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Abstract

We describe and evaluate two different architec-
tures for creating book highlights from unstruc-
tured data. Given the prevalence of large lan-
guage models, we examine whether a pipeline-
based approach with intermediate steps for text
generation is still necessary and whether it con-
tinues to offer any benefits over an end-to-end
approach. Our comparative evaluations using
LLM-as-a-judge across multiple models with
different parameter sizes and generation sce-
narios show that highlights generated by the
end-to-end approach are preferred. However,
there is a slight but consistent increase in faith-
fulness for the pipeline-generated highlights
when generating at a thematic level. Addition-
ally, our analysis across multiple models shows
that while larger models are more faithful, the
degree of faithfulness increases when they are
used with a pipeline architecture. The find-
ings from our work indicate that whilst there
is comparability between the two approaches,
the greater faithfulness, controllability, and ob-
servability of pipeline-based approaches offer
tangible benefits in applied settings.

1 Introduction

Generating accurate and relevant information is es-
sential for a Natural Language Generation (NLG)
system that summarises facts. The use of LLMs
introduces several problems for applied NLG appli-
cations such as the generation of semantically inac-
curate output and the omission of content (Huidrom
et al., 2024).

Efforts have been made to prevent LLMs from
generating divergent information, with approaches
that aim to enhance LLM reasoning through reflec-
tion and refinement (Shinn et al., 2023; Yan et al.,
2024). However, LLMs often fail to adhere to in-
structions, fail to revise their incorrect predictions,
and struggle with knowledge-rich problems (Yan
et al., 2024). Most systems using LLMs rely on
an end-to-end approach for generation with some

attempts to correct or revise divergent information
post-generation, despite evidence that rule-based
pipeline approaches have consistently shown more
semantic faithfulness than both neural non-LLM
and LLM-based systems (Huidrom et al., 2024).

Most direct comparisons between the two ar-
chitectures, however, are based on sequence-to-
sequence or LSTM-based models (Castro Ferreira
et al., 2019; Moryossef et al., 2019), leaving open
several important questions. Modern LLM-based
NLG systems vary substantially in model family,
parameter scale, and training methodology (Zhao
et al., 2026), and it is unclear whether the advantage
of a pipeline architecture holds uniformly across
these dimensions or whether that advantage in-
creases or diminishes depending on the model used.

Moreover, prior work has generally evaluated
generation at a single level of specificity, yet in
practice tasks range from producing broad thematic
summaries to generating narrower, more specific
aspects of a work. These two levels of genera-
tion place different demands on content selection:
broader thematic summaries may tolerate more ab-
straction, whereas narrower, more focused sum-
maries may require precise identification and faith-
ful rendering of specific facts, often from sparser
source material. It is therefore possible that archi-
tectural control matters more for one level than the
other.

Parameter scale introduces a further dimension:
larger models within the same family are gener-
ally expected to produce higher-quality and more
faithful output (Wei et al., 2022), but it remains
an open question whether this advantage is con-
sistent across architectures or whether the explicit
content selection in a pipeline architecture already
compensates for some of the weaknesses of smaller
models.

In this paper, we investigate how system architec-
ture and generation model characteristics affect the
quality and faithfulness of automatically generated
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book highlights. Our primary question is whether
the architectural difference between an end-to-end
system (E2E) and a pipeline system (PIPE) leads
to observable differences in divergence from the
source material, as well as in overall output quality
and user preference.

Beyond architecture, we also examine whether
these effects vary depending on the type of gener-
ation task. We generate highlights for two types
of Knowledge Graph (KG) relations: relation-level
highlights target Dublin Core Terms properties (e.g.
dct:subject), which capture broad thematic cate-
gories, and tail-level highlights target specific cat-
egory nodes (e.g. cat:Novels_set_in_Europe),
which require more fine-grained, entity-specific
content.

In addition, we study whether highlight qual-
ity and faithfulness differ across LLM families
and parameter sizes, and whether larger models
consistently yield higher-quality and more faithful
generations. Finally, we ask whether the greater
controllability of the PIPE system reduces the im-
pact of model size and family, such that differences
between smaller and larger models are less pro-
nounced in the pipeline setting than in the end-to-
end setting.1

2 Background

Rule-based NLG systems have relied on a data-to-
text pipeline architecture (Reiter, 2007) to divide
text generation into a series of discrete steps by
selecting the most relevant aspects to summarise.
However, the lack of generalisability and fluency
has led to exploration into neural E2E approaches
(Wen et al., 2015; Dušek and Jurčíček, 2016; Mei
et al., 2016; Gehrmann et al., 2018). This approach
removes the need for intermediate representations,
as non-linguistic input is turned into natural lan-
guage, but at the cost of explainability (Faille et al.,
2020).

