractive summaries, the focus shifted
from generating training data to evaluating the in-
formation used. This shift is reflected by more
sophisticated approaches to solve the task, such as
training or fine-tuning dedicated models such as
SuperPAL (Ernst et al., 2021, 2024) for classifi-
cation. Models like AlignScore (Zha et al., 2023)
leverage cross-task pre-training, incorporating NLI
and fact-verification data. Similarly, SMART (Am-
playo et al., 2023) frames factual evaluation around
sentence-level alignments. It employs string-based
or model-based soft-matching to score pairs, map-
ping each generated summary sentence back to
the highest-scoring source sentence to identify evi-
dence. Within our proposed taxonomy, this serves
as an example of evaluating varying implemen-
tations of fSCORE (string-based vs model-based)
while keeping the fSPLIT constant at the sentence
level. Going beyond purely text-based sequence
modeling, approaches like CALAMR (Landes and
Di Eugenio, 2024) represent both source and sum-
mary sentences as AMR graphs. Based on these
graphs, CALAMR frames the task as an infor-
mation flow problem, utilizing a max-flow algo-

rithm across a bipartite graph to trace component
overlap. Alternatively, frameworks exemplified
by ALCE (Gao et al., 2023) frame alignment as
an automated citation task, prompting LLMs to
score and link generated summary sentences back
to specific source chunks either directly during or
after generation. While generating the citations
directly during generation has been shown to lead
to a higher coverage in comparison to post-hoc ap-
proaches as proposed here (Saxena et al., 2025),
this however introduces a risk of a methodological
circularity, as the validation process relies on the
same internal capabilities that are the subject of the
investigation.

More broadly, summary-source alignment is
closely related to factual consistency verification
of generated text. Whereas verification aims to
determine if a claim is supported by the source at
all (e.g., via question-answering (Kryscinski et al.,
2020; Wang et al., 2020; Fabbri et al., 2022; Min
et al., 2023)), alignment focuses specifically on
tracing the exact origin of that information. Due to
the different nature of the goal, these approaches
are not represented by the proposed taxonomy.

4 Evaluating the Task

While existing approaches propose complete align-
ment pipelines or only evaluate different scoring
functions (Amplayo et al., 2023; Ernst et al., 2021),
previous work lacks a systematic evaluation of the



underlying segmentation and scoring functions as
independent modules.

To address this, we evaluate combinations of rep-
resentative fSPLIT and fSCORE functions separately.
Rather than an exhaustive study, this serves as a em-
pirical baseline evaluation demonstrating the neces-
sity of considering these components individually.
This setup allows us to qualitatively analyse the
resulting alignment matrices and explicitly evalu-
ate the trade-offs between computational efficiency
and alignment precision.

4.1 Experimental Framework

To systematically compare these modular compo-
nents, we first define the experimental framework,
consisting of the dataset and evaluation metrics
used.

4.1.1 Dataset
Since granular alignment is inherently subjective,
we construct a curated, manually annotated dataset
to serve as a qualitative gold standard for evalua-
tion. It contains eight multi-document summaries
with an average length of 650 tokens generated via
various LLMs based on Wikipedia articles. The
summaries span across two distinct topics: Five
summaries are based on four dog breeds (∼ 13k to-
kens) and three summaries are based on four North-
ern German cities (∼ 39k tokens). Restricting the
input to two general topics simplifies manual ver-
ification. Furthermore, using lengthy Wikipedia
articles forces the models to synthesize diverse in-
formation into concise summaries. The long input
thus serves as a representative use case that necessi-
tates automatic alignment, since reading the entire
source to verify information is time-consuming.

