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Preface

We are excited to present the Proceedings of the 1st Symposium on Natural Language Generation Eval-
uations (RetroEval 2026). This special symposium celebrates the career and accomplishments of Prof.
Ehud Reiter (University of Aberdeen) by looking at evaluation practices in the field of Natural Language
Generation past, present, and future.

The first RetroEval symposium will take place from 1-2 June, in Aberdeen, United Kingdom, endorsed
by the Association of Computational Linguistics Special Interest Group in Generation (ACL SIGGEN).
We thank the local organisation team, including Arpita Gado, Mengxuan Sun, Yujun Wang, and Jakub
Zbrzezny; the symposium would not have been possible without their efforts. We also thank Debbie
Meharg, the head of the Department of Computing Science at the University of Aberdeen, for arranging
financial support from the department for this event; and we thank Chrissy Sanachan from the Scottish
Informatics and Computer Science Alliance (SICSA) for logistical support.

In addition to a number of papers that were selected following an open call and a light review process,
we are excited to present three keynotes, which discuss pertinent issues in evaluation within Natural
Language Processing:

* Sina Zarrie3, Universitit Bielefeld, Germany
* Beatrice Alex, Heriot-Watt University, United Kingdom

¢ Albert Gatt, Universiteit Utrecht, the Netherlands

Taken jointly, the contributions to RetroEval illustrate how Ehud has helped to make our field what it is
today, both in academia and in industry. They highlight Ehud’s role as an enthusiastic inspirator and a
kind mentor, and the role he has played as a builder and evaluator of NLG systems. Last but not least,
they highlight the way in which Ehud has made the NLG community, and the NLP community more
broadly, aware of the many pitfalls that can stand in the way of truly scientific system evaluation. It is to
his work on evaluation that this symposium is devoted.

Your RetroEval 2026 Organizers,

Saad Mahamood, David M. Howcroft, Kees van Deemter, Adarsa Sivaprasad, Barkavi Sundararajan,
Jose Maria Alonso-Moral, and Simone Balloccu
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Decomposition Does Not Help: Evidence from Semantic Clustering in
LLM-based Causal Graph Discovery

Nikolay Babakov, Alberto Bugarin-Diz
CiTIUS-Centro Singular de Investigacion
en Tecnoloxias Intelixentes
Universidade de Santiago de Compostela
{nikolay.babakov, alberto.bugarin.diz}@usc.es

Abstract

Recent advances in large language models
(LLMs) have enabled their application to non-
traditional tasks such as causal graph construc-
tion, a key component of reasoning frame-
works, including Bayesian Networks. The most
effective existing approaches rely on direct
prompting, where an LLLM generates a com-
plete graph from a full set of variables in a
single step. However, the performance of such
methods degrades as the number of graph nodes
increases. To address this limitation, we ex-
plore a divide-and-conquer alternative based
on semantic clustering. Node representations
are first embedded and clustered, after which
subgraphs are constructed independently for
each cluster using LLM prompting. The result-
ing subgraphs are then merged pairwise into a
global graph.

Contrary to our expectations, this approach
leads to a substantial degradation in perfor-
mance compared to direct prompting baselines,
as measured by Structural Hamming Distance
(SHD). We attribute this to the misalignment
between semantic similarity and causal struc-
ture, as well as error propagation during sub-
graph merging. We report these negative re-
sults to highlight the limitations of decompo-
sition strategies in LLM-based causal graphs
construction.

1 Introduction

The growing capabilities of large language mod-
els (LLMs) have expanded their applications into
domains not traditionally associated with natural
language processing, including education (Kas-
neci et al., 2023) and programming (Guo et al.,
2024). One such emerging application is causal
graph (CG) construction, a key component of prob-
abilistic reasoning frameworks like Bayesian Net-
works (BNs) (Koller, 2009). Causal graph dis-
covery (CGD) has traditionally been addressed
either through data-driven structure learning al-
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Figure 1: Causal Graph of the BN related to the lung
cancer problem (Korb and Nicholson, 2010).

gorithms (Kitson et al., 2023) or through expert
elicitation, where domain knowledge is used to de-
fine causal relationships (Nyberg et al., 2022) . In
contrast to these approaches, recent work demon-
strates that LLMs can infer causal structure directly
from textual descriptions of variables, effectively
enabling CGD without explicit data or expert in-
put (Wang et al., 2024; Chen et al., 2024; Wan et al.,
2024).

CG is a directed acyclic graph (DAG) that illus-
trates variables and their causal dependencies. Con-
sider the example shown in Figure 1, which depicts
a CG of a simple BN (Korb and Nicholson, 2010).
This BN models a hypothetical scenario involving
potential causes (e.g., Pollution and Smoker) and
effects (e.g., X-Ray results and Dyspnoea) of Lung
Cancer.

The growing attention to LLM-based causal
graph construction has led to the development of
dedicated evaluation benchmarks, such as Causal-
GraphBench introduced by Babakov et al. (2025b),
enabling systematic comparisons of different ap-
proaches. In addition to establishing a unified eval-
uation setting, this work demonstrates that simple
direct prompting strategies, where an LLM is asked
to reconstruct a full graph from a list of nodes in
a single step, perform on par with more elaborate
multi-step methods that incorporate additional rea-
soning or constraints. At the same time, all eval-
uated approaches exhibit a substantial decline in
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performance as graph size increases, identifying
scalability as a central challenge in LLM-based
CGD (Babakov et al., 2025b).

This limitation motivates the exploration of de-
composition strategies that break the task into
smaller, more manageable subproblems. In this
work, a divide-and-conquer approach based on se-
mantic node clustering is investigated. Given tex-
tual descriptions of variables, nodes are embedded
into a vector space, dimensionality is reduced, and
clusters are formed using a pipeline inspired by
topic modelling techniques. Each cluster is then
processed independently by an LLM to construct a
subgraph, after which the resulting subgraphs are
iteratively merged in a pairwise manner to produce
a global causal graph.

The approach is evaluated using the aforemen-
tioned CausalGraphBench benchmark. Contrary to
expectations, decomposition via semantic cluster-
ing results in substantial performance degradation
compared to direct prompting baselines. These re-
sults suggest that semantic similarity between node
descriptions does not align well with underlying
causal structure and that errors introduced during
subgraph construction and merging accumulate in
the final graph.

By reporting these negative findings, this work
aims to contribute to a better understanding of the
limitations of decomposition strategies in LLM-
based structured prediction tasks and to inform
future research on scalable approaches to causal
graph construction.

2 Related works

LLMs have been explored for a variety of graph-
related tasks, including connectivity, cycle detec-
tion, shortest path, and topological ordering (Wang
et al., 2024; Chen et al., 2024).

In the context of causal graph construction, ex-
isting approaches can be broadly divided into two
categories. The first combines LLMs with tradi-
tional data-driven methods (Ban et al., 2023a; Long
et al., 2023a). The second category relies on LLMs
to construct causal graphs directly, with methods
differing mainly in how they query the model. One
group of LLM-only methods makes exhaustive
queries, like all possible pairs, triplets, or other
combinations of nodes, resulting in a significant
number of queries necessary for reconstruction of
one CG (Cohrs et al., 2024; Zhang et al., 2024;
Vashishtha et al., 2023; Long et al., 2023b; Kici-

man et al., 2023; Feng et al., 2024; Darvariu et al.,
2024; Zhou et al., 2024). In contrast, minimal-
query approaches aim to construct the full graph
with fewer interactions while preserving a more
global view of the structure, including iterative
graph construction, structured multi-step prompt-
ing, and ensemble-style aggregation of indepen-
dently generated graphs (Jiralerspong et al., 2024;
Ban et al., 2023b; Babakov et al., 2025a; Zhang
et al., 2025).

3 Experimental setup

3.1 Dataset

The experiments are conducted using the Causal-
GraphBench benchmark (Babakov et al., 2025b),
which comprises 35 causal graphs derived from
both publicly available repositories and academic
papers. The benchmark includes graphs of vary-
ing sizes, with a median of 16 nodes and 21 edges.
Each graph is accompanied by structured meta-
data, including a textual description of the graph’s
purpose, the associated knowledge domain, a dic-
tionary of node descriptions clarifying variable se-
mantics, and the ground-truth graph structure.

3.2 Methodology of the experiments

Two approaches to CG construction are compared:
a baseline method and a cluster-based decomposi-
tion method.

The baseline follows a direct zero-shot prompt-
ing strategy, where the LLLM is provided with the
full list of clearly defined node names and asked to
generate the complete causal graph in a single step.

The cluster-based method introduces a multi-
step pipeline to decompose the task into smaller
subproblems, motivated by scalability challenges
observed in prior work. The approach follows a
subset of steps inspired by the BERTopic frame-
work (Grootendorst, 2022). First, node descrip-
tions are embedded into a vector space using sen-
tence embedding models; two variants are consid-
ered: MiniLM! and GemmaZ. Second, dimension-
ality reduction is applied using UMAP (Mclnnes
et al., 2018; Mclnnes et al., 2018). Third, clus-
tering is performed using HDBSCAN (Mclnnes
et al,, 2017). The hyperparameters for these
stages are adopted based on recommendations from
BERTopic: minimum cluster size of 2, UMAP with

! huggingface.co/sentence-transformers/all-MinilM-L6-v2
huggingface.co/google/embeddinggemma-300m
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15 neighbours (capped at the number of nodes mi-
nus one), 2 output components, cosine distance
metric, and HDBSCAN with Euclidean distance
and ‘excess of mass’ cluster selection.

After clustering, each cluster is processed inde-
pendently by the LLM using the same prompting
strategy as in the baseline, producing subgraphs.
Clusters containing a single node are preserved
without modification. The resulting subgraphs are
then combined through a pairwise merging proce-
dure: all pairs of subgraphs (or a restricted subset
based on nearest cluster centroids) are presented
to the LLM, which is queried to infer cross-cluster
connections. The final causal graph is constructed
by aggregating intra-cluster subgraphs and inter-
cluster edges. Two merging strategies are explored:
considering all possible subgraph pairs and restrict-
ing merging to the top-k nearest clusters (with
k € 3,5) based on cosine distance between clus-
ter centroids. The specific prompts used for LLM
querying are shown in the Appendix.

Experiments are conducted using both propri-
etary and open-source LL.Ms. The proprietary mod-
els include GPT-5.4 (2026-03-05) and GPT-5.2
(2025-12-11)*. Open-source models include GPT-
0OSS-120b (OpenAl, 2025) and GLM-5 (GLM-5-
Team et al., 2026).

3.3 Evaluation

We evaluate the quality of the LLM-generated
CGs using Structural Hamming Distance (SHD), a
widely used measure for evaluating graph discovery
algorithms (Tsamardinos et al., 2006). Lower SHD
values indicate higher-quality graphs. SHD is cal-
culated as the total number of operations (addition,
removal, or reversal of edge directions) required
to transform the generated graph into the target
graph. Incorrectly oriented edges, where the cause
and effect are reversed, are penalised as two errors.
To make comparisons across CGs of varying sizes
more meaningful, we report SHD normalised by
the node count in the actual CG. We used causal
discovery toolbox> for SHD calculations.