Attempts were made to combine the strengths of
both approaches, with Castro Ferreira et al. (2019)
comparing a neural pipeline against an E2E system.
The pipeline not only produced better texts but also
offered other benefits: explainability, validation,
and controllability. Moryossef et al. (2019) also
found that in their neural pipeline system, the abil-
ity to control the content generation step allowed

1The datasets, annotations, evaluation code, and prompts
from this work are available at https://github.com/fsame
/book_summarization_e2e_pipeline.git

for an explicit verification step by comparing the
entities in the output with those in the content plan.

The common wisdom for language models
has been that model performance depends most
strongly on the number of model parameters, the
size of the dataset, and the amount of compute (Ka-
plan et al., 2020). For data-to-text generation this
relationship is not necessarily clear-cut. Mahapa-
tra and Garain (2024) analysed multiple fine-tuned
open models and found that higher-parameter mod-
els did not consistently outperform their smaller
counterparts across several data-to-text datasets.

Nevertheless, contemporary LLMs have made
significant progress in processing longer input con-
texts that can contain thousands of tokens from in-
put sources such as multiple long documents. How-
ever, when answering questions from such long
contexts LLMs can exhibit a “lost-in-the-middle”
phenomenon, where the performance of the model
in terms of question answering is the highest for
information present at the beginning or at the end
of the input context (Liu et al., 2024). Attempts
have been made to mitigate this positional sensitiv-
ity in LLMs through techniques such as expanding
the context window through the use of a sliding
window (Dai et al., 2019; Xiao et al., 2024) or im-
proving how positional information is incorporated
into the learning process for transformer models
(Su et al., 2024). An alternative approach has been
to work around the problem by compressing and
segmenting the initial input and presenting only the
relevant segment(s) to the LLM for the given query
(Chen et al., 2023; Lee et al., 2024).

To bring greater controllability, several systems
combine pipeline architectures with LLMs. Avi-
gnone et al. (2024) used GPT-2 to lexicalise struc-
tured data into product text descriptions, with the in-
put undergoing selection and pre-processing steps
prior to generation. Others have focused on general-
purpose unsupervised approaches to data-to-text
generation with LLMs (Laha et al., 2020), or zero-
shot approaches (Kasner and Dusek, 2022) that
avoid fine-tuning pre-trained language models and
thus over-fitting to a particular benchmark. Hashem
et al. (2024) used knowledge graphs to validate the
output of large multimodal language models and
allow more faithful generation. Common to these
systems is the need for discrete steps that separate
content selection (what to say) from generation
(how to say it).
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3 Research Questions and Hypotheses

In this section, we introduce the research questions
and hypotheses underlying this study. We inves-
tigate how architectural design, generation level,
model family, and model size affect the quality
and faithfulness of automatically generated book
highlights. Our primary comparison is between an
end-to-end and a pipeline architecture, but we also
examine whether this comparison changes depend-
ing on whether highlights are generated for broader
relation-level categories or more specific tail-level
targets, and whether it varies across model families
and parameter scales.

Because the PIPE architecture explicitly sepa-
rates content selection from realisation, it offers
greater control over what information is verbalised.
This may help reduce unsupported content and im-
prove overall usefulness compared with an E2E

architecture, which must learn content selection
and generation jointly. Based on this, our first
research question is: RQ1: Does system archi-
tecture (E2E vs. PIPE) affect overall highlight
quality and faithfulness? We hypothesise that
H1: overall, PIPE produces higher-quality and
more faithful highlights than E2E.

The relative advantage of these architectures may
depend on the type of generation task. Relation-
level highlights concern broader categories such
as theme, author, or genre, whereas tail-level high-
lights require more specific and fine-grained infor-
mation. Since tail-level generation places greater
demands on content selection, architectural control
may be especially important in this setting. Ac-
cordingly, our second research question is: RQ2:
Does the effect of architecture differ between
relation-level and tail-level generation? We hy-
pothesise that H2: the advantage of PIPE over
E2E is larger for tail-level generation than for
relation-level generation.

At the same time, model scale may influence
both quality and faithfulness. Larger models typi-
cally show stronger language generation abilities,
better instruction following, and more robust han-
dling of complex input information than smaller
models. Given this, our third research question
is: RQ3: How does model size affect highlight
quality and faithfulness within a family? We
hypothesise that H3: within each LLM family,
larger models produce higher-quality and more
faithful highlights than smaller models.

Model size may also interact with architecture.

Smaller models are more likely to struggle when
they must jointly decide what to say and how to say
it, as in the E2E setting, whereas the decomposition
in PIPE may compensate for some of these limi-
tations. Larger models, by contrast, may already
handle this complexity more effectively. Based on
this, our fourth research question is: RQ4: Does
the effect of architecture depend on model size?
We hypothesise that H4: the advantage of PIPE
over E2E is larger for smaller models than for
larger models.

Finally, these effects may vary across LLM fam-
ilies, since families differ in training data, align-
ment strategies, instruction-following behaviour,
and stylistic tendencies. Such differences may in-
fluence how strongly a model benefits from the
additional controllability provided by the pipeline
architecture. Therefore, our fifth research question
is: RQ5: Does the effect of architecture vary
across LLM families? We hypothesise that H5:
the extent of the PIPE advantage varies across
model families.

