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Abstract

Generating coherent, semantically accurate text
from large structured inputs remains a persis-
tent challenge in data-to-text generation, as
single-step LLM mappings from data-to-text
limit control over discourse structuring and
amplify hallucinations and omissions as in-
put size grows. We introduce a new dataset
of extended DBpedia triple sets (up to 199
triples per input), and a modular multi-agent
framework: specialised LLM agents handle
content ordering, text structuring, and surface
realisation under the supervision of an orches-
trator and guardrail control loop. The sys-
tem generates multi-paragraph outputs in En-
glish and Irish (low-resource). We compare a
three-worker multi-agent configuration against
a single-worker multi-task variant and a strong
end-to-end baseline. Quality is assessed via
human evaluation and LL.M-as-a-judge (with
truncation-based sanity checks). Results show
slightly superior coherence for the multi-agent
approach in both languages, with statistically
significant inter-rater correlation over all crite-
ria for English and no statistically significant
correlation for Irish. Human-LLM alignment
is very weak overall, thus exposing key limits
in scalable NLG evaluation.

1 Introduction

Modern large language models (LLMs) produce
fluent textual descriptions from structured data rep-
resentations across multiple languages. However,
their performance on long, densely structured in-
puts remains underexplored. Existing data-to-text
(D2T) benchmarks that do not involve content se-
lection predominantly feature short input-output
pairs designed for sentence or paragraph-level gen-
eration, with reference texts spanning only a few
dozen tokens (Novikova et al., 2017; Gardent et al.,
2017; Parikh et al., 2020). For contemporary LLMs,
these datasets present limited challenges in terms of
input length, information coverage, and discourse-
level complexity.

Meanwhile, advances in long-context modeling
have dramatically increased nominal context win-
dows, with many LLMs now supporting inputs of
32k tokens or more (Gao et al., 2025). Despite
these architectural improvements, benchmark eval-
uations reveal significant limitations in effective
long-document generation tasks (Li et al., 2024a;
Liu et al., 2024b, 2025; Wu et al., 2025b). Perfor-
mance typically degrades as context length grows,
with models underutilizing information from the
middle portions of input sequences (Liu et al.,
2024a). Furthermore, long-form generation ex-
hibits increased incoherence or hallucination in
later sections of the output (Yang et al., 2025; Xu
et al., 2023). This indicates a need for enhanced
control mechanisms, particularly for document-
level D2T tasks requiring sustained factual cover-
age and discourse coherence across multiple para-
graphs. This challenge has spurred considerable
interest in LLM-based agents and multi-agent sys-
tems (Xi et al., 2025; Li et al., 2024b), in the con-
text of which recent surveys identify role special-
ization or hierarchical communication as critical
components for handling complex, constrained gen-
eration tasks (Guo et al., 2024; Gu et al., 2024; Du
et al., 2025; Wang et al., 2025).

This paper addresses the lack of long-context
datasets and of exploration of multi-agent-based
architectures in D2T generation by creating a new
dataset of DBpedia triple sets of up to 199 triples,
and testing three system configurations: (i) a three-
worker multi-agent system with specialized agents
for content ordering, text structuring, and surface
realization; (i1) a multi-task single-worker vari-
ant consolidating all three stages within a single
prompt; and (iii) a strong end-to-end baseline. We
evaluate outputs in both high resource (English)
and low resource (Irish) settings. For intrinsic text
quality (e.g. Fluency), our evaluation methodol-
ogy uses both LLM-as-a-judge assessment and ex-
pert human ratings. For semantic accuracy crite-
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ria (e.g. No-Omissions), LLM-as-a-judge is used
and LLM sensitivity to different percentages of
missing contents in the input and the output is as-
sessed. All code, prompts, data, and results can be
found at https://github.com/NonsoCynthia/
D2T-Longer-Text-Agent-System.

2 Related Work

Constrained long-form generation has been cast as
an iterative cognitive workflow that includes plan-
ning, drafting, monitoring, and reviewing (Wan
et al., 2025; Wu et al., 2025a) or as heterogeneous
recursive planning, where an agent framework in-
terleaves task decomposition and execution across
retrieval, reasoning, and composition (Xiong et al.,
2025). Multi-agent collaboration extends these
ideas to document-level rewriting and simplifica-
tion; related work on ordered cooperation patterns,
where agents communicate in sequence and down-
stream agents attend only to upstream outputs, in-
dicates that such structured turn taking improves
efficiency and helps maintain more organised multi-
agent discussions (Xi et al., 2025). However, recent
agent-based approaches to D2T generation are eval-
uated on relatively short inputs and do not target
document-level, multilingual long-context genera-
tion (Osuji et al., 2025b; Lango and Dusek, 2025).