4 Contamination Analysis

LLMs may have prior exposure to some CGs, lead-
ing to artificially improved performance (Tu et al.,
2023; Tamkin et al., 2021; Sainz et al., 2023). To
mitigate this, a contamination detection procedure
3openai.com/index/introducing—gpt—5—4/

4openai.com/index/introducing-gpt-5-2/
5github.com/ElementAI/causal_discovery_toolbox

CG name | LLM SHD/nodes

alarm GPT-54 0.41
GLM-5 0

cancer GPT-5.2 0.2
GPT-54 0
GPT-OSS-120b | 0

coma GPT-54 0

covid GPT-54 0.2

sachs GLM-5 0.73
GPT-54 0.73

Table 1: Results of the second step of contamination
analysis - for CGs that are potentially contaminated
(i.e., LLM can produce an accurate list of nodes relying
solely on paper name or URL), LLM is also queried to
generate a corresponding CG.

based on Babakov et al. (2025a) is applied. Each
model is first prompted to reconstruct the set of
nodes of a CG using only its metadata (paper and,
when available, source URL). Exact recovery of
nodes in both number and semantic meaning is
treated as a signal of potential contamination.

Using this procedure, such signals are observed
for several models, including GLM-5 (sachs, can-
cer), GPT-5.2 (cancer), GPT-5.4 (sachs, cancer,
alarm, covid, coma), and GPT-OSS-120b (cancer).
These CGs are further tested by prompting the cor-
responding models to reconstruct their structure
from the generated nodes. The resulting graphs
are compared to the ground truth using normalized
SHD (Table 1).

The results show that, although multiple CGs
have perfectly reconstructed node sets, only a sub-
set can be accurately recovered at the structural
level. In particular, cancer and coma are recon-
structed with a zero error by at least one model,
indicating strong prior exposure. These two CGs
are therefore excluded from further experiments to
ensure fair evaluation.

5 Experimental Results

The experiments are conducted by applying both
the baseline and the cluster-based methods to all
CGs that were not excluded during the contamina-
tion analysis (Section 4). The cluster-based method
is evaluated with two different embedding models
(Section 3.2).

Table 2 presents the results for the all-vs-all
merging strategy, where the LLM is queried to
merge every possible pair of subgraphs. The results
show a substantial increase in SHD compared to


openai.com/index/introducing-gpt-5-4/
openai.com/index/introducing-gpt-5-2/
github.com/ElementAI/causal_discovery_toolbox

Mehtod/LLM GPT-54 | GPT-5.2 | GPT-OSS-120b | GLM-5
Baseline 1.71 1.67 1.68 1.57
Cluster (MiniLM) 3.04 3.52 3.26 3.09
Cluster (Gemma) 2.74 3.10 3.00 2.81

Table 2: SHD normalized by nodes count for baseline experiments and cluster-based experiments, conditioned on

clusters from MiniLM and Gemma encoder models.

SHD/nodes vs. BN size — model: GLM5 .

mmm Baseline
Cluster (MiniLM)
B Cluster (Gemma) 5.72

SHD / nodes
D [*)] (o]

N

o

0-9 10-19 20-29

30-49
Number of nodes in BN

50-79 80-249

Figure 2: Normalised SHD for CGs of different sizes
resulting from application of baslein and cluster-based
method with GLM-5 model.

the baseline across all models, indicating that this
approach is ineffective for CGD. This trend is fur-
ther illustrated in Figure 2, where the degradation
in performance is observed even for small graphs.
As the number of nodes increases, the negative ef-
fect becomes significantly more pronounced, high-
lighting the poor scalability of the cluster-based
decomposition under exhaustive merging.

An alternative merging strategy, in which only
the top-3 or top-5 nearest cluster pairs (based on
centroid proximity) are considered instead of all
possible pairs, also fails to yield meaningful im-
provements. As shown in Appendix Table 3, re-
stricting the merging process does not significantly
reduce SHD, indicating that limiting inter-cluster
interactions is insufficient to overcome the limita-
tions of the cluster-based approach.

6 Discussion

The contamination analysis reveals that, although
several widely known CGs have node sets that
are clearly recognised by the models, this knowl-
edge does not reliably translate into accurate recon-
struction of the underlying graph structure. Even
when node names are perfectly recovered, the cor-
responding causal relationships are often not. This
suggests that causal graph reconstruction is not a
well-internalised capability of LLMs. While some
models (e.g., GPT-5.x) support multimodal inputs,
this does not imply effective retention or use of
structured graph knowledge. These findings sup-

port the validity of the CausalGraphBench bench-
mark, as the task does not reduce to memorisa-
tion, and highlight the importance of contamination
checks for reliable evaluation.

The main experimental results demonstrate that
the proposed clustering-based decomposition does
not improve causal graph construction and, in
fact, leads to substantial performance degradation.
While the approach was intended to simplify the
task and improve scalability for larger graphs, the
opposite effect is observed: errors increase signifi-
cantly as graph size grows. A likely explanation is
that semantic clustering of node descriptions does
not correspond to the underlying causal structure.
As a result, important cross-cluster dependencies
are lost, and the subsequent merging process intro-
duces additional inconsistencies, ultimately leading
to higher reconstruction error compared to direct
prompting.

7 Conclusion

This work investigates a clustering-based decom-
position strategy for LLM-driven causal graph con-
struction and finds that, contrary to expectations,
it consistently degrades performance compared to
direct prompting. The results show that seman-
tic node grouping does not align with the causal
structure, and decomposition introduces errors that
accumulate during graph merging, particularly in
larger graphs. These findings highlight the limita-
tions of naive divide-and-conquer approaches for
structured reasoning with LLMs and suggest that
preserving global context is critical for accurate
causal graph discovery.
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A Appendix

MiniLM
Method/LLM GPT-54 GPT-5.2 GPT-0SS-120b GLM-5
Baseline (top-3) 1.95 1.90 1.87 1.80
Cluster (top-3) 2.52 2.71 2.54 2.45
Baseline (top-5) 2.03 2.00 2.02 2.02
Cluster (top-5) 3.19 3.51 3.36 3.16
Gemma
Method/LLM GPT-54 GPT-5.2 GPT-0OSS-120b GLM-5
Baseline (top-3) 1.84 1.79 1.76 1.67
Cluster (top-3) 2.16 2.25 2.37 2.17
Baseline (top-5) 1.74 1.71 1.75 1.71
Cluster (top-5) 2.39 2.67 2.66 2.54

Table 3: SHD/nodes (Structural Hamming Distance normalised by node count; lower is better) for the cluster-based
approach under two inter-cluster joining strategies (top-3 and top-5 nearest-neighbour pairs) and two node encoders
(MiniLM, Gemma). For each joining mode, the baseline is averaged over the same subset of CGs that satisfies the
minimum cluster-count requirement for that mode, ensuring a fair comparison, e.g., for top-3 only CGs with 4 or
more clusters from the corresponding encoder model are included.

A.1 Baseline prompt

This prompt was used both for a direct baseline LLM query and for querying a subgraph with a node
count of more than 3.

You are an expert on {domain}. You are constructing the Bayesian Network aimed to fulfill the
following task: {task}. To construct the Bayesian Network you need to investigate the cause-and-effect
relationships between the following variables in your area of expertise: {variables}. Based on the meaning
of variables, analyze the cause-and-effect relationships between them. Please give the results as a directed
graph network. Make sure that each edge represent a direct causality between the two variables.

Return valid JSON-list of the following format: {{ "result": [ [from node (A), to node(B)], # (meaning
that there is a direct causal effect from node A to node B) [from node (F), to node(E))] # (meaning that
there is a direct causal effect from node F to node E) [from node (D), to node(G))] # (meaning that there
is a direct causal effect from node D tonode G) ... | }} """

A.2 Subgraphs pairing prompt

You are an expert on {domain}. You are constructing a Bayesian Network aimed to fulfill the following
task: {task}.

You are given two subgraphs of this Bayesian Network. Each subgraph is described by its nodes and
the directed edges already established within it.

Subgraph 1: - Nodes: {nodes_1} - Edges: {edges_1}

Subgraph 2: - Nodes: {nodes_2} - Edges: {edges_2}

Your task is to identify direct causal relationships that exist **between** the two subgraphs — that
is, edges from a node in one subgraph to a node in the other subgraph. Do NOT propose edges between
nodes that are both within the same subgraph.

Return valid JSON of the following format: {{ "result": [ ["A", "B"], ["C", "D"]] }}

Where each pair ["A", "B"] means there is a direct causal effect from node A to node B, and A and B
belong to different subgraphs.

If there are no causal relationships between the two subgraphs, return: {{ "result": [] }}
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Abstract

Natural Language Generation (NLG) evalua-
tion has changed dramatically since 1990, and
will continue to evolve in the future. In 1990,
when NLG had close ties to linguistics, there
was very little formal experimental evaluation
in the modern sense. In 2026, when NLG is
closely linked to machine learning, experimen-
tal evaluation is expected and indeed fundamen-
tal to research. Many evaluation techniques
were developed over this period, including most
recently LL.M-as-Judge. I expect NLG evalu-
ation will continue to evolve in the future. In
particular, impact, qualitative, and safety eval-
uation will become more important as large
numbers of people routinely use NLG technol-

Ogy
1 Introduction

The evaluation of Natural Language Generation
(NLG) systems has changed dramatically over my
career. In 1990, when I got my PhD in NLG, most
NLG research papers did not include a quantitative
experimental evaluation of a research question. By
2026, NLG research papers are expected to include
structured experimental evaluations of hypotheses,
although the quality and validity of these evalua-
tions is variable. I expect that by 2036, impact,
safety, and qualitative evaluations will be much
more important, because NLG technology will be
widely used by large numbers of people. Table 1
summarises my view of NLG evaluation at differ-
ent points in time.

2 NLG Evaluation in the Past

2.1 1990: Little quantitative experimental
evaluation

The International NLG (INLG) conference in 1990
had 25 papers. None of them included a structured
quantitative hypothesis test. Instead, these papers
mostly presented an algorithm, technique, resource,
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or system, and justified it on engineering or lin-
guistic criteria. For example, McCoy et al. (1990)
proposed combining tree-adjoining and systemic
grammars, and justified this by arguing that their
approach did a better job of handling long-distance
dependencies (linguistics) and also makes it easier
to build grammars (engineering). Their argument
was qualitative, no numbers were given.

In the broader NLP world, the speech recogni-
tion community had adapted the idea of quantita-
tive comparisons of the performance of systems
(Waibel and Lee, 1990), but this was unusual in the
rest of NLP. Perhaps the most important NLP paper
in 1990 was Brown et al. (1990), which introduced
statistical machine translation, but even it did not
provide quantitative comparisons of the sort we
expect in 2026.

2.2 2000: Wide range of evaluation techniques

INLG in 2000 had 38 papers, and these included
many different kinds of evaluation, as well as one of
the first paper that was about evaluation (Bangalore
et al., 2000). Types of evaluation included

* Human evaluation (Cheng and Mellish, 2000)
e Metric-based evaluation (Minnen et al., 2000)
 Task-based evaluation (Carenini, 2000)

There were also papers which continued to assess
their contribution using engineering or linguistic
arguments, as in 1990.

In short, by 2000 experimental evaluations was
recognised as being important. However there were
no widely accepted standard evaluation techniques
in NLG.