4 System Implementations

We created two comparable systems that use the
same input sources: the book metadata, descrip-
tions, and user reviews from the 2018 Amazon
review dataset (Ni et al., 2019). Additionally, we
used the Amazon Knowledge Graph (KG) dataset
(Wang et al., 2024) that defines several relation
types for each book. As described in §1, both sys-
tems take these sources as input and generate short
highlights for each KG relation type, at both the
broad thematic level (relation level) and the specific
category node level (tail level).

4.1 Data Selection
The input for both systems was limited to books
with descriptions of at least 100 characters, at least
10 reviews, and all of the following KG relation
types: SUBJECT, AUTHOR, GENRE, PREVIOUS-
WORK and SUBSEQUENTWORK. This yielded 148
books. For comparability with an earlier evalua-
tion, we further restricted the final selection to 88
books from this sample.

4.2 Models and Comparison Factors
In line with RQ3, our aim is to test the generation of
highlights across a variety of open-source models
and different parameter sizes.

We selected models from three provider fami-
lies: OpenAI (gpt-oss-20b and gpt-oss-120b;
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OpenAI 2025b), Meta (llama-3.1-8b and
llama-3.1-70b; Grattafiori et al. 2024), and Qwen
(qwen-3-8b and qwen-3-32b; Team 2025). Within
each family, we paired a smaller and a larger model
to examine whether parameter scale affects out-
put quality and faithfulness, and whether this size
effect interacts with the choice of generation archi-
tecture. Table 1 shows the list of models and their
corresponding parameter sizes considered for gen-
eration with the two architectures (E2E and PIPE).

Model Parameter Size

GPT-OSS 20bn
GPT-OSS 120bn
Llama_3.1 8bn
Llama_3.1 70bn
Qwen_3 8bn
Qwen_3 32bn

Table 1: Models used for generation (E2E & PIPE).

4.3 E2E Implementation
In the E2E system (Figure 1), we used zero-shot
prompting to generate book highlights for each
selected book, relation type, and tail node. The
prompt assigned a copywriter persona, a summari-
sation task, and generation criteria. The input in-
cluded a description and reviews. The output was
a JSON array of highlights, each containing a title,
text, relation type or tail node, and the sources used
to generate that highlight.

4.4 PIPE Implementation
Figure 1 shows the E2E and PIPE architectures.
Unlike E2E, PIPE included additional steps before
generation, which are described in the following
paragraphs.

Data Ingestion and Analysis The description
and reviews are first ingested by the data analysis
module. Reviews of 25 words or fewer are filtered
out, as they potentially lack relevant or detailed
information about the book.

Review sentiment analysis was conducted for
each review to ensure consistency between the re-
view score and sentiment. Given the large number
of reviews (29,414), a two-step process was used.
The PIPE system first applies a simple valence-
aware sentiment model (Hutto and Gilbert, 2014)
to classify the review sentiment, and then uses a
more complex RoBERTa-based model (Barbieri
et al., 2022) for more complex or edge cases. If the

sentiment result matches the score, the review is
retained; otherwise, it is discarded (1,091 reviews
were removed).

Data Interpretation and Selection Next, each
sentence from the description and reviews matched
to one or more KG relation types using the LangEx-
tract library (Google, 2025) for structured infor-
mation extraction with the gpt-5-thinking-nano
model (OpenAI, 2025a). A one-shot prompting
approach was used, pairing instructions with a
grounded example and a relation class label for
each sentence. Further filtering pruned theme
nodes without content, as well as nodes that have
content but lack sentiment. The remaining nodes
are then ordered as mapped content within one or
more product relation types.

Generation of Book Highlights Like the E2E

system, the PIPE system used the same prompt
and model; the key difference was that only the
selected content for each relation node was input
to the LLM.

5 Evaluations

We evaluate the generated highlights using LLM-
as-a-judge assessments. The evaluation is designed
to cover two generation units (relation and tail), and
two comparison types (architecture and parameter
size).

5.1 Comparison Setup

Pairs are formed within each generation unit
(relation-level and tail-level) separately. Within
each, we construct two types of matched pairs:
architecture pairs, which contrast E2E and PIPE

outputs from the same book, model family, and
model size; and size pairs, which contrast smaller
and larger models from the same book, family, and
architecture. We describe how matched pairs are
constructed under this design in §5.2.

5.2 Sample Construction

Because our comparisons require matched pairs
across architectures and models, we first restricted
the 88-book generation pool to those for which both
architectures produced highlights for all five rela-
tion types (63 books), and then only those for which
all twelve architecture–model combinations were
available at both the relation and tail levels. This
led to a set of 57 books, from which all matched
pairs are drawn. We further filtered this set to books
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Figure 1: Highlights system architectures for both E2E and PIPE

with between 100 and 1000 reviews, so that each
book had sufficient but not overwhelming source
material, yielding a final set of 31 books.