All summaries are manually annotated by two
annotators using a graphical user interface which
enables fine-grained annotations at the character-
level. Given the long source documents, this pre-
cise mapping requires significant cognitive effort
and time, making large-scale crowdsourcing un-
feasible and necessitating a highly curated expert
dataset. Because this data is used exclusively for
evaluation rather than training, we prioritize this
annotation depth over sheer volume. These de-
tailed annotations allow for mapping to any level
of granularity for fSPLIT. In total, across both an-
notators and the eight summaries, 775 alignments
are annotated. The number of resulting positive
and negative samples depends on the fSPLIT used.
For example, when splitting summary and source

by sentence, a robust evaluation set of 1058 corre-
lated and 130 566 non-correlated sentence-pairs is
derived. A more coarse fSPLIT method will result
in a smaller number of pairs.

Inter-annotator agreement (Cohen’s Kappa) on
the alignment matrix at sentence-granularity for
summary and source is 64.5%, indicating fair
agreement following Fleiss (1981). Manual ver-
ification revealed that the disagreements stem
largely from an asymmetry in human annotation
behaviour: while annotators precisely highlighted
sub-sentences in the generated summaries, they fre-
quently selected entire paragraphs in the source
documents as the supporting context, if the entire
paragraph discusses the relevant topic. Further, in-
formation sometimes naturally occurs redundantly
across source documents, with annotators either
marking all or the most relevant occurrence. Both
of these issues are characteristic for summaries in
this domain, since information is highly aggregated
and often pulled from multiple different positions.

To analyse, how our findings generalize beyond
a single domain, we evaluate against a secondary
dataset. For this cause, we utilize the subset of
the MultiNews (MN) dataset (Fabbri et al., 2022)
that was annotated by Ernst et al. (2021), compris-
ing nine summaries with approximately 2.3k input
tokens and 300 token in the summary each. For
these summaries Ernst et al. (2021) provide 362
span-level annotations (approx. 40 per summary).

4.1.2 Metrics
To evaluate different implementations and combi-
nations for fSPLIT and fSCORE, the calculated align-
ments for each combination are compared to the
gold standard. To achieve this, the detailed gold
standard annotations are mapped to the units re-
sulting from fSPLIT. The corresponding alignment
score is calculated as the average across all avail-
able annotators. A pair is considered aligned if at
least one human annotator marked text for each
unit in that pair. This ensures that valid alignments
missed by a single annotator are still captured.

Automatic evaluation is performed in two dimen-
sions: classification performance and efficiency. To
evaluate the classification performance, the align-
ment set H is assessed using precision, recall, and
the F1 score. The goal is to determine whether the
automated method identifies the same aligned pairs
as a human evaluator. To calibrate a threshold t or
a top-k value for deriving H from the alignment
matrix A, the dataset is partitioned into a calibra-



tion and a test set using a 60/40 split. If the fSCORE
method applied does not require calibration, only
the test set is used regardless to allow for a fair
comparison of different methods.

In addition to these performance metrics, the
average processing time per scored pair is also
considered. This is essential for ensuring that a
method can scale effectively when evaluating long
summaries and large datasets.

To complement these automatic measures and
understand common error patterns, we also con-
duct a manual qualitative evaluation of a subset of
the results. This qualitative analysis is essential
in the context of summary-source alignments, as
such mappings are inherently subjective, particu-
larly when information is repeated multiple times
within the source text. Performing a manual evalu-
ation thus avoids discounting an alignment system
due to issues or inconsistencies in the human anno-
tations.

4.2 Comparing Segmentation and Scoring
Approaches

Using the defined experiment setup, we system-
atically compare combinations of different ap-
proaches for fSPLIT and fSCORE, by calculating an-
notations for all summaries in the datasets.

4.2.1 Defining the Search Space
As described in section 2, there are many possi-
ble implementations for the two sub-tasks of sum-
mary source alignment. All segmentation functions
can further be combined with all scoring functions,
making up a large search space for a efficient and
scalable approach. For this reason, we evaluate a
representative subset.