A similar mix was seen at larger NLP events such
as ACL. Evaluation was clearly regarded as impor-
tant, but many techniques were being tried. The
broader NLP community focused more on metric-
based evaluation, including Gildea and Jurafsky
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year | NLG evaluation example paper and its evaluation
1990 | non-quantitative evaluation, often using | McCoy et al. (1990): qualitative argument
linguistic or engineering arguments that their grammatical approach handles long-
distance dependencies better
2000 | wide mix of different techniques, includ- | Cheng and Mellish (2000): use human ratings
ing metrics, human ratings, and task- | to evaluate different ways of expressing causal
based and temporal relationships
2010 | standardised evaluation techniques and | Belz and Kow (2010): results of GREC shared
shared tasks based on these task on generating referring expressions
2020 | research on evaluation becomes an im- | Howcroft et al. (2020): gives recommenda-
portant research area tions for reporting human evaluations, based
on meta-analysis of published evaluations
2026 | LLM-as-Judge, annotation by human | Bean et al. (2026): use medical evaluation
experts, safety, interdisciplinary techniques to assess system that answers
health queries
2036 | impact, qualitative, safety evaluation not yet written

Table 1: NLG evaluation over the years

(2000), which won a Test of Time award. However
ACL in this period also included papers reporting
complex task-based evaluations (Mani et al., 1999;
Reiter et al., 2001).

2.3 2010: Shared tasks and standard
evaluations

INLG in 2010 had 37 papers, many of which were
shared task submissions. Shared tasks (such as
the GREC challenge for generating referring ex-
pressions (Belz and Kow, 2010)) had become an
accepted part of NLG as well as NLP research, and
used metrics and/or human evaluations to evaluate
the performance of submissions. Some papers also
began to describe evaluations in considerable detail
(Murray et al., 2010).

The wider NLP community had embraced
ngram-based metrics for evaluation of text pro-
duction, and the BLEU and ROUGE metrics had
effectively become standards. Papers in machine
translation were expected to use BLEU, and papers
in summarisation were expected to use ROUGE.

Human evaluation had become unusual in ACL
conferences, although the annual WMT shared task
continued to use it. The NLG community, however,
insisted on using human evaluations, and could
point to papers which suggested that metrics were
not reliable in NLG (Reiter and Belz, 2009). When
doing human evaluations, most researchers either
used Likert scales or asked subjects to rank a set of
texts by a quality criteria; these became standard
techniques for human evaluation of generated texts.

2.4 2020: Evaluation is important research
area

INLG in 2020 had 46 papers (it has not seen the ex-
ponential growth that ACL has had in recent years).
Perhaps the most notable change compared to 2010
was that evaluation has become a very important
part of the community’s research agenda. Indeed
both of the INLG2020 best papers were about eval-
uation (Belz et al., 2020; Dusek and Kasner, 2020),
and there were several other papers about evalua-
tion methodology (Howcroft et al., 2020; Thomson
and Reiter, 2020) in INLG2020.

The wider NLP community also placed increas-
ing importance on evaluation as an important re-
search theme. For example the ACL 2020 best
paper was about testing (Ribeiro et al., 2020), and
one of the two honourable mention papers was
about evaluation (Mathur et al., 2020).

In short, evaluation was now not just something
which researchers had to do, but also an important
research topic in its own right.

3 NLG Evaluation in 2026

Reiter (2025a) summarised NLG evaluation in
2025, including links to papers that gave best prac-
tice suggestions. Large language model (LLM)
technology had become widespread and this had
changed NLG evaluation and introduced new chal-
lenges.



3.1 Evaluation challenges from LL.Ms

There are many challenges in evaluating LLMs,
including the following.

Higher quality generated texts: Texts produced
by LLMs are usually higher quality than texts
produced by previous technologies (rule-based,
LSTM), and can in some cases be human quality,
or even better-than-human. This means that many
traditional evaluation techniques, such as metrics
that compare generated texts against human-written
reference texts, no longer work well. If we expect a
generated text to be better than human, then evaluat-
ing it by comparing it to a human-written reference
text does not make sense.

Semantic and pragmatic evaluations: Texts pro-
duced by LL.Ms are almost always fluent and read-
able, so evaluating readability is less useful. In-
stead, there is more emphasis on evaluating seman-
tic and pragmatic quality criteria (Reiter, 2025a),
such as accuracy/hallucinations, omissions, and
contextual appropriateness.

Data contamination: Since LLMs are trained on
the Internet, an evaluation that uses Internet data
may not mean much, since the LLM may have
memorised the test data (Balloccu et al., 2024).

Worst-case and safety evaluation: The growing
real-world usage of LLMs in safety-critical con-
texts such as medicine (where flawed texts could
harm patients) means that we need techniques that
evaluate ‘worst-case’ performance of LLMs (Re-
iter, 2025a). If a medical LLM gives good output
in 99.9% of cases but harmful output in 0.1% of
cases, this is not acceptable.

Interdisciplinary interest and usage: The grow-
ing real-world usage of LLMs means that other
disciplines (such as medicine and law) want LLM-
based NLG systems to be evaluated using their
methodologies and expectations (Duggan et al.,
2025).

3.2 Changes in NLG evaluation

The above challenges have changed the way NLG
is evaluated.

LIM as Judge: The above problems have stimu-
lated interest in reference-free metrics which work
for semantic and pragmatic quality criteria, includ-
ing in particular using LLMs to evaluate the qual-
ity of texts produced by other LLMs (Gao et al.,
2025); this is called LLM as Judge. This seems to
work well in some cases but not others; unfortu-
nately many researchers use LLM evaluators with-
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out checking that they are effective in their use
case.

Human evaluation using expert annotations: Hu-
man evaluations in NLG have traditionally used
Likert-type rating scales. This seems to work less
well when evaluating semantic and pragmatic prob-
lems in high-quality LLM texts, especially with
crowdworkers (who may cheat by using LLMs to
do the evaluation task (Asher et al., 2026)). We
are seeing more human evaluations that instead ask
knowledgable people to annotate specific problems
in a generated text (Thomson et al., 2023).

Private test data: In 2020, test data sets were
typically published (e.g., on GitHub repos), which
made replication easier. But in 2026, data contam-
ination concerns mean that test data is sometimes
not published or shared.

Safety evaluations: Many techniques have been
proposed for safety evaluation. This area is heavily
influenced by cyber security, and includes tech-
niques for risk analysis (such as red teaming), risk
mitigation (e.g., monitoring), and risk governance
(such as incident reporting) (Bengio et al., 2026).

Interdisciplinary evaluations: High-quality eval-
uations of NLG systems are appearing in other
fields, notably medicine, that use medical evalua-
tion techniques such as randomised controlled trials
(which are very rare in the NLP literature (Reiter,
2025b)). Sometimes these give different results
from classical NLP evaluation, which raises impor-
tant questions about the best way to evaluate NLG

3.3 Ongoing challenges for NLG evaluation

The new evaluation techniques described above are
being adopted by many researchers and help in ad-
dressing some of the new evaluation challenges of
LLMs. But there are many problems and concerns
that still need to be addressed. These include

* Experimental rigour: Unfortunately, many ex-
periments are poorly designed, poorly exe-
cuted, or distorted by bugs (Thomson et al.,
2024).

* Replicability: Many experiments cannot be
replicated, in part because their authors do not
support replication (Belz et al., 2023).

Construct validity: Many evaluation tech-
niques, especially benchmarks, do not mea-
sure what they claim to measure (Bean et al.,
2025).



* Cheating: LLMs engage in behaviour such
as reward hacking (Arx et al., 2025), which
is essentially cheating. Asadi et al. (2026)
show that LLMs can get very high benchmark
scores even when input data is withheld, by
picking up on subtle clues in the wording of
questions in the benchmark.

* Commercial bias and incentives: A lot of eval-
uation research and development is funded by
Al companies such as OpenAl, who have an
interest in ensuring that their systems do well
on these evaluations (Cheng et al., 2025).

* Evolving benchmarks: New evaluation bench-
marks are constantly being proposed, and
existing benchmarks often become saturated
(Akhtar et al., 2026) and hence useless. It is
difficult for many researchers to stay up-to-
date on the best benchmark to use.

A generic challenge is that the research culture
in NLP is often not very supportive of high quality
evaluation. Many people feel pressure to publish
large numbers of papers, and reviewers often show
limited interest in quality of data sets, validity of
evaluation metrics, experimental rigour, etc. This
encourages researchers to conduct ‘quick and dirty’
evaluations.

4 NLG Evaluations in the Future

What will NLG evaluation be like in ten years time
(2036)? The above challenges will hopefully be
addressed, but more generally we also need to go
beyond measuring performance on a test set, which
dominates NLG and NLP evaluation in 2026. If
we care about how our technology affects the real
world, we need to do more of the following:

* Directly measure the real-world impact of
NLG systems.

* Use qualitative techniques to get insights
about the effectiveness of our techniques in
messy and complex real-world contexts.

* Analyse what happens in worst-case or adver-
sarial contexts, especially for safety criteria.

These techniques will help ensure that evaluation
is relevant and meaningful in a future world where
NLG is a widely-used technology.

Note that impact, qualitative, and safety evalua-
tions are not new, they are already being done in
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2026 to a limited degree in NLG; they are much
more common in Medicine, perhaps because medi-
cal research has had real-world consequences for
decades or indeed centuries. So the challenge for
the NLG community is to embrace these types of
evaluation and learn how to do them well in an
NLG context.

The spread of more types of NLG evaluation
may lead to the evolution of evaluation frameworks,
which show how different types of evaluation can
be combined to obtain a holistic understanding of
what a system can do (Reddy et al., 2021).

4.1 Impact evaluation

As discussed by Reiter (2025a), there is very little
evaluation of real-world impact in the NLP and
NLG research literature, by which we mean how
real-world usage of an NLG system changes key
performance indicators (KPIs). As NLG technol-
ogy improves and becomes more widely used, we
need more impact studies, especially if we want to
measure utility in messy real-world contexts.

A good example is Bean et al. (2026), which
measured how well LLMs can respond to health
queries based on scenarios. LLMs do well at this
task if given the scenario directly, or if they interact
with an LLM-simulated user. However, if they
interact with human users (who often communicate
in a confused way), their performance is much
worse. Hence if we want to genuinely evaluate how
well an LLM can respond to health queries, we
need to measure what happens when real people
interact with the LLM. Ideally, this should be based
on real patients asking about their health problems
(Brodeur et al., 2026).

There are many ways to evaluate impact, in-
cluding randomised controlled trials (RCT), A/B
tests, before-and-after (pre-post) studies, and ob-
servational studies (Reiter, 2025b). By 2036, we
hope that such evaluations will much more com-
mon. Most NLG evaluations will probably still use
simpler and cheaper techniques, but a significant
number will evaluate real-world impact.

4.2 Qualitative evaluation

Evaluation in NLG and NLP is almost always quan-
titative, and typically uses statistical hypothesis
testing. Such evaluation is very important, but
should be supplemented by qualitative evaluation,
which can provide additional insights which are
very useful in complex real-world contexts (Green-
haigh and Taylor, 1997; Tisdell et al., 2025).



Some qualitative evaluation techniques are al-
ready used in NLG, including error analysis (van
Miltenburg et al., 2023) and analysis of free-text
comments from participants (van der Lee et al.,
2021). But many other techniques are rarer, includ-
ing data collection techniques such as focus groups
(Sun et al., 2026) and (semi-)structured interviews
(Zhou et al., 2022), and analysis techniques such as
thematic analysis (Guest et al., 2011) and content
analysis (Sambaraju et al., 2011).