Architecture comparisons pair E2E and PIPE out-
puts generated by the same model (e.g., both pro-
duced by Llama-3.1-70B), while size comparisons
pair smaller and larger models within the same fam-
ily and architecture (e.g., Llama-3.1-8B vs. Llama-
3.1-70B, both E2E). Pairs are matched on book and
relation type at the relation level (e.g., the same
book under the author relation), and on the nor-
malised tail instance at the tail level (e.g., the tail
Novels set in Edinburgh for the same book).

Since more than one highlight was generated for
each relation type or tail node, we use three differ-
ent modes for sampling: convergent, divergent,
and random. Convergent and divergent pairs are
defined using the cosine similarity between the text
embeddings of the two highlights in a pair. Con-
vergent pairs contain outputs with relatively high
semantic similarity, divergent pairs contain outputs
with relatively low semantic similarity, and random
pairs provide a random comparison baseline.

5.3 LLM-as-a-Judge Evaluation

Both the faithfulness and preference experiments
use the same LLM judge, gemini-2.5-pro, in a
zero-shot setting with structured JSON outputs. For
each item, the judge returns a decision together
with a short rationale and, where applicable, a con-
fidence score. The two experiments differ in units
of analysis and rubric: preference is assessed per
pair under blinded conditions (§5.3.1), whereas
faithfulness is assessed per highlight against its

source text (§5.3.2).

5.3.1 Preference Judgments Evaluation
For the LLM-as-a-judge preference experiment,
same-theme highlight pairs for the same book were
compared under blinded conditions, with outputs
presented as Candidate A and Candidate B. Can-
didate order was randomised to prevent the judge
from exploiting position bias. Each pair was rated
on six intrinsic criteria: Informativeness, Saliency,
Fluency/Style, Coherence, Theme Adherence, and
Overall Preference. For each criterion, the judge
selected one candidate or indicated tie or neither.
In addition, the judge returned a brief rationale and
a confidence score for each criterion and for the
overall decision. Table 4 in Appendix A presents
the definitions used in the experiment, and Table 5
in Appendix B shows a few sample pairs used in
the experiment under different conditions.

5.3.2 Faithfulness Assessment
Unlike the preference experiment, the faithfulness
experiment evaluates each highlight individually
rather than in pairs. Each generated highlight was
assessed against the source text of its book, defined
as the concatenation of the book’s description and
reviews, and the judge was instructed to use only
the provided source as evidence. For each high-
light, the judge produced four outputs: a binary fac-
tual accuracy label, a divergence type chosen from
NONE, HALLUCINATION (Definition: The high-
light introduces at least one unsupported claim
that is not established anywhere in the source),
CONTRADICTION (Definition: The highlight states
at least one claim that conflicts with the source),
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N (dec.) E2E win rate 95% CrI

Overall 2,938 62.8%*** (61.0, 64.5)
Relation 2,308 65.9%*** (63.9, 67.8)
Tail 630 51.6% (47.7, 55.5)

Table 2: Architecture comparison (E2E vs. PIPE), overall
and by generation level. Significance stars are for a two-
sided binomial test against a 50% baseline; 95% CrI
from a Beta–binomial model with a uniform prior. ***
p < .001.

BOTH, and, whenever the divergence type was not
NONE, a severity score on an integer 1–7 scale indi-
cating how critical the error is and how strongly it
affects the reader’s understanding. The judge also
returned a short rationale grounded in the source
text. Faithful paraphrases were accepted, and omis-
sions were not penalised; a highlight was marked
inaccurate whenever any material claim was un-
supported by or contradicted the source. Table 6
in Appendix B shows some examples and their
LLM-as-a-judge annotations.

6 Results

We report results from two LLM-as-a-judge eval-
uations: a pairwise preference assessment (§6.1)
and a per-highlight faithfulness assessment (§6.2).
In both, we first examine the effect of system archi-
tecture and its moderation by the generation level
(RQ1, RQ2), and then the effects of model fam-
ily and parameter size, and their interaction with
architecture (RQ3–RQ5).

6.1 Preference Judgment Evaluation Results

Contrary to our first hypothesis (H1), the judge
preferred E2E outputs over PIPE outputs in 62.8%
of decisive pairs (the Overall Preference criterion)2,
but, as Table 2 shows, this advantage is almost
entirely restricted to relation-level highlights and
vanishes at the tail level.

Where does the E2E advantage come from?
The overall preference for E2E (62.8% of decisive
pairs) shows a strong content-level asymmetry. At
the relation level, E2E dominates (65.9%; 95% CrI
63.9–67.8%, posterior mass entirely above parity).
At the tail level, where both systems describe an en-
tity at a more granular level, the advantage vanishes:
E2E wins 325 of 630 decisive pairs (51.6%; With

2Throughout §6 we report win rates on decisive pairs, i.e.,
pairs in which the judge selected a single winner rather than
tie or neither.

a 95% CrI 47.7–55.5% that includes 0.5), indistin-
guishable from chance (binomial p = 0.45). A lo-
gistic regression confirms this asymmetry: pipeline
wins are 1.81× more likely at the tail level than at
the relation level (β̂ = 0.59, SE = 0.09, z = 6.52,
p < 10−10). Consistent with H2, the E2E advan-
tage is confined to the broader thematic generation
task.