Segmentation Functions
Segmentation is performed on different levels of
granularity: proposition, sentence, paragraphs and
chunks of four sentences each. In order to split the
source into propositions, we use Gemma 4 26B
A4B to generate atomic claims from groups of
sentences, similar to the LLM-generated seman-
tic units (SGUs) proposed by Nawrath et al. (2024).
Sentence splitting is implemented via spaCy.2 Para-
graphs and four-sentence-chunks are contextual-
ized using the hierarchical captions, if available
in the source, by utilizing Docling.3 In addition
to symmetric splitting for each granularity, asym-

2https://github.com/explosion/spaCy
3https://github.com/docling-project/docling

metric segmentation, where the source is split into
chunks, while the summary is split into sentences,
is evaluated.

Scoring Functions
For scoring, a mixture of simple lexical and
more complex semantic approaches is employed.
In order to allow for comparison with exist-
ing approaches, we evaluate ROUGE (Chen and
Bansal, 2018), dynamic ROUGE while remov-
ing overlapping words during selection (Lebanoff
et al., 2019) and SuperPAL (Ernst et al., 2021).
To evaluate semantic similarity we calculate the
BERTScore (Zhang et al., 2020) using the model
microsoft/deberta-xlarge-mnli.

Additionally, we implement fSCORE as the co-
sine similarity of embeddings using Qwen3 8B
Embedding, while framing the summary unit as the
“question” using an instruction. Since embedding
models are mainly optimized for asymmetric inputs
(short question, long document), we always split
the summary into sentences and use the maximum
similarity score for sentence to document unit as
the score of the entire summary unit.

Finally, an LLM (we use Qwen3.5 9B) is uti-
lized to judge whether information from a given
source unit is included somewhere in the summary.
We group all possible summary units per document
unit in one request, to reduce the number of re-
quests and speed up processing time. To improve
scoring, the model is instructed to identify sup-
ported and unsupported information following a
Chain-Of-Thought approach before providing the
final score.

Calibration of the threshold t and top-k is
performed for all fSCORE implementations yield-
ing a continuos score with no inherent meaning
(ROUGE, BERTScore, and embeddings). For other
methods, parameters are fixed: LLM-based scor-
ing uses t = 0 by instruction, and SuperPAL uses
t = 0.5 because it outputs alignment probabilities.
Finally, dynamic ROUGE Lebanoff et al. (2019) re-
quires no t or top-k, as it inherently limits summary
units to two sources.

4.2.2 Exploring the Search Space
In total, by combining the five segmentation ap-
proaches and six different scoring implementations,
30 different systems are evaluated. In Figure 2
the trade-off between precision, recall and process-
ing time is visualized. We find that depending
on the fSPLIT and fSCORE function used, results

https://github.com/explosion/spaCy
https://github.com/docling-project/docling
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Figure 2: Performance of different fSPLIT and fSCORE combinations.

vary greatly. This demonstrates the importance of
analysing fSPLIT and fSCORE implementations and
carefully selecting a fitting approach.

Since the MN dataset is rather short with only
one paragraph per input document and in the sum-
mary, segmenting into large chunks would result
in every pair being a valid annotation, therefore
not having a sensible application. For this reason,
segmentation by paragraphs and segmentation by
four-sentence-chunks are excluded for this dataset.
Splitting by sentence, however, yields notably bet-
ter results for MN than for Wikipedia considering
most fSCORE functions. This is due to the different
nature of the two datasets: While Wikipedia articles
often include long paragraphs covering many de-
tails that are aggregated in the summary, the news
articles of MN are already highly dense in infor-
mation. This suggests the need for different fSPLIT
functions depending on the domain. When evaluat-
ing texts dense in information, fSPLIT implementa-
tions that result in short chunks should be utilized.