As NLG systems become more capable and are
used in a wider variety of complex contexts, we ex-
pect that qualitative evaluation and insights will be-
come more important, especially since many quan-
titative results will quickly become dated as newer
models are released.

4.3 Safety evaluation

Safety evaluation is not new, it is a rapidly grow-
ing area of evaluation, which looks at whether Al
systems can harm individuals (for example by en-
couraging suicide' or giving dangerous medical
advice (Bickmore et al., 2018)) or society (e.g., by
empowering hackers or terrorists) (Bengio et al.,
2026).

We expect that safety will become one of the
main foci of evaluation research. Ultimately, perfor-
mance evaluation is of interest primarily to compa-
nies and academics who develop NLG technology,
whereas safety evaluation is of interest to everyone
who uses NLG technology, which is a much larger
number of people. Safety evaluation is probably
more important to society than performance evalu-
ation. Indeed, governments have begun to impose
safety standards on Al systems?, and this may lead
to formal government involvement in Al evaluation
methodology.

Safety evaluation is also more challenging than
performance evaluation, because it is about worst-
case behaviour, and behaviour under adversarial
attack (e.g., hackers trying to break into a system).
Performance evaluations usually look at average
case performance, so they can be computed based
on a representative sample. Safety evaluation re-
quires looking for misbehaviour everywhere, in-
cluding edge cases, which are hard to predict for
complex stochastic black box neural models. It will
almost certainly require monitoring of the actual

'See https://www. thehumanlineproject.org/ stories,
such as Badshah (2026)

2https://www.gov.uk/government/publications/
generative-ai-product-safety-standards
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behaviour of deployed systems, as well as experi-
ments on test data or test subjects.

5 Conclusion

NLG evaluation has changed dramatically between
1990 (mostly lingiustic evaluation) and 2026 (LLM-
as-Judge and human annotation protocols). It con-
tinues to evolve, and the next ten years should be
exciting, with more focus on impact, qualitative,
and safety evaluation.
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Abstract

Language model capabilities have advanced
faster than the methods used to evaluate them,
particularly since the move from task-specific
systems to general-purpose models which are
deployed across an ever-widening range of
tasks. When models were built for a single task,
evaluation sat in a tight relationship between
the task, the data, and the model. General-
purpose models have weakened this relation-
ship, and the evaluation practices that were
built around it have not adjusted. This paper
argues that addressing this gap requires treating
evaluation, understood as quantitative perfor-
mance measurement, and assessment, under-
stood as the analysis of mechanisms and real-
world behavior, as complementary rather than
interchangeable. This distinction matters be-
cause evaluation is now often asked to stand
alone in settings where a benchmark score can-
not tell us what a model is doing, or how its
behavior will hold up outside the benchmark.

1 Introduction

Natural Language Processing (NLP) has in recent
years experienced an unprecedented expansion and
societal impact. Until recently, it was less visible as
a field, reaching the general public mainly through
specific applications such as machine translation,
autocorrect, or autocomplete. Today, a large share
of the population' has heard of NLP through com-
mercial models such as ChatGPT or Claude and a
growing part use them in their professional and per-
sonal life or in even more personal contexts such
as a substitute for consulting a physical or mental
health professional.

"Numbers vary depending on region and sources : 68% to
90% of European and American workers have heard of gener-
ative Al according to (Bick et al., 2026), while roughly 90%
of Americans have (Kennedy et al., 2025). These figures are
centered around North America and Europe, thereby creating
a picture that is likely inflated and not representative of the
global population, a pattern reflected in the data on investment
and impact (Microsoft Al Economy Institute, 2026).
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This broad adoption has outpaced the field’s abil-
ity to characterize what these models can and can-
not do, as well as how and why they succeed or
fail in the tasks for which they are used. Bench-
marks remain the main framework through which
the community tracks progress and compares mod-
els, and they have grown considerably in size and
scope, now covering capabilities ranging from gen-
eral knowledge and reasoning to instruction follow-
ing, coding, tool use, and more abstract dimensions
such as alignment and safety. Their logic, how-
ever, has mostly stayed the same: model outputs
are compared against gold references, and the re-
sult is compressed into a single figure per task or
benchmark. This is inherited from an era of task-
specific systems, where the task was fixed and the
reference was the right or at least reasonably attain-
able answer, and it was well suited to both the tasks
and capabilities of the models at the time. Applied
to general-purpose models that now saturate those
benchmarks (Akhtar et al., 2026), it continues to
produce rankings, but they tell us neither how a
model handles a given input, nor how its evaluated
behavior relates to its behavior in the open-ended
tasks they are used for in practice. For example,
ROUGE (Lin, 2004) was built for n-gram over-
lap on short extractive news summaries, where a
reference output was close to the system output
by design; it was stretched within summarization
to longer and more abstractive cases, and is now
reported as evidence of factual correctness in hal-
lucination detection (Janiak et al., 2025) and of
retrieval quality in RAG pipelines (Yu et al., 2025).
These are settings where many outputs can be cor-
rect and similarity to one reference cannot tell them
apart. The score keeps being produced, but is asked
to carry the weight of a much broader claim about
the model.

The position this paper takes is that filling this
gap does not require replacing benchmarks, nor
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scaling up the same logic. The question bench-
marks answer, how do models compare against a
reference, is not the only one worth asking, and
the question of how and why a model behaves as
it does calls for a different methodology. This is
done here by clearly separating the concept of “ex-
amining” models into two frameworks, evaluation
and assessment, which serve different purposes and
answer different questions, and by arguing that we
need to treat them as complementary rather than
interchangeable, in the sense that one is often asked
to do the work of the other.

The rest of this paper proceeds as follows. Sec-
tion 2 sketches how the relationship between tasks,
their associated data, inference methods, and evalu-
ation has evolved with the rise of general-purpose
models, and identifies the structural shift that mo-
tivates the rest of the argument. Section 3 defines
and presents the difference between evaluation and
assessment, and argues that the two are comple-
mentary rather than interchangeable. Section 4 dis-
cusses this distinction in relation to existing work,
from linguistic probing and fine-grained evaluation
to user-centered studies and more recent attempts
to formalize evaluation by “vibes”, and situates it
alongside adjacent methodological proposals.

2 From task-specific to generic models

The development of NLP methods can be described
through three main components, strongly interact-
ing with each other: the task, together with the
annotated or curated data that supports it, the in-
ference method used to produce outputs, which
today is largely a Large Language Model, and the
evaluation methods and metrics through which
outputs are judged. What is interesting is how
the interactions between these components have
evolved. Earlier in the development of NLP as a
field, research was primarily focused on the task.
When a new method was developed, the task was
fixed and relatively narrow, and the data was an-
notated specifically for that task, both for training
the inference method and for evaluating it. The ar-
chitectures themselves were often designed around
the task, with specific inductive biases for sequence
labeling, parsing, or machine translation, partly be-
cause model capacity at the time did not permit a
unified approach. The evaluation methods and met-
rics were tied just as directly to the task: a tagger
for named entity recognition, a translation system,
and a summarizer would not be evaluated in the
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same way. This made sense both because each
metric measured something specific to the task and
because model performance was lower, so compar-
ing systems against a few canonical references was
already challenging enough to produce meaningful
differences.

The first shift came with the arrival of early trans-
former (Vaswani et al., 2017) models on a moderate
scale, such as BERT (Devlin et al., 2019), BART
(Lewis et al., 2020) and RoBERTa (Liu et al., 2019).
Rather than training a model directly on the final
task, a pre-training stage was introduced on a much
simpler objective, typically predicting words hid-
den from their context, which was not itself a task
of interest but proved remarkably effective as a
"foundation" (Bommasani et al., 2021) for the real
tasks. On top of this foundation, what was done
was essentially the same as before, task-specific
training, now in the form of fine-tuning a model.

The major change came with the idea of general-
purpose models. T5 (Raffel et al., 2020) proposed
that every task, regardless of its nature, could be
cast in a single text-to-text format, while GPT-
3 (Brown et al., 2020) showed that tasks could
be specified at inference time through natural lan-
guage prompts and a few examples, without any
fine-tuning. Pushed to its limit through training
models on conversational data and human feed-
back (Ouyang et al., 2022), this idea moved from a
specialist-facing prompting paradigm to a general
interaction mode, where tasks are handled through
natural language interactions with a model never
explicitly trained on most of them.

This last shift, sketched in Figure 1, marks an
important change in which component is now driv-
ing the others. Research was previously organized
around the task: the data was annotated for it, the
architecture was designed for it, and the evalua-
tion was tied to it. It is now organized around
the model: the same system handles a wide range
of tasks through prompting, and the tasks, data,
and evaluations are defined in relation to what the
model can do. One consequence is that because the
model is generative, evaluation and task must be
generative-compatible, regardless of their underly-
ing structure. A classification or extraction problem
becomes, through those models, a text-generation
task, and the metric operates on the generated text
rather than directly on the format and context it
was originally about.
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Figure 1: The shift from task-centric to model-centric
NLP: the component that drives the others moves from
the task to the model, and task and metric are recast in
generative form to fit it.

A second consequence of this shift is the in-
creased diversity and abstraction of the tasks that
these models can now plausibly be asked to per-
form. Asking a model to read a long financial
document, identify the companies mentioned in
it, extract the relevant performance indicators, and
produce a summary in the form of slides with sup-
porting visualizations is not an unrealistic request
today (Egg et al., 2025; Zheng et al., 2025). Evalu-
ating such a task is another matter entirely. What
should be evaluated? Each atomic component? The
named entity recognition and table extraction steps
can probably be formalized, but are not as simple to
test in practice as this framing suggests, and more
abstract or open-ended components, such as data
cleaning, normalization, the choice of which indi-
cators are most relevant (relevant for whom, and
for what use?), the use of code tools to produce
visualizations, and the judgment of those visualiza-
tions, raise a deeper question: what would a gold
reference even look like? Even with expert human
annotators, it is unclear what should be annotated,
against what criteria, and whether two equally com-
petent annotators would agree on the answer. What
makes a visualization good, for instance, depends
on whether it is grounded in real data, readable,
communicative, and well-designed, criteria spread
across factual, aesthetic, and communicative di-
mensions that sit beyond the reach of the grading
formats we currently rely on. Cases like this are
part of what motivates looking more carefully at
what we mean when we talk about “evaluation”.

3 Evaluation and Assessment

Two practices are often discussed together under
the general heading of evaluation, but they serve
different purposes. The first, evaluation in a stricter
sense, is the established practice of quantitative per-
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formance measurement, and its canonical question
is: Does my model perform better than some other
model? Given a model and a reference, evaluation
produces a score, or a set of scores, that allows
models to be compared at a given point in time on
one or several criteria. Its primary function is com-
parative. The second, assessment, is broader, and
its canonical question is: How and why does my
model or method work, or fail to work? In the defi-
nition adopted here, it covers any method aimed at
answering that question, including linguistic prob-
ing, behavioral testing, human-centered studies,
and mechanistic interpretability, among others.

E3]

Beyond the definitions just given, “assessment
as a term is also increasingly common in recent
NLP writing. A keyword search across the ACL
Anthology, covering paper titles and abstracts of
the main *ACL venues, shows that the share of
papers using both terms has grown sharply in re-
cent years, from roughly 1.7% in 2020 to 10.6%
in 2025, a nearly sixfold increase in five years.’
Over the same period, the share of papers using
only “assessment” has stayed flat at 3-4%.