What drives the preference? We examine two
complementary aspects: how often the two systems
are judged equal on each criterion (tie rate), and
which criteria actually determine the overall verdict
(dominant factors).

As shown in Figure 2, for surface-realisation
criteria, the judge overwhelmingly rates the two
systems as equal: 78% of all pairs receive a tie on
Coherence and 62% on Fluency & Style. Content-
selection criteria produce far more decisive judge-
ments — fewer than 3% of pairs are tied on In-
formativeness — and it is here that E2E holds its
largest margins: 74.6% of decisive judgements on
Theme Adherence and 65.4% on Informativeness
favour E2E. When the judge explicitly names the
factor that drove the overall verdict, Informative-
ness (2,580 pairs) and Saliency (1,647 pairs) domi-
nate, while Fluency and Coherence are rarely cited
(471 and 198 pairs).

Taken together, the results suggest that the two
architectures produce stylistically comparable out-
put, but that E2E more reliably selects contextually
appropriate and thematically grounded content.

Effects of LLM Family and Parameter Size
The E2E advantage is not modulated by model
scale: win rates are 61.7% against small PIPE out-
puts and 63.9% against large-model outputs. A
logistic regression confirms that the gap between ar-
chitectures is similar regardless of size (OR = 0.91,
p = .22), contrary to H4.

Consistent with H5, the E2E advantage varies
across families (58.7%–68.1%), but the direction
is consistent: E2E wins in all three families, most
reliably on Theme Adherence (see Appendix C for
the full family × criterion breakdown).

Regarding H3, a modest overall size advantage
exists (53.9%), but it is uneven: within GPT-OSS,
larger models win consistently across all crite-
ria; within Qwen, the advantage holds overall but
not on Theme Adherence; and within Llama, the
larger-model advantage is mostly absent, with a
striking reversal on Fluency & Style where the
smaller model wins 63% of decisive pairs. This
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Figure 2: Criterion-level breakdown of judge preferences (E2E vs. PIPE) across all judged pairs. Left: proportion of
pairs rated as E2E win (blue), tie (grey), or PIPE win (orange) on each evaluation criterion. Right: number of times
each criterion was cited by the judge as the dominant factor driving its overall preference decision.

Llama-specific pattern might be due to the size-
differentiated post-training pipeline described by
Grattafiori et al. (2024), where the 8B and 70B
models receive different synthetic training data and
iterative style-steering, which may produce diver-
gent stylistic outputs independently of model size.
The comparison is further complicated by the non-
comparable configurations across families (parame-
ter ratios 4×–9×; context windows 32K vs. 128K).

6.2 Faithfulness Evaluation Results

Pipeline is slightly more faithful overall.
Across 5,488 judged outputs (1,814 E2E and 3,674
PIPE)3, PIPE outputs are rated fully faithful 77.4%
of the time, compared with 73.8% for E2E. A
chi-squared test of independence on the architec-
ture × divergence-type table confirms that the two
architectures produce significantly different distri-
butions of error types (χ2(3) = 18.58, p < .001).
The gap is small but consistent, and it is entirely
driven by hallucination: E2E outputs are 1.36×
more likely to hallucinate than PIPE outputs (OR
= 1.36, p < 0.001), while contradiction rates
are virtually identical across the two architectures
(p = 0.52). The lower hallucination rate in PIPE

may reflect the fact that decomposing the genera-
tion task into explicit retrieval and generation steps
gives the model less opportunity to drift from the
source material. Table 3 shows the full breakdown
by content level.

3The imbalance arises because the PIPE system produced
a larger and more diverse set of highlights overall, resulting in
more unique outputs after deduplication by highlight identity.

Faithful Hallucination Contradiction

E2E Pipe E2E Pipe E2E Pipe

Overall 73.8 77.4∗∗ 13.9 10.1∗∗ 10.5 11.0
Relation 69.7 75.6∗∗∗ 17.0 11.6∗∗∗ 11.0 11.0
Tail 87.0 85.3 4.0 3.4 8.7 10.8

Table 3: Faithfulness rates (%) by architecture and con-
tent level. Significance markers indicate a reliable differ-
ence between E2E and Pipeline within that row (logistic
regression): ∗∗p < .01, ∗∗∗p < .001. The architecture
× level interaction is significant (p = .025).