When considering different implementations for
fSCORE, LLM-as-a-judge and embedding similarity
perform consistently well in terms of their preci-
sion and recall regardless of the dataset or splitting
method. For these scoring functions, splitting by
sentences (for the Wikipedia dataset) and claims
yields the worst results respectively. Splitting by
paragraph on the other hand results in the best
alignments for Wikipedia articles, while asymmet-
ric splitting achieves good results overall, notably
achieving the highest recall for both datasets when
pairing with scoring using an LLM. Manual valida-
tion shows, that while embedding achieves slightly
higher scores for most fSPLIT implementations on

the Wikipedia dataset, many of the calculated an-
notations are due to general topical overlap, rather
than the document unit being the actual informa-
tion source. Further, specifically when splitting by
sentence, for both methods some errors could be
observed due to the missing context: for example
the models attributed some statements in the sum-
mary to an incorrect dog breed. In terms of the
processing time per pair however, LLMs are con-
siderably slower thus scaling worse to long inputs.

In terms of the other fSCORE functions, ROUGE,
BERTScore and SuperPAL perform better on
MN, achieving a low recall for the summaries
of Wikipedia articles. Good performance for Su-
perPAL using sentence segmentation on MN is
expected, since this is highly similar to the MN
propositions the model was trained on. Dynamic
ROUGE scoring following Lebanoff et al. (2019)
on the other hand achieves low recall independent
of fSPLIT or the dataset. In addition to the limita-
tions of heuristic measures, this can be explained
by filtering out word overlap, leaving only few pos-
sible matches per summary unit.

4.3 Designing a Hybrid System to Balance
Trade-Offs

While scoring via LLM yields the best results over-
all, employing LLMs for summary source align-
ments is not scalable to long inputs and summaries
due comparatively high processing times per pair.
In order to reduce processing time while retaining
good performance, we propose a hybrid system
combining the LLM with an embedding-based pre-
filter: First, all pairs are scored using the embed-
ding. Only pairs above a certain threshold are then
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classified by the LLM to filter out matches due to
general topical overlap.

Since the recall for any two-step system is lim-
ited by the recall of the pre-filter, when picking a
threshold the recall must be prioritized higher than
when calibrating for usage as a primary scoring
function. For this reason, we consider the score
distribution of the embedding-similarity calculated
on all pairs of all splitting functions as seen in
Figure 3 and pick a threshold so that most correct
pairs are still considered while filtering out as many
unrelated pairs as possible.

To evaluate the benefits of this hybrid approach,
its performance is compared to the LLM and the
embedding-based approaches on both datasets. For
this, the asymmetric splitting is utilized, since this
method showed consistent results on both datasets
when scored using an LLM. As seen in Table 2,
the processing time is reduced by more than half
in comparison to using the LLM on its own. It is
notable that in addition to the processing time de-
creasing, the precision increased by approximately
0.1. This can be explained by the fact that per docu-
ment unit, there are fewer candidate summary units
which could distract the LLM. If fSCORE were im-
plemented context-unaware by scoring every pair
individually, the precision could not increase. The
increase in precision, however, comes at the ex-
pense of a slight decrease in recall. This drop is
expected, as any aligned pairs mistakenly discarded
by the pre-filtering stage are permanently excluded
from the LLM’s evaluation. By the means of our
hybrid system, we therefore achieve an improved
F1-score at less than half the cost.

4.4 Verifying against Naive Baselines

To verify the performance of the proposed hybrid
system and investigate potential positional biases,

we evaluate the performance of two naive baselines
on our manually annotated Wikipedia dataset. First,
we introduce a lead baseline to quantify whether
our annotators disproportionately rely on the be-
ginning of a source document. Since the dataset
consists of multi-document summaries, rather than
just aligning the very first source unit, this baseline
aligns the first source unit of every input document
to the entire summary. Second, a random baseline
is employed, which assigns alignments uniformly
at random to establish an absolute lower bound for
performance.

When aggregated across all fSPLIT implementa-
tions, both baselines yield low overall performance.
The lead-per-document baseline achieves an F1

score of only 0.057, consisting of a precision of
0.092 and a recall of 0.050. This very low recall
demonstrates that the annotators did not predom-
inantly rely on the lead segments of the source
documents. The random baseline performs slightly
worse, with an F1 score of 0.040. While it achieves
a relatively high recall of 0.489, thus identifying
roughly half of the actual annotations by chance, it
suffers from extremely low precision at 0.022. This
can be explained by long input texts, where random
assignment generates a vast number of unrelated
alignment pairs. It has to be noted however, that
the lead baseline achieves a better precision than
random alignment. A potential reason for this, is
the inherent structure of Wikipedia articles, which
usually start with a short summary of the topic.