How to read this trend is not obvious. One read-
ing is that “assessment” is simply a more modern
term, adopted under the pull of topics like capabil-
ity assessment, risk assessment, or safety evalua-
tion (Shevlane et al., 2023), without any underlying
change in practice. Another is that the community
is not replacing one term with the other but adding
“assessment” alongside “evaluation” in contexts
where the latter alone no longer seems to cover
what authors want to say: on this reading, some-
thing closer to a second practice is in fact taking
shape. This data alone cannot decide between these
readings. Following the argument of this paper, set-
tling the question would itself require assessment
rather than pure quantitative description. The aim
in the rest of this section is therefore different: to
argue that the two questions just set out are differ-
ent in kind, and that clearly separating assessment
and evaluation in the way proposed here is useful
for thinking about model analysis, whatever the
vocabulary ends up doing in community practice.

Evaluation and assessment, on this distinction,
are not competing practices, and the argument of
this paper is not that one should replace the other.
Evaluation produces comparable numbers, which

*More detail and figures on this can be found in Ap-
pendix A



is what lets a field track progress and decide be-
tween methods. Assessment, by contrast, takes a
model as an object of study rather than a point on
a scale, and asks what it is doing, where it breaks,
and how its behavior looks in the settings where
it is actually used. Many of the questions about a
model are not comparative at the level of aggregate
performance, even when the methods used to an-
swer them are quantitative, as in probing accuracies
or behavioral test pass rates. A rounded account of
what a model is and does typically draws on both.

In current practice, however, the two are far from
balanced. Evaluation remains the dominant one,
inherited from task-specific systems where compar-
ing scores against a reference was both the natural
thing to do and a reliable indicator of progress. It
has continued largely unchanged, even as the con-
ditions that supported it have weakened. This is vis-
ible in benchmark scores reported for commercial
models that do not reliably return the same output,
or in capability claims staked on a single aggregate
number. The imbalance is not that evaluation is
done too much, but that it is often asked to stand
alone, in settings where a score on its own simply
cannot tell us what the model is doing or how its
behavior will hold up outside the benchmark. This
imbalance is visible in the literature itself: Reiter
(2025) reports that roughly 0.1% of ACL Anthol-
ogy papers evaluate real-world impact, and that
even these typically treat the impact finding as sec-
ondary to a metric-based one. When assessment
is done, it is often positioned as a supplement to
evaluation rather than a finding in its own right.

4 Existing Work

The distinction between evaluation and assessment
as drawn here is not a new one in the sense that the
practices it names already exist, and have for some
time. Assessment of NLP systems, and of genera-
tive systems in particular, has a long history. The
STOP system, which generated tailored smoking-
cessation letters, was evaluated in the early 2000s
through a randomised controlled clinical trial with
over 2,500 participants (Reiter et al., 2001, 2003).
The trial measured whether smokers receiving tai-
lored letters were more likely to quit than smokers
receiving a generic letter, rather than how the gen-
erated letters scored against a reference. It was
not, however, the dominant practice even then, and
mostly operated as a complement to metric-based
evaluation rather than driving the analysis. This
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distinction is even more necessary now, given that
modern models are expected to handle a wide range
of open-ended tasks through a single interface. In
fact, a substantial body of existing work is already
doing assessment, even when it is not labeled as
such, and the question is less how to build the prac-
tice from scratch than how to recognize it as a
coherent framework.

The clearest cases are "evaluations" that sit
closer to assessment than to evaluation in the
narrow sense, such as BLiMP (Warstadt et al.,
2020) and Holmes (Waldis et al., 2024), and
more generally the fine-grained evaluation tradi-
tion (Gehrmann et al., 2023; Ribeiro et al., 2020),
where what matters is the detail of what is being
examined rather than the overall ranking of mod-
els: no one really seems to care, in practice, about
a model’s rank on BLiMP. Human evaluation of
natural language generation outputs belongs here
as well, along with user studies and deployment
reports that track how systems behave once they
leave the lab, a concern shared with the broader
human-computer interaction community.

The same holds for probing and mechanistic in-
terpretability, where the goal is again not to rank
models but to understand how they function, this
time by looking at the model’s internals rather than
its behavior. Probing is routinely described as eval-
uation, but what it actually does is closer to as-
sessment in the sense defined here: the goal is
not to rank models but to characterise what they
have learned (Rogers et al., 2020). Mechanistic
interpretability is a different case: the field already
positions it as reverse-engineering rather than eval-
uation, which makes it a limit case for the fram-
ing in a different way, not because it has to be
reclassified, but because it raises its own validity
questions. In the line of work surveyed by Feld-
hus and Kopf (2025), which focuses on generating
natural-language concept descriptions for neurons,
attention heads, and SAE features, automation now
operates at two distinct layers: the descriptions
themselves are generated by other language mod-
els, and their quality is evaluated mostly through
automatic measures. They note that “concept de-
scriptions are for humans, making human judg-
ment essential for validating the meaningfulness of
automated metrics”, and yet observe that human
evaluation remains comparatively rare in this part
of the field. The practice fits our definition of as-
sessment, but the move to automate it should be



approached with care: the automated judges and
metrics are themselves measurement instruments,
and the validity questions Wallach et al. (2025)
raise for evaluation apply to them too.

One further approach deserves its own mention:
evaluation by “vibes”. Unlike most of the prac-
tices just mentioned, it did not originate in research
and move outward to users, but the opposite: it
grew out of informal discussions among users on
X/Twitter, where people shared their own practical
tests alongside a more diffuse sense of a model’s
competence. This includes the more classical di-
mensions of code and writing, as well as less tan-
gible qualities: the model’s capacity to interact in
ways that feel useful rather than flattering, avoid-
ing what work on language models describes as
sycophancy: the tendency of a model to adapt its
answer to the user’s stated beliefs or preferences,
including when this leads it to endorse incorrect
claims (Perez et al., 2023; Sharma et al., 2024). It
also includes the ability to avoid something closer
to a textual uncanny valley, where the output reads
as almost-right but not quite. Recent work has
begun attempting to formalize this (Dunlap et al.,
2025; Itzhak et al., 2026). These attempts raise a
question: what makes the practice interesting is
that it is grounded in the user’s own intuitive and
contextual judgment, and proposals to automate
it have to decide how much of that grounding to
preserve as it is turned into something reproducible
at scale.

Three recent proposals name a related gap, each
reaching for different vocabulary. Wallach et al.
(2025) argue that evaluating generative Al systems
should be understood as a measurement problem us-
ing the tools of social-science measurement theory.
Weidinger et al. (2025) call for a mature evaluation
science for NLP, and in particular for a behavioral
approach that overlaps with what is here called as-
sessment. Where these two are broad methodologi-
cal reframings, Reiter (2025) is narrower, drawing
a sharper binary between metric evaluation and
what fits here as one specific kind of assessment,
his impact evaluation: the measurement of real-
world performance indicators in deployed usage
rather than performance on a test set. Together
with the vocabulary shift documented in Section 3,
these proposals suggest that the community is ac-
tively trying to articulate and develop a practice
that current methods do not quite cover.
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5 Conclusion

This paper argues that evaluation and assessment
should be treated as complementary practices
rather than as a single one. The argument is not
about vocabulary: other words could be used in
place of these two, and several recent proposals
already rely on different vocabularies to describe
related concerns. The point is that evaluation is of-
ten used as a wide term, stretched to cover practices
ranging from scoring against references to probing
and behavioral testing, grouped together without
clear distinctions about what each is set up to do.

Naming the two apart matters because eval-
uation carries a lot of weight in NLP and in
benchmark-driven research more broadly. Com-
paring methods and tracking progress is what it
is set up to do, but it is also one of the forces that
direct research attention. What can easily be scored
against a reference becomes the natural target of
new work, and what resists that format is harder
to argue for in publications. The open-ended cases
sketched in Section 2 tend, on those grounds, to
be taken up through evaluation rather than assess-
ment, with the task reshaped until it produces a
comparable score even where that framing does
not really fit. Assessment, by contrast, is slower
to set up and produces findings that do not reduce
to a single comparable number, what Gehrmann
et al. (2023) call an “incentive mismatch between
conducting high-quality evaluations and publishing
new models or modeling techniques”. The asym-
metry between the two is not the problem in itself;
what follows from it is that the field’s overall direc-
tion, what gets researched and optimized, ends up
shaped largely by what evaluation can take up.

Recent proposals, from measurement theory to
evaluation science to impact evaluation, are visibly
trying to reach beyond evaluation as it is currently
used. Naming the two apart is a small move toward
that, and a reminder that not every question worth
asking about a model is one a benchmark score can
answer.

Limitations

The one piece of empirical material in this paper
is the keyword search reported in Section 3, and
it is too coarse and only quantitative to settle the
question, as already noted in Section 3. A search
over titles and abstracts cannot tell whether the
rise of assessment alongside evaluation reflects a



change in what authors are doing or a change in
what they call it. Settling what the trend actually re-
flects would itself require the kind of close reading
the paper places under assessment.
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A Anthology Search: Method and Data

The numbers reported in the main text come from a
keyword search run directly on the ACL Anthology
XML dump?, parsed at the per-volume level rather
than queried through the website. The corpus cov-
ers 117,273 papers from the main *ACL venues
(ACL, EMNLP, NAACL, COLING, TACL, CL,
LREC, and associated workshops) between 1952
and 2025; 2026 was excluded as only partially in-
dexed at the time of the search.

For each paper, the title and abstract were con-
catenated and matched against two case-insensitive
regular expressions with word boundaries:

\b(?:re)?(assess|assesses|assessed|
assessing|assessment|assessments)\b
\b(?:re)?(evaluate|evaluates|evaluated|

evaluating|evaluation|evaluations)\b

Each paper was then assigned to one of three
mutually exclusive buckets, evaluation only, as-
sessment only, or both terms, and yearly shares
were computed against the total number of papers
indexed for that year. An optional re- prefix is
allowed (matching reassess, reevaluate, and their
inflections). Other surface variants such as evalua-
tor, evaluative, or assessor were not included.

Abstract coverage in the Anthology XML is un-
even before roughly 2016. Several early volumes
carry titles only, with the abstract field empty or
missing, so pre-2000 rates under-count all three
buckets, since only titles contribute to the match.
Years before 1990 sit close to zero across all three
buckets and were trimmed from the figure to keep
the post-1990 trend readable. The post-2016 trend,
on which the main argument rests, is not affected.

Figure 2 shows the full series from 1990 onward
as the share of papers per year falling into each
bucket. Shares are the comparable view across
years given that the absolute number of papers
grows by a factor of roughly twelve over the period.

3https://github.com/acl-org/acl-anthology
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Figure 2: Share of papers in the ACL Anthology us-
ing the terms evaluation, assessment, or both, by year.
Buckets are mutually exclusive per paper. Based on
a keyword search over titles and abstracts of 117,273
papers across the main *ACL venues (1952-2025). The
share of papers using both terms has grown from roughly

1.7% in 2020 to 10.6% in 2025.
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Abstract

The paper presents a fully documented case
study of how high-quality data combined with
evaluators’ expertise can be utilised for con-
ducting basic NLP experiments in the realm of
low-resource languages such as local varieties
of Colloquial Arabic, and how the Arabic Bible,
hitherto underutilised in NLP, can serve as an
evaluation tool. Our experiments on one of the
rural Palestinian Arabic dialects of al-Khalil /
Hebron illustrate two points. On the one hand,
popular models are clearly limited in their abil-
ity to produce outputs of a high level of dialectal
specificity (here: rural area surrounding a major
urban centre). On the other hand, they are capa-
ble to generate accurate translations from such
dialects into Modern Standard Arabic. Thus,
the models appear better at understanding di-
alects than at producing dialects.