On the data side, existing foundational D2T
datasets exhibit relatively short average output
lengths: E2E (22.67 tokens) (Novikova et al.,
2017), WebNLG (22.69 tokens) (Castro Ferreira
et al., 2020), ToTTo (17.4 tokens) (Parikh et al.,
2020), WeatherGOV (28.70 tokens) (Liang et al.,
2009), or WikiBio (26.1 tokens) (Lebret et al.,
2016). While datasets like RotoWire (337.10 to-
kens) (Wiseman et al., 2017) offer longer outputs,
they typically necessitate additional content selec-
tion components, which complicates application
to direct D2T generation. In recent work (Osuji
et al., 2025b), we proposed a dataset of comparable
output size to RotoWire (=300 tokens), with up to
69 triples in the input; in this paper, we used input
triple sets of up to 199 triples.

3 Methodology

We model the D2T generation task over sets of
RDF triples that represent long structured inputs as
follows. Each input is a DBpedia triple set X =
{(si,pi,oi)}ﬁl, where s;, p;, and o; denote the
Subject, Property, and Object of the i-th triple, and
all triples are represented in English (see Figure 3 in

Appendix A for a sample triple set). Given X and
a target language ¢ € {en, ga}, the system must
produce a document-level text Y, in the chosen
language that is semantically complete with respect
to X (and only X), and of high discourse quality.

The underlying LLMs are used in a frozen set-
ting, so we do not optimize their weights directly.
Instead, we control their behaviour through prompt
design, role-specific instructions, and the modular
multi-agent architecture in Algorithm 1 in App. B.
For all experiments, we set the decoding tempera-
ture to O to encourage deterministic behaviour.

Both for generating texts and automatically as-
sessing their quality, we are constrained to using
closed-source models (namely GPT and Claude)
as they are the only ones currently able to reliably
handle the Irish language.

3.1 Multi-Agent Architecture (Mul)

Our primary system instantiates a multi-agent
framework in which all agents are implemented
as calls to the GPT 4.1 model with role specific
prompts. The workflow is defined as a directed
graph with an orchestrator, one or more workers,
a guardrail, and a finalizer that together control
execution. To prevent unbounded recursive rout-
ing and reduce inference cost, the shared execution
state maintains both a global iteration counter and
per worker call limits, and the orchestrator halts
or advances the pipeline once these bounds are
reached; see overview in Figure 1.

Content Ordering Agent: The content ordering
agent receives the full triple set X embedded in
instructions from the Orchestrator and produces an
ordered content plan (C'O). The agent is instructed
to group related facts, organise them into a coher-
ent progression, and expose an ordering that later
stages can follow. The resulting sequence serves as
a high level content plan over the input triples.

Text Structuring Agent: The text structuring
(T'S) agent takes C'O with sets of instructions from
the orchestrator and converts it into a paragraph
level outline which specifies paragraph boundaries
and sentence level organisation for the document.
This stage defines a document level skeleton that
stabilises narrative flow before surface realisation.

Surface Realisation Agent: The surface realisa-
tion (S'R) agent transforms the outline into fluent
text in the target language ¢. The agent is instructed
to follow the outline closely, preserve the factual
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Input: DBpedia Triples

Louvre - locatedIn - Paris
Louvre - artType - Museum
Eiffel Tower - height - 330m

3 Worker Agent System

g

CO Agent TS Agent SR Agent

o BEE
S/

CO Task TS Task SR Task

Single Worker Multi Task

Agent System

Figure 1: Multi-Agent System for Data-to-Text. CO = Content Ordering, T'S = Text Structuring, SR = Surface Realization.
Black arrows indicate the default flow. Green arrows indicate the near-limit shortcut: when execution reaches the penultimate
global iteration (n — 1), the SR and Guardrail outputs are routed directly to the Finaliser, bypassing the normal path to preserve

a usable output. The full algorithm is detailed in Algorithm 1.

content of each statement, and respect paragraph
boundaries. We use language specific prompts for
English and Irish that share the same structure but
differ in examples and stylistic instructions. The
agent does not have access to the raw triples, only
to the structured outline and language, which en-
courages faithfulness to the planned content.

Orchestrator: The orchestrator coordinates the
execution of agents. At each step it receives the
current state .S and the history of previous actions,
then selects which agent to call next. When nec-
essary, the orchestrator can request revisions of
earlier stages, for example when the guardrail flags
a violation or returns negative feedback.

Guardrail: The guardrail agent receives and
evaluates intermediate outputs of the worker agents
against task specific constraints and quality require-
ments. It checks that every triple in X is either
mapped to a content plan C'O or explicitly marked
unused, that the T'S outline obeys the required
schema, that the S'R draft text does not obviously
contradict the input, and that no disallowed con-
tent is produced. When issues are detected, the
guardrail generates structured feedback that the or-
chestrator uses to route the state back to the relevant
worker with a targeted revision instruction.

Finalizer: The finalizer agent performs a last edit
pass over the selected draft, standardising punctua-
tion, resolving minor inconsistencies, and ensuring
that the output meets quality guidelines. The final-
izer cannot introduce new factual content.