The gap disappears at the tail level. At the re-
lation level, the architecture effect is clear: PIPE

achieves a 75.6% faithfulness rate versus 69.7% for
E2E, with the difference concentrated in hallucina-
tion (17.0% for E2E vs. 11.6% for PIPE). At the
tail level, however, the gap narrows and reverses:
E2E is marginally more faithful (87.0%) than PIPE

(85.3%). A logistic regression confirms that the
architecture effect is significantly stronger at the
relation level than at the tail level (p = 0.025), con-
sistent with H2. A likely explanation is that tail
generation targets a specific entity whose relevant
properties are already localised in the retrieved con-
text, leaving less room for hallucination regardless
of how the generation is structured.

Size and family effects. We next ask whether
faithfulness varies with model size and family, and
whether these factors interact with architecture.
Larger models are more faithful within GPT-OSS
(63.2% → 71.7%) and Llama (81.4% → 90.1%),
both gaining roughly 8 points from small to large
(see Figure 3), but not within Qwen, where the two
sizes are essentially equal (77.8% vs. 76.8%).
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Figure 3: Faithful rate by model size within each family.
GPT-OSS and Llama show a clear size benefit; Qwen
does not.

Looking at how the architecture effect varies
with model size and family (RQ4–5), neither factor
significantly changes it overall. The pipeline advan-
tage is slightly larger for large models (+5.6 points)
than for small ones (+2.2). Across families, the
direction of the architecture effect is broadly con-
sistent at the relation level, but tail-level estimates
are unreliable due to sparse coverage in some cells;
the full breakdown is in Appendix D, Figure 5. In
other words, whichever model size or family that
is used, E2E outputs are somewhat more likely to
hallucinate than PIPE outputs by the same margin.
The more striking result is that Llama is substan-
tially more faithful than GPT-OSS regardless of
architecture or size (OR = 2.83, p < 0.001), a
gap that reflects model family characteristics rather
than architecture or size.

7 Discussion

Preference and faithfulness pull in different di-
rections. E2E outputs are more preferred but less
faithful. At the relation level, judges favour their
thematic scope and content selection, yet these
same outputs hallucinate more. This is not entirely
surprising: generating broad, engaging highlights
likely requires drawing on knowledge beyond what
the retrieved context provides, which is exactly
what pipeline decomposition is designed to prevent.
What is perhaps more surprising is that architecture
affected hallucination rates but not contradiction
rates. It might be the case that pipeline changes
what the model draws on, not how carefully it reads
what it has.

At the tail level, architecture does not matter.
For entity-specific generation, both preference and
faithfulness are nearly identical across architec-

tures. The retrieved context is narrow enough that
both systems stay close to it, and judges cannot
consistently tell them apart. This suggests the ar-
chitecture choice is most consequential for relation-
level highlights, and less so once the generation
task is tightly constrained by a specific entity. More
broadly, summarisation work often treats the task at
a single level of abstraction without separating set-
tings where the source material is rich from settings
where it is sparse. Our results suggest that conclu-
sions about which architecture is better should be
stated relative to the specificity of the generation
target, not as a single global ranking.

Model family matters more than architecture.
Llama is substantially more faithful than GPT-OSS
regardless of architecture or size. This gap is larger
than any architecture effect in the data. What-
ever drives it (instruction tuning, context utilisation,
alignment), it is not something that switching from
E2E to PIPE can replicate. In practice, choosing
the right base model may have more impact on
faithfulness than choosing the right system design.

8 Conclusion

We examined how architecture, model family, and
parameter size shape the quality and faithfulness
of LLM-generated book highlights. Our LLM-
as-a-judge evaluations showed that pipeline out-
puts are more faithful while end-to-end outputs are
more preferred, with both effects concentrated on
broader, thematic generation tasks and absent for
more specific, entity-level tasks, where the two ar-
chitectures converge on both dimensions. Scale
improves faithfulness within GPT-OSS and Llama
but not Qwen, and model family is a stronger pre-
dictor of faithfulness than either architecture or size.
Contrary to our expectation, switching to pipeline
does not narrow the gap between smaller and larger
models, nor between model families: the architec-
ture effect is similar regardless of model size or
family. Together, these results suggest that end-
to-end and pipeline generation involve a genuine
trade-off: end-to-end outputs are more preferred,
whereas pipeline outputs are more faithful, and that
this trade-off is most consequential for broader the-
matic generation tasks rather than entity-specific
ones.

Limitations

The evaluation relies on an LLM-as-a-judge setup
for both preference and faithfulness judgements.
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Beyond a potential bias towards longer or more
elaborated outputs, the judge model may have in-
herent preferences that are not fully aligned with
human judgement. For example, it may favour out-
puts that resemble its own generation style. Com-
paring LLM-based evaluations against human an-
notations would help establish how much these
biases affect the conclusions.

The study covers a single domain (book descrip-
tions and reviews), which limits how far the find-
ings generalise. Knowledge graphs for other do-
mains may have different relation structures, re-
trieval properties, and levels of source sparsity,
all of which could shift the balance between E2E

and PIPE generation. Extending the evaluation to
other domains would help clarify which findings
are domain-specific and which are more general.