Overall the verification against the baselines
shows, that our manually annotated dataset has
no clear positional biases. Furthermore, the results
show that all evaluated fSCORE functions, includ-
ing the worst performing ROUGE based methods,
substantially outperform the naive lower bounds.
This suggests that while lexical overlap already pro-
vides a much stronger performance than structural
position, the alignment task remains complex. Our
hybrid system manages to address this underlying
complexity yielding the strongest overall perfor-
mance.

5 Conclusion

By decoupling summary source alignment into unit
segmentation and correspondence scoring and sys-
tematically evaluating combinations of these sub-
functions, we demonstrated that while LLMs pro-
vide the semantic precision needed to overcome
limitations of traditional lexical heuristics, their



fSCORE Parameters Avg. duration
per summary

F1 P R

Qwen3 8B Embedding tcalibrated = 0.6, kcalibrated = 5 3.69s 0.495 0.584 0.429

Qwen3 8B Embedding tpre_filter = 0.45 3.69s 0.211 0.120 0.902

Qwen3.5 9B tfixed = 0.0 399.17s 0.525 0.393 0.791

Hybrid tfixed = 0.0 117.13s 0.602 0.502 0.752

Table 2: Performance of the proposed hybrid system with fSPLIT = Asymmetric.

computational costs restrict their application at
scale. To address this shortcoming, we proposed
a hybrid system utilizing an embedding-based pre-
filter before applying an LLM to calculate the final
score to balance semantic precision with processing
efficiency.

Additionally, we demonstrated that the choice
of granularity for an appropriate splitting function
can depend on the density of the text, thus being
domain-dependent. Source units that align with
an exceedingly high number of summary units
are likely too broad and lack necessary specificity.
Building on this insight, document segmentation
could be formulated as an optimisation problem de-
signed to minimize the number of summary align-
ments per source unit. By dynamically penalizing
broad alignments, future systems could ensure that
alignments remain highly precise and do not con-
tain unnecessary context.

Our modular framework provides a scalable
foundation for evaluating information origins of
LLM outputs after generation. Future work should
leverage these empirical insights to refine evalua-
tions and formally expand the search space to in-
clude larger datasets, additional models for scoring
and a broader pool of human annotators.

Limitations

While the proposed framework offers a systematic
approach to evaluating summary-source alignment,
this study has several limitations. Mainly, while
our manual evaluation relies on a dense, highly cu-
rated gold-standard benchmark, it is restricted to
two specific domains, input lengths of up to 13k to-
kens and 14 summaries. However, these summaries
capture a broad variance: different LLMs, prompt-
ing strategies and human written texts. Given this
density and summary diversity, we anticipate that
merely scaling the dataset’s size within these do-
mains would likely yield diminishing returns and
not fundamentally alter our primary findings. Fur-

ther, the empirical evaluation covers a represen-
tative, but non-exhaustive subset of segmentation
and scoring functions, and we only consider open-
source models for proposition extraction and scor-
ing. Therefore, the performance of the proposed
hybrid system may vary when applied to differ-
ent models, highly specialized domains, or signif-
icantly longer inputs, necessitating further valida-
tion on broader, multi-domain datasets.

Finally, any post-hoc approach, as proposed here,
evaluates the final output rather than the model’s in-
ternal process. Thus, even when finding sources for
all information in the summary, we can not defini-
tively prove, that the text was actually based on
the source text instead of the world knowledge of
the model. Ultimately, however, the distinction be-
tween attribution and proving real usage is largely
theoretical. As long as the generated claims can be
reliably verified against the source document, the
primary objective of information tracing is success-
fully achieved.
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A Appendix

The appendix offers supplementary material.