3.2 Single Worker Multi-Agent Variant (Sng)

In addition to the three worker configuration (CO,
TS, SR) described above, we also construct a sin-
gle worker variant. This architecture uses a single
worker agent that performs content ordering, text
structuring, and surface realisation tasks within one
prompt, still under the control of the same orches-
trator, guardrail, and finalizer. This configuration
allows us to examine whether explicit separation
of roles is necessary, or whether a single multitask
agent can approximate the same behaviour when
embedded in the same control framework.

3.3 Baseline (e2e)

We define a simple end-to-end D2T system that
uses a single GPT 4.1 LLM call per instance. Given
an input triple set X and target language ¢ €
{en, ga}, we pass the triples to GPT 4.1 together
with a language-specific instruction prompt. This
baseline does not expose intermediate representa-
tions and does not use an orchestrator, guardrail,
or finalizer. Instead, it handles the entire task in a
single forward pass, with temperature fixed to 0 for
comparability with the multi-agent setting.

3.4 Dataset

In order to develop and test our models, we com-
piled a new dataset of DBpedia triples for a series
of entities. We selected 900 random entities in to-
tal from three categories: People, Geography and
History.1 Following (Osuji et al., 2025a), for each

"The choice of categories is motivated by prior work (Belz
et al., 2009) and by practical coverage considerations. These
domains are the most densely populated and curated in DB-
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entity, we retrieve all DBpedia triples in which it ap-
pears as Subject (e.g. Einar_Leino || birthPlace
|| Paltamo) or Object (e.g. Helkavirsii || author ||
Einar_Leino), and curate the triple sets as follows:
(a) filtering out properties identified as incorrect, in-
cluding second to n'" occurrence of a Property that
can only have one value (e.g. birthDate) and prop-
erties frequently misused on DBpedia, (b) allowing
for a maximum of 6 instances of the same Property
with the same Subject or Object,2 and (c) selecting
only the triple sets with at least 8 triples (i.e., triples
sets of larger size than in WebNLG) and at most
199 triples (to keep the number of triples under con-
trol). Since all the collected triples have the queried
entity as Subject or Object, the input graphs can be
quite wide, but there is at most one level of chain
relationships in this version of the dataset, i.e., the
deepest subgraph would be: Entityl — Propertyl
— Queried Entity — Property2 — Entity2.

The resulting dataset comprises 669 input of size
8 to 199 triples each. We used 10 entities for devel-
oping the prompts, and randomly sampled 30 of the
remaining entities for evaluation. We stratified the
sampling by size so as to have 10 size bins (0-19,
20-39, etc.) and 3 data points per bin.

3.5 Evaluation

We ran the three systems (Mul, Sng, e2e) on
all 669 datapoints and used the 30 sampled dat-
apoints for the evaluation (98.37 triples/input on
average). We use five criteria for the evalu-
ation: Grammaticality, Fluency, Coherence,
No-Omissions and No-Additions; see App. E for
definitions as provided to human and LLM judges.

Human evaluation. Since it is extremely chal-
lenging to evaluate whether all and only input
triples are being verbalised with large inputs,3 we
asked judges to rate intrinsic quality criteria only
(Grammaticality, Fluency, Coherence). Out-
puts of different sizes and different systems were
distributed as evenly as possible across six bilin-
gual English/Irish speakers4 via Latin Square as-

pedia, which makes it possible to extract large triple sets with
sufficient volume and diversity for our analysis.

*For instance, it is often the case that a city is the Object
of several hundreds of location properties, which would result
in very unnatural texts with endless coordinations.

’Ina pilot study, we carried out some tests with around 50
triples in the input and concluded that it was too challenging
to manually evaluate semantic accuracy in a reliable way.

*Bvaluators are all co-authors; one was involved in cu-
rating the dataset, the other five did only the evaluation; no
evaluator knew anything about the evaluated systems.

signment; see Appendix C for assignment details.
Each output was evaluated on a 5-point scale by
two annotators.

LLM-as-judge evaluation. For each input X
and system output Y, we query an evaluator LLM
(different from the LLLM used for generating) with a
structured rubric that asks for scores on the five cri-
teria. The evaluator claude-sonnet-4-5 receives
X and Y, and returns numeric scores on the 1 to 5
scale in a json format. Since we have no human rat-
ings for semantic accuracy, to test how sensitive the
evaluator is to missing content in long texts, we cre-
ate perturbed versions of the e2e output by deleting
spans so that a proportion « € {0.05,0.10,0.15}
of the final sentences is removed. The three vari-
ants are identified as e2e-0.95/0.90/0.85 respec-
tively in the figures below. Similarly, to test how
sensitive the evaluator is to added content, we cre-
ate perturbed versions of the input (by removing
a percentage of the final triples) paired with the
full e2e texts. The three variants are identified as
e2e-input0.95/0.90/0.85 respectively in the figures.