1 Introduction

Whether in its Jewish or one of several Christian
forms, the Bible is a remarkable linguistic data set
of extraordinary comparability, synchronic and di-
achronic alike. That Natural Language Processing
(NLP) can benefit from the Bible both as a train-
ing data set and as an evaluation tool has been well
noted (Alastruey et al., 2026). Still, even if Bible
translations have often been the first written literary
productions in many languages, there seems to be
remarkable little literature on their usefulness for
NLP in low-resource languages.

Such is the case of written expressions of Collo-
quial Arabic, the actual mother tongue of Arabic
native speakers, which must be distinguished from
formally learnt types of Arabic like Classical Ara-
bic, the language of literature, or Modern Standard
Arabic (MSA), the language of official media'. Un-

"For a more nuanced overview of the use of Classical Ara-
bic and Modern Standard Arabic see reference works such as
Semitic Languages: an international Handbook (Weninger
et al., 2012), or the Encyclopedia of Arabic Language and
Linguistics (Versteegh, 2005-2007).
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like highly standardised forms of formally learnt
Arabic, Colloquial Arabic represents a spectrum
of varieties, which are commonly associated with
geographical regions, countries, and smaller areas,
from country districts to cities and their surround-
ings to individual towns or villages. Even such
local varieties are often further subdivided into no-
madic and sedentary types, of which the latter have
distinct urban and rural forms?.

The issue of the under-representation of Collo-
quial Arabic in NLP has been emphatically noted
(e.g. Fakhraddin et al. (2025); Nacar et al. (2025)).
Related Machine Translation challenges started to
be addressed long before the advent of the Large
Language Models (LLMs) and continue to be dis-
cussed (e.g. Zbib et al. (2012); Baniata et al. (2018);
Harrat et al. (2019); Zakraoui et al. (2021); Alab-
dullah et al. (2025)). There is also no lack of experi-
ments in testing LL.Ms capability to deal with it (e.g.
Kadaoui et al. (2023); Khondaker et al. (2023))3.
Nonetheless, in this context it is very rare to see
the use of Colloquial Arabic Bible translations, and
when such use is mentioned, the quality of data
is not discussed (Sajjad et al., 2020). Admittedly,
there is no comprehensive research on their largely
undocumented nature in terms of their underlying
texts, the sociolinguistic profile of translators, or
translation techniques®.

This paper provides an exploratory case study
showing how a specific sample of Colloquial Ara-
bic representing a sub-city variety can be employed
in NLP in the context of collaboration between lo-

The aforesaid reference works will provide further intro-
ductory guidance into Arabic dialects.

¥Note, however, that the research concerns high level (re-
gion / country) varieties of Colloquial Arabic (e.g. Elmadany
et al. (2023); Al-Haff et al. (2022)). It is still rare to see work
concerning varieties at a city-level (see Bouamor et al. (2018)
on the MADAR corpus, or Mekki et al. (2026) on the Alexan-
dria corpus.

*Such texts appear on confessional websites like https:
//www.bible.com/ (currently including partial translations
labelled as representing several country-level dialects.
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cal experts, biblical scholars, and computer scien-
tists. We discuss experiments in challenging se-
lected LLMs to create dialect outputs meant to
represent translations from English and MSA into
this specific dialect, and to translate from samples
of this dialect into MSA. Our case study is meant
to be replicable and adaptable beyond the scholar-
ship concerning the Arabic Bible, and even beyond
Colloquial Arabic, extending towards other low-
resource Semitic languages.

2 Methodology

2.1 Input texts

The source of our dialect data is a new paraphrastic
rendition of selected biblical books from the pre-
modern Arabic Bible into a particular dialect of the
Levantine Arabic (al-Shami)’. It is one of the statis-
tically most common Palestinian dialects, which is
spoken in the southern West Bank (al-Khalil / He-
bron Governorate), and hence is called Khalil1 (here-
after Khalili®). Whether in its rural or urban form,
it is locally easily identifiable and it bears signifi-
cant cultural associations. Nonetheless, the dialect
remains largely unexplored’. The rendition used
as the source of data for our experiments is being
prepared by a team of socio-linguistically aligned
collaborators, who speak the rural variety of the
Khalili dialect. The whole process is academically
documented within research projects conducted at
the University of Aberdeen®. At this moment, it
encompasses drafts of the complete Book of Gen-
esis (hereafter Genesis), and the complete Gospel
according to Matthew (hereafter Matthew), consti-
tuting a corpus of approximately 40,000 words.

Our experiments investigate the following lin-
guistic pairs or triplets:

* English to Khalili Dialect

* English to MSA to Khalili Dialect

* MSA to Khalili Dialect

* Khalili Dialect to MSA

The English text of Genesis was taken from 7The
Holy Scriptures According to the Masoretic Text

SEastern Mediterranean. Note that commonly used English
categorizations based on wider geographical regions or modern
states occasionally reflect the legacy of European colonialism
rather than the actual dialect distribution.

®Simplified Romanization.

"For the most comprehensive bibliography of lit-
erature on Palestinian Arabic dialects, see Ulrich
Seeger’s list at https://arab.useeger.de/lit/
Seeger-Biblio-Pal-Arabic.pdf (updated regularly;
note that the list includes few positions in Modern Hebrew).

8Under the overarching title Hexapla Arabica.
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(1917)°. The English text of Matthew was taken
from the OpenEnglishBible (2020)!°. The MSA
translation of both books comes from the STEP-
Bible edition of the popular Van Dyck’s translation
(1865)!! available under the licence CC BY-SA 4.0.
The selection of English and MSA translations re-
quired that they are modern (but not necessarily
the most recent), documented (but not necessarily
meeting the current disciplinary standards), and
available digitally in public domain.

Some of our experiments included among the in-
put texts an example of how the dialect is translated
into English or MSA. The dialect text was taken
from selected fragments from the team’s rendition
of Genesis and Matthew, and these were accompa-
nied by English and MSA translations created by
our team for the purpose of the experiments.

The input texts were organised into twenty units,
ten from Genesis, and ten from Matthew. On av-
erage, English units had 500 words, MSA units
had 250 words, and Dialect units had 300 words
(numbers rounded). The average word count was
determined through initial checks, which tested the
capacity of selected models to return meaningful
and complete results. The examples consisted of
2,000 words in the dialect, 4,000 words in English,
and 1,400 words in MSA (numbers rounded).

2.2 Models

The experiments involved three models. The selec-
tion condition was the presence of a privacy pol-
icy protecting input data from being incorporated
into training data sets of a given model. Further,
two models were meant to represent Generative Al
tools that were publicly available at the time of ex-
periments. The following were selected: Gemini
2 Flash (hereafter Gem2F) and ChatGPT 40 mini
(2024.07.18) (hereafter GPT4om). One model was
meant to represent a Generative Al tool used by
more advanced non-expert users at the time of ex-
periments. The following was selected: ChatGPT
40 (2024-08-06) (hereafter GPT40). All three mod-
els were accessed through API calls facilitated by
one of the commercial platforms (AI/ML API). This
was to ensure that the texts from the hitherto un-
published Khalili dialect rendition of Genesis and
Matthew remain outwith LLM training data sets.

°See  https://en.wikisource.org/wiki/Bible_
(Jewish_Publication_Society_1917.

!0See https://openenglishbible.org/oeb/2022.1/
0EB-2022.1-Cth.txt.

"See https://www.stepbible.org/version.jsp?
version=AraSVD.
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2.3 Prompts

All prompts for dialect outputs included the task of
translating the input text from the stated language
(“English” or “Modern Standard Arabic”) into “the
rural Arabic dialect of al-Khalil in the West Bank.”,
or vice versa, from the dialect to MSA. The prompt
default structure was: “Translate Text 1 from X into
Z. Text 1 is as follows.” There were three subsets
of prompts:
* plain prompts, which were equal to the default
(applied to all three models)
* more advanced versions of plain prompts
to translate from English but with a mid-
translation into MSA'? (applied to all three
models)
e prompts with an example among the input
texts'? (applied to GPT4o only).
Note that prompts for Gem2F and GPT4om had
the parameters “temp” and “top_p” unstated. For
GPT4o, these were always given explicit values:
0.0 and 0.1, respectively.

2.4 Output texts

The output texts were meant to be produced in the
dialect and in MSA. The models were prompted to
produce 200 units in the dialect. These included:

* 60 units from English directly to the dialect
(all three models),

* 60 units from English through MSA to the

dialect (all three models),

¢ 60 units from MSA to the dialect (all three

models),

* 20 units from English to the dialect with an

example (GPT4o0).

On average, the dialect units had 250 words each,
resulting in a corpus of approximately 50,000 words.
There were also 80 units meant to represent MSA
translations from the dialect. These included:

* 60 units created with prompts without an ex-
ample (all three models),
* 20 units created with an example (GPT40).

On average, the MSA units had 275 words, provid-
ing a corpus of approximately 22,000 words.

>These were formulated as follows: “Translate Text 1 from
English into Modern Standard Arabic and then translate the
Modern Standard Arabic translation into the rural Arabic di-
alect etc.”

BThese were formulated as follows: “Use the example of
how Text 2 (the dialect) has been translated into Text 3 (English
/ MSA). [...] Text 2 is as follows: [...]. Text 3 is as follows:
[...]1.”

2.5 Evaluation

The evaluation was conducted independently by
three team members acting as evaluators, who are
native speakers of rural Khalili Arabic with solid
knowledge of Classical Arabic (religious education)
and MSA (secular education)'*. The evaluators
were closely aligned in terms of socio-linguistic fea-
tures. They were highly familiar with the content
of Genesis and Matthew through their earlier work
on transcribing relevant texts from manuscripts and
creating their Khalili dialect rendition. Before start-
ing the evaluation, the evaluators discussed the scor-
ing matrix among themselves and agreed on princi-
ples of scoring within the given parameters.

The related dialect outputs were randomly sorted
in two batches: English to the dialect (140 units,
grouped into 20 files, each with 7 units) and MSA
to the dialect (60 units, grouped into 20 files, each
with 3 units). The related MSA outputs were simi-
larly arranged in one batch (80 units, grouped into
20 files, each with 4 units). The numerical identi-
fiers of all units were anonymised through randomly
generated numbers.