A.1 Dataset Generation

As part of our research, we publish a manually an-
notated dataset of LLM-generated multi-document
summaries. In the following, we describe how this
dataset was created.

A.1.1 Source Data

As a data basis for the multi-document summaries,
Wikipedia articles were used. We selected two
topics (dog breeds and cities) and four Wikipedia
articles per topic to serve as the source texts for
the summaries. For the summaries based on dog
breeds, the input consists of Cockapoo, Dachshund,
Golden Retriever, and Pug. The summarized cities
include Bremen, Hamburg, Hanover, and Kiel.

A.1.2 Summary Generation

Summaries based on the previously described in-
puts were generated using multiple LLMs. These
models were accessed through various channels:
the OpenRouter API4, official APIs, or official chat
interfaces. To increase output variance, several
summaries were processed using a hierarchical-
merge architecture instead of a standard single-pass
call. An overview of the included summaries is pro-
vided in Table 3.

A.1.3 Manual Annotation

In order to manually annotate the dataset for evalu-
ation and verify the results of automatic methods,
we developed a custom interface to edit and view
annotations, displayed in Figure 4. When viewing
alignments calculated by an automatic system, as
shown in Figure 4b, the color indicates the value
resulting from fSCORE. Furthermore, all sources
per summary unit are grouped together.

A.2 Reproducibility Setup

To enable full reproducibility, we outline our serv-
ing infrastructure, hyperparameters, and the exact
prompt templates utilized for segmentation and
scoring. The complete source code, dataset and
full prompt templates (including few-shot exam-
ples) are publicly available in our repository5.

4https://openrouter.ai/
5https://github.com/apfelphine/

decoupling-summary-source-alignments

A.2.1 Hardware
All models used for scoring were executed using a
RTX 4090 GPU with 24 GB VRAM.

A.2.2 Model Serving
For local model serving of LLMs and embeddings,
Llama.cpp6 provisioned through llama-swap7 was
utilized. During inference, we enabled Flash At-
tention to optimize processing speed. We further
explicitly disabled context shift to prevent silent
prompt truncation when exceeding the maximum
context window. Finally, to fit within our 24 GB
VRAM constraints, we used quantized GGUF
formats provided by Unsloth on Hugging Face8:
Q4_K_XL for Gemma 4 26B, Q8_K_XL for Qwen3.5
9B, and Q8_0 for Qwen3 8B Embedding.

A.2.3 Inference Hyperparameters
In order to speed up processing time we disabled
the native reasoning token generation for all LLMs
used. For further hyperparameters, we followed
the optimal settings for the models employed as
recommended by Unsloth for non-thinking general
tasks. Specifically, for Gemma 4 26B A4B, we set
the temperature to 1.0, top-p to 0.95, and top-k to
64. For Qwen3.5 9B, we utilized a temperature of
0.7, top-p of 0.80, top-k of 20, and min-p of 0.0.

A.2.4 Prompts
The exact system prompts utilized for proposition
extraction (Prompt 1) and scoring unit-pairs using
an Instruct-embedding (Prompt 2) as well as an
LLM (Prompt 3) are detailed below. It should be
noted that in Prompt 3 the few-shot examples have
been omitted for brevity.

6https://github.com/ggml-org/llama.cpp
7https://github.com/mostlygeek/llama-swap
8https://huggingface.co/unsloth

https://openrouter.ai/
https://github.com/apfelphine/decoupling-summary-source-alignments
https://github.com/apfelphine/decoupling-summary-source-alignments
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https://huggingface.co/unsloth


(a) Editing alignments

(b) Viewing alignments

Figure 4: Annotation interface.



Topic ID Architecture Model Access Method

Dog Breeds 0 Hierarchical Merge Gemini 2.5 Flash Official API
Dog Breeds 1 Hierarchical Merge GPT OSS 20B OpenRouter
Dog Breeds 2 Single Pass Gemini 2.5 Flash Official API
Dog Breeds 3 Single Pass GPT OSS 20B OpenRouter
Dog Breeds 4 Single Pass Llama 70B OpenRouter

Cities 0 Single Pass Gemini 3.1 Pro Chat Interface
Cities 1 Single Pass Gemini 3.1 Flash-Lite Chat Interface
Cities 2 Single Pass GPT OSS 20B OpenRouter

Table 3: Overview of generated summaries based on Wikipedia inputs.