4 Results and discussion

4.1 Human evaluation scores

Figure 2 shows the results of the human evalua-
tion of the three main systems in English and Irish,
with groupings based on Tukey’s HSD post-hoc test
(threshold 0.05).5 The Multi-Agent system mul
has consistently higher scores than the other two ap-
proaches across languages and criteria, particularly
for Coherence, defined as the “degree to which an
output’s content/meaning hangs together better”.
However, almost none of the differences are statis-
tically significant, possibly due to a small sample
size. The results of the LLM-as-judge evaluation is
more varied across criteria, but for Coherence the
mul also scores higher in English.

4.2 LLM-as-judge scores

Table 4 in Appendix F summarises the LLM-as-
judge scores, and Figures 5, 6 and 7 in Appendix H
show visualisations of the LLLM-as-judge evalu-
ation. Figure 5 shows that for No-Omissions,
Fluency and Coherence, all systems tend to get
lower scores as the input size increases, espe-
cially the e2e system. This suggests that the mul
and sng pipelines are somewhat more robust to

>The scores of two systems who share a letter in the same
table do not have statistically significant differences.
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long inputs than a single pass prompt. At the
same time, the ceiling scores of No-Additions and
Grammaticality for both languages cast doubts
on the ability of LLMs to evaluate these dimen-
sions on long inputs, and point to an indiffer-
ence to subtle hallucinations or grammatical dif-
ferences in this scenario. However, Figures 6 and
7 show that LLMs seem to be able to detect miss-
ing and added content respectively, with the trun-
cated outputs and inputs scores vertically ordered
as expected for No-Omissions and No-Additions.
Note that the difference between systems is clearer
for No-Additions (Figure 7); for No-Omissions
(Figure 6), the scores tend to converge for longer
inputs (>100 triples), whereas we would still ex-
pect e.g. truncated outputs to score lower than full
outputs. This could indicate that beyond a certain
size, LLM-based assessment of missing contents
may not be reliable. However, LLMs seem to be
able to detect more accurately cases in which the
generating systems produce additional contents not
present in the input (usually referred to as halluci-
nations or confabulations).

(a) Grammaticality

English Irish
Mean Group Mean Group
mul 475 A 407 A
e2e 470 A 397 A
sng 4.60 A 390 A
(b) Fluency
English Irish
Mean Group Mean Group
mul 432 A 375 A
ee 410 A 3.60 A
sng 407 A 380 A
(c) Coherence
English Irish
Mean Group Mean Group
mul 422 A 383 A
eZe 4.02 AB 373 A
sng 3.85 B 3.60 A

Figure 2: System rankings human English and Irish

4.3 Correlation analysis

We first computed item-level Pearson and Spear-
man correlations between human scores, using
all collected individual scores (we have two rat-
ings per text by two different evaluators, and 90
texts/language). There is weak to moderate agree-
ment on all criteria between human annotators on
the English data (statistically significant Pearson
correlations in the 0.3-0.5 range for all three cri-
teria) but negative or near-zero Spearman’s and

Pearson’s correlations on the Irish data, which are
very likely due to major rater bias differences, with
three of the six annotators having very different
patterns (lenient, harsh or lenient on some criteria
and harsh on some others). Since the same annota-
tors evaluated English and Irish texts, we believe
that this highlights classic low-resource language
challenges: raters may disagree on what “good”
grammar/fluency looks like due to dialect variation,
normalization, or lack of standards.

We also computed item-level Pearson and Spear-
man correlations between averaged human scores
and LLM-as-judge scores (90 texts/language).
There is a weak, non-significant LLM-human align-
ment in both English and Irish (non statistically
significant 0.1 Pearson’s correlation for two crite-
ria). For Grammaticality, it was not possible to
compute correlations because there is no variance
for the LLM scores. Given the lack of correlation
between human ratings in Irish, it is difficult to
interpret these human-LLM correlation numbers.
But the case of English hints that LLMs may not
be reliable for the evaluation of large input/output
pairs beyond a certain size (>100 triples).6

5 Conclusion

We have explored the utility of a multi-agent ap-
proach for the generation of long texts in English
and Irish. Our human evaluation results show a ten-
dency of multi-agents to score higher than a single
end-to-end system, but the differences were not sta-
tistically significant. This is in line with our exper-
imental design, where all systems share the same
strong backbone model and differ mainly in con-
trol flow rather than in underlying language ability.
Although multi-agent generation requires multiple
LLM calls and therefore increases computational
cost compared with a single end-to-end pass, our
findings still indicate that the approach is promis-
ing. The results show slightly superior coherence
for the multi-agent approach in both languages, yet
weak/moderate (English) or absent (Irish) human
inter-rater agreement for all criteria, and very weak
human-LLM alignment overall, exposing key lim-
its in scalable NLG evaluation. Finally, we observe
a systematic gap between English and Irish in hu-
man ratings but not in the LLM-as-judge setting.
This suggests that multilingual long-context genera-
tion and evaluation remain challenging, particularly
for lower-resource settings.

®See Appendix G for system-level correlations.
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Limitations

Use of closed-source models. We are not using
open-weight models in our experiments because
none is currently able to produce reliable texts in
Irish language; we are restricted to using either
GPT or Claude. We will explore open-weight mod-
els as they become reliable in an under-resourced
language such as Irish.