The evaluators were instructed to score each di-
alect output unit in terms of its dialect specificity ac-
cording to the following metric with a 0-100 range:

100: rural Khalili dialect
75: Khalili dialect
50: Palestinian dialect
25: Levantine dialect
0: Colloquial Arabic
The dialect scoring matrix was formulated in

writing in Colloquial Arabic in a descriptive way
as follows:

100: a>Noll addsdl duolell
[“rural Khalili Colloquial Arabic™]
75: addadl deolell

[“Khalili Colloquial Arabic™],

with the gloss: Give G Sldadl i
> gl Hae dgyme [Tie. Khalilj Ara-

bic, but 1mp0ss1ble to see whether urban
or rural”]

50: duulaw)all dolall
[“Palestinian Colloquial”],

“The experiments were so designed that the evaluators’
knowledge of English was irrelevant.



with the gloss: L Liudawdall Lisy
Ml G g (o Ligy2e Line [“i.e. Pales-
tinian Arabic, impossible to see from
where in the country”]

25: dolidl duolell
[“Levantine dialect”],

with the gloss: (S iddaawlall (S
sl Sas Sl (Ses gyl
9 oo guoly Like puy plidl o)y iy
[“perhaps Palestinian Arabic, perhaps
Jordanian Arabic, perhaps Lebanese Ara-
bic, perhaps Syrian Arabic, that is, from
the Levant, but unclear from where”!> ]

0: dolell
[“Colloquial Arabic™],

with the gloss: L dwolell (juun Lisy
9 (o Wgy2e L [“e., it seems to
be Colloquial Arabic but it is impossible
to see from where”]

The evaluation task formulated for MSA units
was to score each MSA output unit on the scale
from 0 to 100 in terms of its accuracy in translating
the underlying dialect input. Again, the matrix was
formulated in writing in Colloquial Arabic:

100: &8l dos il

[“accurate translation”]

50: u.uSA

[“mixture”]

0: @lvﬂlywﬂuhovﬂluadl
Olox)i o puSe pu oSixg) O g
036>90 E,lJl douyl) Jusidl gl olygill
gl

[“The text does not constitute a transla-
tion from what you wrote in your dialect,
but it is a mixture of MSA translations of
the Hebrew Bible and the New Testament
that are available online.”].

The nature of the gloss to the score 0 stemmed
from our initial experiments. The preliminary test
outputs for translations from the dialect into English
seemed to represent not the underlying paraphrastic
dialect text in English, but rather a text appearing
to be a mixture of modern English translations of
corresponding passages in the Bible. This apparent

5Due to the influence of Modern Hebrew and its distinctive
features, the Israeli Arabic has not been enumerated here.
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tendency to align the supposed English translation
of the Arabic paraphrase with the standard English
text requires further investigation, which would to
measure it and establish whether it occurs in relation
to other textual corpora beyond the Bible in English.

Note that the entire work communication be-
tween the evaluators and the team members based in
the UK was conducted in their dialect and without
the use of English.

3 Results and Analysis
3.1 English / MSA to Dialect

The Figures 1 to 4 present the results of the evalua-
tion. The horizontal axis represents the frequency
of occurrences of a particular score given on the
vertical axis:

75-99: Khalili dialect
50-74: Palestinian dialect
25-49: Levantine dialect
0-24: Colloquial dialect

Note that no unit was evaluated at 100 (rural
Khalili dialect). The column ‘error’ indicates the
number of instances where the model did not create
an output.

The scoring of outputs created with prompts to
translate from English directly into the dialect are
shown in Figure 1. It will be seen that the Gem2F
outputs received much higher scores than those cre-
ated by the two other models. There is also a very
high number of cases in which GPTo refused to
perform the task where the prompt included an ex-
ample). Figure 2 shows the results of prompts to
translate from English into the dialect with an MSA
mid-translation. Again, the Gem2F outputs were
scored higher. When the scoring is compared across
the outputs created with or without an MSA mid-
translation, it will be noticed that Gem2F and GPTo
performed better with MSA, but the opposite is true
for GPT4om. This is shown in Figure 3. Finally,
in direct translation from MSA to the dialect, the
outputs created by Gem2F again scored much better
than the two other models. This is shown in Figure
4.
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Whereas the evaluation of particular models that
were in use at the time of conducting our experi-
ments provides only a snapshot into their capability
at a point of time, the results give an insight into the
evaluation process that remains independent of tech-
nical developments. This pertains to consistency in
scoring among socio-linguistically aligned expert
evaluators. It is shown in Figure 5. The figure gives
the frequency of disagreements among the evalua-
tors (the horizontal axis) of a particular value (the
vertical axis), calculated as the difference between
the highest and lowest scoring for each unit.

Frequency (%)

0 10 20 30 40 50 60 70
.
o
(&]
w
oy
2 20-39
5 —
g
()
o
< 40-59 '
e
)
k]
5 60-100
Gem2F
error ®m GPT4om
h m GPT4o0

Figure 5: Disagreement scale in evaluation

This consistency is further illustrated by the av-
erage scores across the three evaluators given in
Table 1'°.

Model Ev.l Ev.2 Ev.3 Diff. range
E>D/E>MSA>D

Gem2F 52 48 47 5
GPT4o0 39 36 37 3
GPT4om 27 28 25 3
MSA>D

Gem?2F 62 58 51 11
GPT4o 31 30 28

GPT4om 16 15 15 1

Table 1: Average scores across evaluators

16Cases where the models refused to produce an output were
excluded from calculations.
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3.2 Dialect to MSA

The evaluation of MSA units in terms of their accu-
racy towards the corresponding dialect input texts
brought an unexpected lack of variation. With very
few exceptions, the scoring was almost uniformly
100. This means that outputs were seen as repre-
senting an accurate translation of the underlying
dialect texts. The experiments provide measurable
evidence for this important finding.

This result underwent a deeper albeit preliminary
investigation by a team member with expertise in
Biblical Studies. Firstly, a unique set of four units
that scored consistently not 100 but 50 across all
three evaluators was investigated along the lines
of Qualitative Error Analysis. The unit is made
largely of the passage with the so-called genealogy
of Jesus (Matthew 1:1-17), which is a list of per-
sonal names. A sample of Matthew 1:2-7 contains
30 names in the dialect text. In many cases, their
orthography differs from that found in published
MSA translations of Matthew!’. Indeed, out of
30 names, only 8 were uniform across the dialect
input text and the generated MSA output texts'®,
and only 3 were in partial agreement. The other 17
cases had the names ‘corrected’ in the MSA outputs
into forms identical with or closer to those found
in published MSA translations (e.g. the ‘incorrect’
“Budh” amended into “Boaz”, or the ‘incorrect’
“Diith” amended into “Ruth’). These ’corrections’
were detected by our evaluators and interpreted as
signs of inaccuracy in translating the dialect version
into MSA.

Secondly, it was investigated in detail how a
clearly paraphrastic dialect passage was translated
into MSA while scoring 100 in terms of accuracy.
The selected passage was Matthew 1:18-19, which
reads in one of the standard English translations as
follows:

Now the birth of Jesus the Messiah took
place in this way. When his mother Mary
had been engaged to Joseph, but before
they lived together, she was found to
be pregnant from the Holy Spirit. Her
husband Joseph, being a righteous man
and unwilling to expose her to public
disgrace, planned to divorce her quietly.
(NRSV2021)
"This is a result of pre-modern and modern scribal mistakes
in copying the list of largely unfamiliar and non-Arabic names.
3These were mostly well-known names such as, in their

English form, “Abraham”, “Isaac”, “Jacob”, “David”, or “Ju-
dah”.



The dialect rendition gives a significantly dif-
ferent text, with several omissions, additions, and
changes. It can be translated into English as fol-
lows, with omissions indicated by the underscore,
additions by the underline, and changes by italics:

Mary, the
mother of Christ, was engaged to Joseph.
Before they got married (that is, before
the nuptial night occurred), Joseph no-
ticed that Mary, his fiancée, is pregnant

. Just note: it was before the
nuptial night. Now, Joseph was a good
person. When he learnt about the mat-
ter, he did not want to put her to shame.
To the contrary, he wanted to protect her.
Thus, he said to himself that he should
divorce her in secret, leave her, and stay
away from her!®.

All the outputs closely followed the dialect input
text. Significantly, they did not add the ‘missing’
fragments such as the introductory sentence or the
mention of the Holy Spirit. Further, they replicated
explanatory additions either in full alignment with
the dialect input (e.g. on the ‘nuptial night’), or in
partial alignment (e.g. the phrase “to protect her”
occurs in 2 out of 4 outputs, and the phrase “leave
her, and be away from her” occurs in 3 out of 4
outputs). They also followed the changed construc-
tions (the active “Joseph noticed” instead of the
passive “she was found”). Thus, the evaluation was
correct in terms of assessing the surprising accu-
racy of the translation of a passage that could have
been aligned with standard MSA translations.

Finally, one of the key New Testament passages
was assessed, that is, the so-called “Lord’s Prayer”,
also known as “Our Father”, in Matthew 6:9-13.
This central text of Christian tradition would have
been expected to be particularly prone to being
aligned with its standard translations, especially
given the fact that the Khalili dialect rendition de-
parts from the well-known wording and provides a
highly poetic rendition of the text. Among its most
striking features is shift in the possessive pronoun
attached to the word ‘Father’ from ‘our’ to ‘your’
(plural), and a paraphrastic translation of ‘your will
be done’ into ‘may what God has decreed come
to being (o Lord, according to what you wish!)’.
These highly unusual features are retained in all
four MSA outputs, with just one exception with a
case of the standard ‘Our Father’.

“Probably meant as to refrain from violence against her.
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This preliminary investigation into a handful of
notable cases exemplifies what the Evaluators de-
tected in their assessment of MSA outputs: accu-
racy and capacity to morph dialect phrases into
MSA. Its potential advantages notwithstanding, this
raises a concern related to speeding up the process
of dialect levelling, especially if predictive text or
autocorrections are powered by LLMs.

4 Conclusions

The case study presented in this paper shows NLP
experiments with Colloquial Arabic related to the
Arabic Bible bringing meaningful results. This
is shown in Table 2 with average scores?” across
the three models. One model (Gem2F) performed
clearly better than others in creating dialect outputs,
especially when translating from MSA or with an
MSA mid-translation. However, even in these two
cases, the model did not reach the level of Khalili
specificity, and, on average, produced outputs cat-
egorised as representing only more broadly Pales-
tinian dialects. The majority of outputs from other
models were categorised as representing Levantine
dialects. This inability of the models to produce
outputs meant to have a high level of dialect speci-
ficity contrasts with the fact that all the models were
assessed as highly accurate in translating dialect in-
puts into MSA.

The fact that the results were meaningful lies
in the expertise of the evaluators and in the col-
laboration of local experts, biblical scholars, and
computer scientists. This ensured the quality of
data as well as culturally and socially appropriate
evaluation process. Using Colloquial Arabic as a
medium of work communication should also be
noted.

It remains to be explored how applying NLP
to Colloquial Arabic can contribute to the inves-
tigation of some complex linguistic phenomena
such as Arabic diglossia. This potential extends be-
yond Arabic and is applicable to other low-resource
Semitic languages such as ancient Hebrew, an-
cient Aramaic, or endangered Neo-Aramaic di-
alects. Such exploration can be successfully con-
ducted not only within the digital humanities, but
also — perhaps even more effectively — by means
of multidisciplinary collaboration between the hu-
manities and computer science.