Model configurations are not matched across
families for size comparisons: the parameter ratios
and context windows differ substantially between
GPT-OSS, Llama, and Qwen. This makes it diffi-
cult to attribute cross-family differences in faithful-
ness to scale alone, as opposed to other architec-
tural and training differences. A more controlled
comparison, holding context window and param-
eter count constant across families, would allow
stronger conclusions about scale effects.

The preference judgment dataset includes diver-
gent, convergent, and random pairs, designed to
test whether sampling strategy affects the results.
Due to space constraints, we do not analyse these
sub-conditions here; differences across pair types,
as well as individual book-level variation, are left
for future work.

Finally, tail-level analyses are based on substan-
tially fewer samples than relation-level ones, and
some sub-group cells have sparse coverage.
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A Preference Judgment Criteria

Table 4 lists the criteria and their definitions as
presented to the judge in the preference judgment
experiment.

B Example Outputs from the
LLM-as-a-Judge Experiments

Tables 5 and 6 show example outputs from the two
LLM-as-a-judge experiments described in §5.3.

Table 5 presents one example pair per sample
type from the preference judgment experiment, re-
stricted to convergent pairs. Each row shows the
two candidate highlights presented to the judge
(blinded), the overall winner and its resolved source
(E2E or PIPE; small or large), the criteria that drove
the decision, and the judge’s rationale.

Table 6 presents one example per combination
of divergence type, content level, model size, and
system architecture from the faithfulness experi-
ment. Each row shows the generated highlight, the
judge’s verdict (none = fully faithful, hallucination,
contradiction, or both), the assigned severity, and
the judge’s rationale.

C Family and Criterion Breakdown

Figure 4 shows the E2E win rate (top) and large-
model win rate (bottom) broken down by model
family and evaluation criterion.

D Faithfulness Gap by Model Family and
Content Level

Figure 5 shows the difference in faithfulness rate
between PIPE and E2E for each combination of

model family and content level. Green cells in-
dicate a pipeline advantage; red cells indicate an
E2E advantage. The Qwen tail-level cell should be
interpreted with caution due to sparse PIPE output
coverage at that condition.

49

https://proceedings.iclr.cc/paper_files/paper/2024/file/5e5fd18f863cbe6d8ae392a93fd271c9-Paper-Conference.pdf
https://proceedings.iclr.cc/paper_files/paper/2024/file/5e5fd18f863cbe6d8ae392a93fd271c9-Paper-Conference.pdf
https://doi.org/10.18653/v1/2024.acl-long.382
https://doi.org/10.18653/v1/2024.acl-long.382
https://arxiv.org/abs/2303.18223


Criterion Definition & Question

Informativeness How much useful, concrete, book-specific information the candidate conveys for the stated
theme. Prefer the candidate that provides more meaningful detail rather than vague or generic
wording, but do not reward unsupported specificity. Which candidate conveys more useful,
book-specific information for the stated theme?

Saliency How well the candidate surfaces a point that would stand out to a reader and help them decide
whether the book is worth attention. Prefer the candidate that highlights a more compelling
or decision-relevant selling point, without rewarding hype alone. Which candidate highlights
a more compelling and decision-relevant selling point for a reader?

Fluency & Style How natural, polished, and readable the candidate is. Prefer grammatical, idiomatic, concise,
and well-phrased text, and penalize awkward wording, repetition, malformed syntax, or
obvious style issues. Which candidate is more natural, polished, and readable?

Coherence How logically organized and internally consistent the candidate is. Prefer the candidate
whose claims fit together cleanly and are easy to follow, and penalize contradictions, abrupt
jumps, unclear referents, or confusing structure. Which candidate is more logically organized
and internally consistent?

Theme Adherence How well the candidate stays focused on the intended theme instead of drifting to another
aspect of the book. Prefer the candidate that clearly addresses the provided theme, and
penalize off-theme details, mixed themes, or weak connection to the requested aspect. Which
candidate stays more clearly focused on the intended theme?

Overall Preference If only one of the two candidates could be shown for the given theme, which one should be
selected? This judgment should be based on the full rubric rather than on any single criterion
alone. If you could show only one of the two candidates for this theme, which one would you
choose?

Table 4: Criteria and definitions used in the pairwise preference LLM-as-a-judge experiment.

Metadata Highlight A Highlight B Winner Dominant
Factors

Rationale (shortened)

Type: relation
Comparison:
Architecture
Book: The Heart of
the Matter
Theme:
previousWork

PIPE: Like other
Greene novels, Heart
of the Matter follows
settings in foreign
times and places.

E2E:Preceded by ‘A
Burnt Out Case,’
sharing Greene’s
focus on moral
ambiguity and
colonial tensions.

B (E2E) informativeness,
saliency

B names a specific prior work
and highlights salient themes
that help a reader decide. A is
too vague.

Type: relation
Comparison: Size
Book: Under the
Banner of Heaven
Theme: author

Small: Author Jon
Krakauer examines
the connection
between religion and
violence in his book.