Computational cost. The proposed multi-agent
approaches have a high computational cost due to
the multiple calls to large language models. How-
ever, the objective of our experiments is to assess
whether or not it is worth pursuing along the lines
of multi-agent D2T generation, and we leave the
reduction of the resource use as future work.

Data quality. Despite our filters to ensure a high
quality in the input triple sets, a small percentage
of triples encode “wrong” information that impact
the text quality, in particular in terms of semantic
content: e.g. Ibn al-Tilmidh — occupation — Bagh-
dad is a triple in which there should be a job title
instead of “Baghdad”. The resulting text generated
by the systems can be confusing to evaluators, and
impact both Fluency an Coherence scores.

Results impact. The human evaluation is lim-
ited to 30 texts per system and per language, and
we did not carry out ablation studies, because
of the high cost of evaluating long text quality,
even focusing on intrinsic quality criteria such as
Grammaticality, Fluency and Coherence. Eval-
uators spend between 5 and 10 hours each for eval-
uating about 60 texts (equally distributed between
English and Irish). With such a limited sample size,
it is difficult to detect statistically reliable differ-
ences between similar systems (according to Tukey
HSD with a threshold of 0.05), even though we
consistently observe directional trends towards im-
proved coherence with the modular approach. We
expect that a larger annotated sample could con-
firm these trends, and future human evaluations
would need to be carried out on a larger scale, if it
is indeed possible (evaluator recruitment for under-
resourced languages is very challenging).

Ethics Statement

We use LLM-based methods in our experiments,
and at present, it is uncertain what data has been
used to train them, especially proprietary models
such as GPT and Claude. The texts they produced
and the assessments they provided may reflect bi-
ases, potentially posing a risk of harm to users. All

human evaluators are co-authors of the paper and
have not been involved in the development of ei-
ther the generating systems or evaluation methods.
We used LLM assistance for rewriting occasional
sentences and checking some of the code used to
analyse the results.
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<entry category="people" =id="360"
<originaltripleset>
<otriple>*Eino_Leino
<otriple>*Eino_Leino
<otriple>*Eino_Leino

<otriple>Einc Leino
<otriple>Einc Leino

shape="(X (X)

(X) (X) (X))" shape-type="sibling" size="9">

birthPlace | Paltamo</otriple>
deathPlace | Tuusula</otriple>
birthDate | 1878-07-06</otriple>

birthYear | 1878</octriple>
deathDate | 1926-01-10</ctriple>

|
|
|
<otriple>Eino Leino | birthName | Armas Einar Leopold Lénnbohm</otriple>
|
|
|

<otriple>Eino Leino

deathYear | 1926</ctriple>

<otriple>Helkairsiéi. | author | Eino_ Leino</otriple>
<otriple>L. Onerva | partner | Einco_Leino</otriple>

</originaltripleset>
</entry>

Figure 3: Sample input triple set of size 9 (small triple set for better readability)
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Appendix
A Sample input

Figure 3 shows a sample input used to generate the
texts in both English and Irish. The input is of size
9 (9 triples); we have inputs of up to size 199.

B Algorithms

Algorithm 1 details the steps of the multi-agent
framework.

C Details on Latin square assignments

In order to maximise the distribution of anno-
tators across systems and data points, since we
have 3 different systems and 2 annotators per data

Algorithm 1 Multi-agent LLM framework for data-to-text
generation

Require: Structured input X (triples), target language £, configuration 6
Ensure: Document level text Y
1: S « INITSTATE( X, £, 0)
H<o
k<0
: while not CONVERGED(S) and k < .max_iterations do
ke—k+1
if £ = 0.max_iterations and S.output is not set then
r < FINALIZATION
else
r — ORCHESTRATOR(S, H)
if 7 = CONTENTORDERING then
C' « CONTENTORDERINGAGENT(X, S)
S.content_plan « C'
else if » = TEXTSTRUCTURING then
O « TEXTSTRUCTURINGAGENT(S.content_plan, S)
S.outline < O
else if » = SURFACEREALIZATION then
D « SURFACEREALIZATIONAGENT(S.outline, £, S)
S.draft « D
else if » = GUARDRAIL then
(F,G) « GUARDRAILAGENT(X, S)
S.feedback « F'
S.guardrail_status < G
else if 7 = FINALIZATION then
Y « FINALIZERAGENT(S.draft, S)
S.output < Y
26: H < UPDATEHISTORY(H, 7, S)
27: S « UPDATESTATE(S, )
28: if S.output is not set then
29: Y « FALLBACKGENERATE(X,Z,6)
30: else
31: Y < S.output
32: return Y’