**TASK :**
Your task is to extract all factual , verifiable claims from a given text.
A 'claim ' is a single , unambiguous statement of fact.

Only extract claims from the **Text to Analyse **. If available , you are given
additional information as context.

**CLAIM EXTRACTION STEPS :**
When extracting claims , always follow the following steps:
1. ** Identify :** Read the text and identify all sentences or phrases that contain

factual information.
2. ** Contextualize :** Rewrite each claim so it is fully understandable on its own ,

resolving any pronouns (like 'it ', 'they ', 'that ') by replacing them with the
specific nouns they refer to.

3. ** Decompose :** If a single chunk contains multiple distinct claims , split it into
separate , simple claims.

4. ** Attribute :** For each claim , provide the verbatim text part that supports it.

** ESSENTIAL ATTRIBUTION RULES :**
When attributing the source of the claim , imaging using a highlighter.
You can use the highlighter once to highlight one part of the text (for example a

word , a sub -sentence , etc.).
You cannot lift the highlighter.
You must only highlight the part of the chunk including the ** essential information

** used to make this claim without unnecessary context.
Return the highlighted information verbatim , including any markdown formatting ,

whitespaces , quotation marks etc. present in the original text.

** OUTPUT FORMAT :**
Strictly respond in the following json format:
```json
{

"extracted_claims ": [
{

"claim": String , # The extracted claim
"verbatim_source ": String , # The ** verbatim ** source of the claim

}
]

}
```

Prompt 1: Template for proposition extraction.

Instruct: Retrieve the source text that supports or implies this statement
Query: {{ summary_chunk }}

Prompt 2: Embedding instruction for summary units.



<identity >
You are an expert at verifying factual consistencies between a document and a

summary created based on it.
Your goal is to identify , if information from a given part of the source

document was used in the summary and in what part of the summary.
You insist on information in summaries being present in the original text to

classify as factual support. You are pedantic about inconsistencies.
</identity >
<task >

<input_format >
You will be given:
- A summary , split into several parts ("<summary_chunks >"). Every summary

chunk is specified as ("< summary_chunk id=idx >Text </<summary_chunk >").
- A part from the original document ("<source_chunk >") the summary was

created based on.

The chunks are formatted as markdown. Headers ("#") at the beginning of each
chunk signify the section(s) of the chunk in the original document.

They may serve as context , however they do NOT count as support.
</input_format >
<instruction >

Judge how much each summary chunk is factually ** supported by** the
information in the source chunk.

For each of the summary chunks , identify supported and unsupported
information , then score what percentage of its information is **
supported by** the given source chunk on a scale of 0-100.

</instruction >
<scoring_guidelines >

**Base the score only on the alignment of specific facts and claims. A
shared general topic is not sufficient for support. If summary chunk or
source chunk do not contain any factual information , the score should be
0.**

A score of 100 means every claim in the summary chunk is supported by the
source. A score of 0 means no information in the summary chunk is
supported by the source.

</scoring_guidelines >
<output_format >

Strictly respond in the following json format:
```json
{

"results ":
[

"chunk_idx ": Integer , // The ID provided in the input tag. There
must be exactly one entry per summary chunk.

"supported_information ": String , // Brief description of
information in this ** summary chunk** that is also **
included in the source chunk**

"unsupported_information ": String , // Brief description of
information in this ** summary chunk** that is **NOT included
in the source chunk**

"score": Integer // Final score from 0 to 100 of this summary
chunk

]
}
```

</output_format >
</task >
<examples >

...
</examples >

Prompt 3: Template for scoring all summary units for a document unit (excluding few shot examples).
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