Large: Jon Krakauer
is a gifted writer,
known for his
meticulous research
and engaging
storytelling.

B (large) theme_adherence,
informative-
ness

B addresses the author theme
directly. A describes book
content but says nothing about
the author.

Type: tail
Comparison:
architecture
Book: The Terminal
Man
Theme: Michael
Crichton

E2E: Provides an
early glimpse into
Crichton’s writing
style and his ability to
craft engaging stories.

PIPE: Crichton knows
how to build suspense
and develop
characters, making the
reader invested in the
outcome.

B (pipe.) informativeness,
saliency

B gives specific stylistic
details (suspense, character
development); A is more
generic.

Type: tail
Comparison: size
Book: Espresso
Tales
Theme: serial
publication

Large: Originally
published as daily
installments in The
Scotsman, blending
comedy and
character-driven
storytelling.

Small: Published as a
serial novel, with
short chapters that
mirror the original
newspaper format.

A (large) informativeness A names the specific
publication and connects
format to content. B is correct
but too generic.

Table 5: Example convergent preference pairs, one per sample type. W. = overall winner (resolved label in
parentheses).
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Metadata Highlight Div. Sev. Rationale

Level: relation
Size: large
Sys.: pipeline
Book: Sphere
Theme:
subsequentWork

Fans can expect a high-octane
movie version, packed with
nonstop action, drama, and
tension, delivering the novel’s
adventurous spirit to the
screen.

both 5.0 The highlight claims the film
adaptation is action-packed and
delivers the novel’s spirit. The
source does not support the
‘nonstop action’ claim, and
numerous reviews directly
contradict the idea that the film was
a successful adaptation, with one
calling it a ‘disgrace to the book’
and another stating it was ‘nowhere
near as good’ as the book.

Level: tail
Size: small
Sys.: e2e
Book: Tatiana and
Alexander
Theme: nan

First installment of a critically
acclaimed trilogy, setting the
stage for the next two novels.

both 6.0 The highlight incorrectly identifies
this book as the ‘First installment’
of a trilogy; the source text
repeatedly describes it as the second
book and a sequel to ‘The Bronze
Horseman’. Consequently, the
claim it ‘sets the stage for the next
two novels’ is also a contradiction,
as only one book follows. The term
‘critically acclaimed’ is a
hallucination, as it is unsupported
by the provided user reviews.

Level: relation
Size: large
Sys.: pipeline
Book:
Bloodsucking
Fiends
Theme:
previousWork

Readers note this novel picks
up after Moore’s cult classic
Bloodsucking Fiends,
delivering the same off-beat
humor and supernatural chaos
fans love.

contradiction 5.0 The highlight claims the novel is a
‘Follow-up to Bloodsucking Fiends.’
The source material repeatedly
identifies ’Bloodsucking Fiends’ as
the first book in the series, not a
sequel.

Level: relation
Size: small
Sys.: e2e
Book: Guards!
Guards!
Theme:
previousWork

Follows earlier works like
’The Color of Magic’ and
‘The Light Fantastic’ in the
series.

contradiction 5.0 The highlight claims the book is a
prequel to Discworld, but multiple
parts of the source text state that it
is the eighth book in the series, not
a prequel.

Level: tail
Size: large
Sys.: e2e
Book: The
Terminal Man
Theme: American
science fiction
novels

Reviews praise Crichton’s
foresight on brain-computer
interfaces, marking the novel
as a cornerstone of American
sci-fi literature that still
resonates.

hallucination 4.0 The highlight claims the novel is
considered a ‘cornerstone of
American sci-fi literature,’ but the
source text does not support this.
While some reviews praise its
foresight, many others describe it as
an early, flawed, or non-essential
work compared to Crichton’s other
novels, making this claim an
unsupported overstatement.

Level: relation
Size: large
Sys.: e2e
Book: Until I Find
You
Theme: author

John Irving draws from his
life as a child of a single
mother and his passion for
organ music.

hallucination 4.0 The source text confirms that Irving
drew on his personal experience of
not knowing his biological father.
However, while organ music is a
major theme in the novel, the
source does not state that this is a
personal passion of the author. The
passion for organ music is attributed
to a character in the book, not to
Irving himself.

Table 6: Example outputs from the faithfulness evaluation. Each row shows the generated highlight, the judge’s
verdict (none = faithful, hallucination, contradiction, or both), severity, and the judge’s rationale.
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Figure 4: Top (architecture effect): E2E win rate by model family and evaluation criterion. Green cells indicate
that E2E is preferred on that criterion within that family; red cells indicate that PIPE is preferred.

Bottom (size effect): Large-model win rate by family and criterion. Green cells indicate that the larger model is
preferred within a family; red cells indicate that the smaller model is preferred. This panel should be interpreted
with caution: parameter ratios (4×–9×) and context windows (32K vs. 128K) are not matched across families.

Figure 5: Pipeline minus E2E faithful rate by model family and content level. Green indicates pipeline is more
faithful; red indicates E2E is more faithful.
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