DO DO B B D DD bt bt o o ot ot ot o ot ek
DEDD=OLRIRLERRES FEFDIEDE

point, pairs of annotators [Annotator N, Annota-
tor N+2] were assigned the same evaluation item
when possible. So for instance, if we consider
the first 3 (out of 30) data points, System 1 has
the following respective pairs of annotators: [[Al,
A3], [A2, A4], [A3, AS5]]; System 2 has [[A2,
Ad4], [A3, AS], [A4, A6]] respectively, and Sys-
tem 3 has [[A3, A5], [A4, A6], [Al, AS5]] re-
spectively. This ensures that (i) each system is
seen by 5 different annotators, and (ii) each data-
point is seen by 5 different annotators. The code
for Latin square design assignment and automatic
compilation of evaluation spreadsheets for indi-
vidual evaluators is available publicly: https:
//github.com/mille-s/Build_KGs_entities.
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D LLM-as-judge evaluation

We model the evaluator as a scoring function
Jy(X,Y) € {1,2,3,4,5}, where d indexes the
evaluation criterion, X is the triple set, and Y is
the system output. Let there be N evaluator LLMs,
in our case N = 1. For a given system 6 and an
evaluation set D,y , the average score for criterion
dis

jd(e) N |Deva1| Z Z

1 X?W)Epeval (1)
Jc(lm)(X7 ?9(X7£)7 Yvﬂ)7

where Yp(X, ¢) denotes the output generated

by system variant § in language ¢, and chm) is
the score assigned by evaluator m on criterion d.
These per criterion averages .J;(0) are the scores
we report.

Here 6 indexes a particular system variant, for
example the three worker multi-agent model, the
unified worker model, or the end-to-end baseline.

E Evaluation dimensions

The criteria below were named and defined follow-
ing the quality criteria names and definitions in the
QCET Taxonomy (Belz et al., 2025), for compara-
bility and reproducibility.

E.1 Instructions provided to human
evaluators

Human evaluators carried out the assessment in
Google Spreadsheets which contained the instruc-
tions as described in this section. Below the instruc-
tions, each row contained a text and three cells with
drop-down menus that allow for selecting one of
the five ratings. Each evaluator was provided with
on sheet for English texts and one sheet with Irish
texts, with the texts on the same row corresponding
to the same input. All released evaluations will
be fully anonymised via random ID assignment to
each evaluator.

Grammaticality: To what degree is this text
free of grammatical errors, looking at its form only?
Grammaticality exclusively captures syntactic cor-
rectness, ignoring its content/meaning.

* Very good: There are no grammatical errors in the text.
* Good: Somewhere between Very good and Fair.
* Fair: There are a few grammatical errors in the text.

* Poor: Somewhere between Very poor and Fair.

¢ Very poor: There are numerous grammatical errors in
the text.

Fluency: To what degree is this output fluent?
Fluency captures how well the text flows, and can
be absorbed readily without bringing the reader up
short.

¢ Very good: The text flows well and can be read easily.
* Good: Somewhere between Very good and Fair.

e Fair: The text has occasional disfluencies.

* Poor: Somewhere between Very poor and Fair.

* Very poor: The text does not flow well and I had to start
over to understand some parts.

Coherence: To what degree does this output’s
content/meaning hang(s) together better? The text
should be well-structured and well-organized from
the perspective of meaning only, i.e. without tak-
ing into account the quality of the form. The text
contents should not just be a heap of related infor-
mation, but should build from sentence to sentence
to a coherent body of information about a topic.

* Very good: The text is well organised and coherent.
* Good: Somewhere between Very good and Fair.

e Fair: The text could be better organised for a better
coherence.

* Poor: Somewhere between Very poor and Fair.

* Very poor: The text is poorly organised and lacks coher-
ence.

E.2 Prompt for LLM-as-judge evaluation

In the prompt, the triples are formatted as simple
sequences of “Subject Property Object;”, with no
separators between the components of each triple.

prompt = “‘ In this task, you will evaluate the
quality of the Text in relation to the given Triple
Set. How well does the Text represent the Triple
Set? You will be given five specific Dimensions to
evaluate against:

Dimensions:""" No-Omissions: To what degree
is ALL the information in the Triple Set present
in the Text? No-Additions: To what degree is
ONLY information from the Triple Set present in
the Text? Grammaticality: To what degree is the
Text free of grammatical errors, looking at its form
only? Coherence: To what degree is the Text well-
structured and well-organized into coherent body
of information about a topic, from the perspective
of meaning only? Fluency: To what degree does
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the Text flow, and can be absorbed readily without
bringing the reader up short?"""

Important note on No-Omissions and
No-Additions: Whether there are omissions
and/or additions in a Text is NOT related to
factual truth, but instead is strictly related to the
contents of the input Triple Set. Important note
on Grammaticality, Coherence and Fluency:
for Grammaticality, Coherence and Fluency
you do not need to consider the input Triple Set;
only the intrinsic quality of the Text needs to be
assessed.

You need to provide the scores ranging from 1
(indicating the lowest score) to 5 (indicating the
highest score) for each of the Dimensions and a
short justification for each score in the following

JSON format: "No-Omissions": "Justification":
"" "Score": "", "No-Additions": "Justification":
", "Score": "", "Grammaticality": "Justification":
"" "Score": "", "Coherence": "Justification": "",
"Score": "", "Fluency": "Justification": "", "Score":

"nn

Make sure to read thoroughly the Triple Set and
the >’ +str(VARIABLE-Language)+”* Text below,
and assess the five Dimensions using the instruc-
tions and template above.

Triple Set: ™ + str(VARIABLE-Triples) +
"<linebreak>" + *’Text: *’+ str(VARIABLE-Text)
+ "<linebreak><linebreak>" + * *”’

F LLM-as-judge scores

Figure 4 shows the LLM-as-judge evaluation re-
sults.

G System-level correlations between
Human and LLM-as-judge scores

We computed system-level Pearson and Spearman
correlations between human and LLM ratings for
each criterion (average of both human raters for
each system VS average LLM scores for each sys-
tem). In English, the systems are ranked the same
for Coherence (Spearman r = 1), and the score dif-
ference between the systems is also similar (Pear-
son r = 0.98). For Fluency, the Spearman rank
correlation is 0.5, and Pearson is 0.95. For Irish,
both Pearson and Spearman correlations are largely
negative for both criteria. These numbers are based
on a very small sample, so the p-values are not very
informative. No correlations could be computed for
Grammaticality because of the lack of variance
of the LLM scores.

(a) No-omissions

English Irish
Mean Group Mean Group
sng 480 A 4.67 A
mul 4.60 A 443 AB
ee 457 A 440 AB
(b) No-additions
English Irish
Mean Group Mean Group
sng 487 A 5.00 A
mul 477 A 500 A
e2e 453 A 487 A
(c) Grammaticality
English Irish
Mean Group Mean Group
sng 5.00 A 500 A
mul 500 A 500 A
e2e 500 A 500 A
(d) Fluency
English Irish
Mean Group Mean Group
mul 430 A 430 A
sng 423 A 450 A
e2e 407 A 473 A
(e) Coherence
English Irish
Mean Group Mean Group
mul 480 A 477 A
eZe 460 A 490 A
sng 450 A 490 A

Figure 4: System rankings LLM

H Plots

Figures 5, 6 and 7 show the plots for LLM-as-
judge evaluation across the different input sizes.
On Figure 6, as expected, for No-Omissions the
e2e curve is higher than the e2e-0.95 curve, which
is higher than the e2e-0.90, which is higher than
the e2e-0.85. Note that with longer inputs in Irish
the difference is not so clear. Similarly, in Figure 7,
for No-Additions the curves for the texts with the
most truncated inputs are lower on the plot in the
expected order, but in a clearer way than it was
the case for No-Omissions. LL.Ms seem better at
assessing No-Additions (i.e. hallucinations) than
No-Omissions (i.e. missing content).

I Qualitative Comparison of End-to-End
and Pipeline Outputs

To complement the quantitative evaluation, we
manually inspected paired outputs from the end-to-
end baseline and the default pipeline system. The
clearest differences arise when the input combines
heterogeneous fact types, such as locations, his-
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Figure 5: System performance across criteria, input sizes and languages
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Figure 6: E2E System performance across criteria, input sizes and languages with truncated outputs (shows LLM
sensitivity to missing contents).
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torical events, population facts, and person-related
information. In such cases, the pipeline more often
groups related facts into topical clusters before real-
isation, whereas the end-to-end system more often
opens with a broad introductory sentence that is not
directly grounded in any single input triple, though
it may loosely characterise the set as a whole.

The strongest example is Atacama Desert. The
pipeline organises the content into a clearer pro-
gression: it begins with the subdivision facts, then
introduces the geographic landmark, followed by
the population and language facts, and ends with
the person-related facts. The end-to-end output, by
contrast, opens with a general framing clause. The
opening sentence, “The Atacama Desert is associ-
ated with a variety of notable people, places, and
cultural elements”, appears before presenting per-
son, place, and cultural information ahead of the
subdivisions. While this opening is loosely infer-
able from the triple set as a whole, it is not directly
grounded in any single triple, and the subsequent
ordering is less cohesive than the pipeline’s.

A similar pattern appears in Altiplano. The end-
to-end output opens with “The Altiplano is a re-
gion that serves as the location for several notable
geographical and historical features”, a framing
clause that compresses the remaining information
into a single descriptive unit rather than presenting
the facts in a structured progression. The pipeline
output is more direct and content-led: it groups
the lakes first, then the mountain and regional
facts, and closes with the historical and population-
related information, making the ordering of facts
more transparent.

The Balkan Mountains example shows the same
tendency. The end-to-end output opens with “The
Balkan Mountains serve as the location for several
notable sites and events”, then mixes location and
battle-related facts without clear topical separation.
The pipeline instead presents the mountain peaks
first, then the other located entities, and finally the
historical facts, yielding a clearer category-based
progression.

Across these three examples, the introductory
framing sentences produced by the end-to-end sys-
tem share a common structure: they are broad sum-
maries that are weakly derivable from the triple
set as a whole but not explicitly supported by any
individual triple. Whether these constitute halluci-
nations in the strict sense is debatable, since they do
not introduce factually incorrect information. They

are better characterised as over-generalisations that
substitute a vague descriptor for the specific struc-
tured content the input encodes. The pipeline
avoids this pattern entirely by beginning directly
with the most specific facts.

These examples highlight the instance-level ben-
efit that motivates our hypothesis: modular plan-
ning can improve discourse organisation by group-
ing related facts before final realisation. The
pipeline consistently shows clearer topical group-
ing, more direct content-led ordering, and fewer un-
supported framing statements. This interpretation
is consistent with the broader evaluation in the main
paper, where modular systems show their clearest
advantage on coherence, even though corpus-level
differences remain modest. Representative paired
outputs are presented in Table 1.
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Input Triples (condensed)

End-to-End Output

Pipeline Output

Tom_Marsh | deathPlace
Guillermo_Chong |
knownFor

Cerro_Paranal |
locatedInArea
Chango_people |
populationPlace
Kunza_language |
spokenIn

Subject: Atacama_Desert (+
5 subdivision triples)

The Atacama Desert is associated with a
variety of notable people, places, and
cultural elements.” Tom Marsh, an
astronomer, passed away in the Atacama
Desert, while GuillermoChong is known
for his work related to this region. Cerro
Paranal, a significant location, is situated
within the Atacama Desert. The Chango
people have their population in the
Atacama Desert, and the Kunza language is
spoken in this area. Several subdivisions
are part of the Atacama Desert, including
Alto del Carmen, Caldera, Chanaral,
Copiapd, and Diego de Almagro in Chile.

The Atacama Desert includes several
subdivisions, such as Alto del Carmen,
Caldera in Chile, Chafaral, Copiapd, and
Diego de Almagro in Chile. Cerro Paranal
is located within the Atacama Desert. The
Chango people have lived in this region,
and the Kunza language has been spoken
there. Guillermo Chong is known for his
association with the Atacama Desert, while
Tom Marsh, the astronomer, died in this
area.

Laguna_Verde | location
Lake_Poop6 | location
Colla-Inca_War | place
Lake_Tauca | isPartOf
Cerro_Tujle |
mountainRange

Subject: Altiplano (+ 3 more
triples)

The Altiplano is a region that serves as the
location for several notable geographical
and historical features.” Laguna Verde and
Lake Poop¢ are both situated within the
Altiplano, and Lake Tauca is also part of
this region. The Altiplano is home to
mountain ranges such as Cerro Tujle and
the Lauca volcano, as well as the Cordillera
Real in Bolivia. Historically, the Altiplano
was the site of the Colla—Inca War. The
region is also significant for its population
of indigenous peoples in Bolivia.

Laguna Verde in Bolivia and Lake Poopé
are both located in the Altiplano region,
and Lake Tauca is also part of the
Altiplano. Cerro Tujle and the Lauca
volcano are mountains within the Altiplano
mountain range, while the Cordillera Real
in Bolivia is a region associated with the
Altiplano. The Altiplano is home to
indigenous peoples in Bolivia and was also
the site of the Colla—Inca War.

Stara_Planina_WF |
location
Sinite_Kamani_NP |
location
Tsonevo_Reservoir |
location
Battle_Rishki_Pass |
place

Mount_Chepan |
mountainRange
Subject: Balkan_Mountains
(+ 9 more triples)

The Balkan Mountains serve as the
location for several notable sites and
events.” The Stara Planina Wind Farm,
Sinite Kamani Nature Park, Tsonevo
Reservoir, Central Balkan National Park,
and Uzana in Bulgaria are all situated
within this mountain range. Additionally,
the Bebresh Viaduct is located in the area
of the Balkan Mountains. Several
significant battles took place here,
including the Battle of the Rishki Pass, the
Battle of Zlatitsa, and the Battle of Eski
Zagra. The mountain range also
encompasses prominent peaks such as
Mount Chepan, Botev Peak, Buzludzha,
Midzor, and Levski Peak in Bulgaria.

Mount Chepan, Botev Peak, Buzludzha,
MidzZor, and Levski Peak in Bulgaria are all
part of the Balkan Mountains. The Stara
Planina Wind Farm, Sinite Kamani Nature
Park, Tsonevo Reservoir, Central Balkan
National Park, and Uzana in Bulgaria are
located in the Balkan Mountains, as is the
Bebresh Viaduct. The Balkan Mountains
were also the site of the Battle of the Rishki
Pass and the Battle of Zlatitsa, and served
as the territory for the Battle of Eski Zagra.

Table 1: Paired end-to-end and pipeline outputs for three representative examples. Input triples are condensed for space; full
triple sets and complete outputs for all evaluated instances are available in the project repository. Sentences marked with " are
broad introductory generalisations that are not directly grounded in any single input triple, though they are loosely inferable
from the triple set as a whole. They are better characterised as over-generalisations than strict hallucinations, since they do not
introduce factually incorrect information.
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