2 Cases where the models refused to produce an output were
excluded from calculations.



Model Direction Avg. score Category
Dialect Specificity
Gem2F MSA>D 57 Palestinian dialect
Gem2F E>MSA>D 54 Palestinian dialect
Gem2F E>D 45 Levantine dialect
GPT4o0 E>MSA>D 41 Levantine dialect
GPT4o E>D+ex 38 Levantine dialect
GPT4o0 E>D 32 Levantine dialect
GPT4om E>D 31 Levantine dialect
Gptdo MSA>D 30 Levantine dialect
GPT4om E>MSA>D 24 Colloquial Arabic
Gpt4om MSA>D 15 Colloquial Arabic
Accuracy
GPT 40 D>MSA+ex 97 Accurate translation
GPT 40 D>MSA 96 Accurate translation
Gem2F D>MSA 96 Accurate translation
GPT4om D>MSA 95 Accurate translation
Table 2: Average scores across models
Limitations twenty colleagues from Professional Services at the

It would be valuable to conduct follow-up exper-
iments with evaluators who are not immediately
familiar with Genesis and Matthew to see how
they score human-created outputs in relation to Al-
created counterparts, when both types of texts are
randomly mixed with anonymised labels. High
scores for the actual Khalili texts would provide
further validation for the method presented in this

paper.
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Abstract

The NLG pipeline of Reiter and Dale has long
served as the foundational framework for data-
to-text system design and evaluation. However
its relationship to modern generative architec-
tures remains underexplored. In this conceptual
analysis, we argue that Retrieval-Augmented
Generation (RAG) constitutes a collapsed and
partially reconstructed instantiation of the clas-
sical NLG pipeline, using it to identify failure
modes of RAG around context faithfulness and
retrieval non-determinism.

1 Background and motivation

The Natural Language Generation (NLG) pipeline
proposed by Reiter and Dale (1997) has been the
dominant conceptual framework for the design and
development of data-to-text systems for over two
decades. By decomposing data-to-text generation
into the discrete modular stages of document plan-
ning, microplanning and surface realisation, the
pipeline provided both a principled architecture
for system builders and a shared vocabulary for
researchers, structuring how data-to-text systems
were designed and analysed (Reiter, 2025). Its
influence is evident in systems across application
domains, such as SumTime (Sripada, 2003), which
employed explicit data interpretation and document
planning for weather-forecast generation, and BT-
45 (Portet et al., 2007) for clinical text summarisa-
tion. The pipeline shaped data-to-text generation
by framing generation as a sequence of explicit
decisions about content selection, document struc-
turing, and linguistic expression.

The emergence of neural architectures for lan-
guage generation shifted the field away from this
modular paradigm. Sequence-to-sequence models
(Sutskever et al., 2014) and later transformer-based
architectures (Vaswani et al., 2017) enabled end-to-
end generation without explicitly encoding content
selection, planning, and surface realisation. Rather
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Retrieval and ranking
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A Context faithfulness at source

Document Non-deterministic retrieval
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System prompt

. . A Prompt sensitivity
Microplanning { -

Surface Generator LLM
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L A Contradiction to non-
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Figure 1: Classical NLG pipeline stages (left) and the
corresponding RAG components (right), including over-
lap between document planning and microplanning.
Each of the three RAG components is associated with
particular challenges, highlighted below each compo-
nent.

than eliminating these pipeline functions, neural
architectures leave them implicit, distributing the
corresponding decisions across learned represen-
tations. While some work has explored explicitly
learning to make these decisions in neural networks
(e.g., Puduppully et al., 2019), most recent work
has built on transformer models without architec-
tural changes designed to capture these aspects of
the classical pipeline.

The advent of large-scale generative language
models in 2020 (Brown et al., 2020) marked a fur-
ther shift from both the symbolic pipeline and ear-
lier neural architectures toward generation based
on (large) language models ((L)LMs). While these
models exhibit remarkable performance across a
wide range of generation tasks, their reliance on
parametric knowledge encoded during pre-training
renders them susceptible to factual errors and con-
fident confabulation, widely termed hallucination

Proceedings of the 1st Symposium on Natural Language Generation Evaluations, pages 33-38
June 1-2, 2026 ©2026 Association for Computational Linguistics



(Jiet al., 2023). Retrieval-Augmented Generation
(RAG), (Lewis et al., 2020), emerged as a widely
adopted architectural response to this limitation.
By grounding text generation on external, curated,
non-parametric knowledge sources, RAG substan-
tially reduces hallucination (Shuster et al., 2021)
and has become a dominant framework for deploy-
ing LLMs in knowledge-intensive tasks.

In this work, we reflect on RAG through the lens
of the classical NLG pipeline, analysing how its
components align with — and diverge from — the
classical NLG pipeline stages of data interpreta-
tion, document- and micro-planning, and surface
realisation. We argue that RAG implicitly imple-
ments several features of the NLG pipeline in novel
forms (summarised in Figure 1), with document
planning taking place across the retrieval, ranking,
and prompting stages of a RAG system, microplan-
ning overlapping with prompting and generation
from LLMs, and surface realisation fully limited to
the LLM generation stage. The analogy also high-
lights the fundamentally new concerns in a RAG
around retrieval quality, context faithfulness, and
conflicts between retrieved content and the genera-
tor’s parametric knowledge (Longpre et al., 2021),
that fall outside the original pipeline’s scope. By
mapping this correspondence, we aim to illuminate
both what has been recovered and what has been
lost in the transition from symbolic to retrieval-
augmented generation and to explore the implica-
tions for evaluation, interpretability, and system
design in contemporary NLG.

2 The Classical NLG Pipeline

The classical NLG pipeline of Reiter and Dale
(1997) decomposes generation into three main
stages: document planning, microplanning, and
surface realisation. Later data-to-text architectures
extended this framework with earlier stages, such
as signal analysis and data interpretation, to handle
raw data inputs (Reiter, 2007, 2025). We consider
the original three-stage pipeline to be closer to how
RAG systems are deployed. Signal analysis and
data interpretation as pre-cursor stages to document
planning are designed to take masses of raw data
and convert them into meaningful units, while the
retrieval index of a RAG system is more like the
database or collection of facts which results from
such analyses: they provide the materials from
which the document can be planned based on a
given user query.

We illustrate these stages using SumTime (Sri-
pada, 2003), a rule-based NLG system that gen-
erates marine weather forecasts from numerical
weather prediction (NWP) data (e.g., wind speed
and direction, temperature, pressure) to support off-
shore operations. It uses rules derived from knowl-
edge acquisition tasks such as corpus analysis, ex-
pert consultations, and think-aloud sessions with
forecasters, to drive decisions at each stage (Sri-
pada et al., 2004). An extract of SumTime output
is reproduced from Reiter (2025):

Wind(10M): S 16-21 backing SSE 21-26 by mid
afternoon, then veering S by early evening and
SSW 18-23 by midnight.

In this example, S, SSE, and SSW denote wind
directions on the standard 16-point compass, and
“backing"” and “veering" are change verbs to de-
scribe shifts in wind direction.

Document planning makes two key decisions:
content selection (which events to communicate)
and document structuring (how to organise them
into a coherent narrative) (Reiter, 2025). In Sum-
Time, document structuring follows the forecast
structure recommended by Weathernews UK, while
content selection uses a bottom-up segmentation
algorithm to group adjacent readings and identify
meteorologically significant wind states and direc-
tion changes to mention (Sripada et al., 2003, 2004).
These selected events are then ordered chronologi-
cally, as in the example above.

Microplanning determines how the document

plan is expressed, including lexical choice, refer-

ring expression generation, and aggregation. In

SumTime, corpus-derived rules guide the selection

of domain-specific forecast verbs, such as “backing”
and “veering” for wind-direction changes and “in-

creasing” for wind-speed changes (Reiter, 2025).

The rules also map time steps to time expressions

such as “by mid afternoon” and “by midnight” (Sri-
pada et al., 2002).

Surface Realisation renders the microplan as
grammatically correct text, handling syntax, mor-
phology, and punctuation (Gatt and Reiter, 2009).

3 RAG as a Collapsed Pipeline

A RAG system combines the parametric knowl-
edge encoded in a pre-trained neural language
model with a document index containing supple-
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mental information which is called non-parametric
as it is not encoded in the LMs trained parameters
(Lewis et al., 2020). The non-parametric knowl-
edge source is encoded in dense vector representa-
tions to enable easy retrieval based on distributional
semantics. These representations capture meaning
in a vector space, similar to the ‘semantic’ repre-
sentations learned by neural LMs.

The LM combines retrieved non-parametric
knowledge with parametric knowledge guided by
a prompt which is a natural language specification
of what the resulting text should look like, with
or without examples (in few-shot and zero-shot
prompting, respectively). In this analysis, we ex-
amine each of these components of a RAG system
to characterise the data-to-text functions they per-
form.

3.1 Retrieval and reranking

Domain knowledge, typically in the form of docu-
ments, is represented as a collection of embeddings
which implicitly encode the semantic content of
the underlying document. Retrieval selects content
from this indexed knowledge source based on a
user query, potentially reranking this content by
relevance (Glass et al., 2022), is therefore function-
ally analogous to content selection in the document
planning module (Reiter and Dale, 1997).

However, classical document planning can be
deterministic and is fully controllable when it is
rule-based. The content selection is purposive and
input is interpreted with respect to a specific gener-
ation task. In RAG, encoding is performed offline
and independently of any particular query — the
same representation must serve all possible future
retrieval contexts. Hence, while a non-parametric
source created for a specific task can be faithful
to its context, general-purpose knowledge sources
are susceptible to semantic ambiguity, since em-
beddings constructed without a specific generation
intent cannot anticipate the full space of queries
they will be expected to serve. Following Es et al.
(2024), we term this context faithfulness at the
source — a faithfulness risk structurally absent from
the classical pipeline.

Further, document structuring in the classic NLG
pipeline is governed by explicit communicative
goals, and can be evaluated by comparing sys-
tem outputs against expert-authored texts (Sripada,
2003). Retrieval, by contrast, is generally proba-
bilistic and less deterministic. In the absence of an
exact semantic match for a query, the retriever may
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select a misaligned yet closest match, introducing
uncertainty into the content selection process. Un-
certainty may also arise from the contradiction of
the retrieved contents with the parametric knowl-
edge of the generator LLM (Longpre et al., 2021).
Since relevance scores do not guarantee factual
alignment, the document planning stages of RAG
require dedicated retrieval quality assessment.

3.2 System prompt

Prompt engineering has become an integral com-
ponent of generative Al workflows, and, within
RAG specifically, the prompt provides instructions
influencing content aggregation and specificity,
and specifying how to align to the communica-
tive goal of the response (Schulhoff et al., 2024),
ultimately overlapping with both document and
micro-planning decisions.

This correspondence, however, remains under-
examined. Unlike the retrieval stage, where the
functional analogies to document planning is rel-
atively direct, the prompt and the generator LLM
relationship is tightly coupled. The prompt does
not operate independently: its effect on aggregation
and lexical choice is contingent on the instruction-
following behaviour of the specific generator model
it addresses, making it difficult to isolate prompt-
level microplanning from the broader generative
behaviour of the LLM. Further, different prompt-
ing strategies — zero-shot, few-shot, or chain-of-
thought, may exert different influences on how the
retrieved content is aggregated and expressed.

3.3 Generator LLM

Surface realisation in the classical NLG pipeline is
the final stage, responsible for converting abstract
linguistic representations into grammatically well-
formed, fluent text. Within a RAG architecture, the
LLM generator occupies this role.

Neural language models collapse the distinct
stages of the NLG pipeline into a single learned
process. Puduppully et al. (2019) demonstrate that
neural models can encapsulate functions such as
content selection, aggregation, and surface realisa-
tion within unified parameter spaces, for example.
RAG can therefore be understood as a deliberate ar-
chitectural counter-move. By externalising data in-
terpretation, content planning and expression plan-
ning (prompting) into discrete upstream stages, it
partially reconstructs the modularity that end-to-
end neural generation had collapsed, constraining
the LLM to focus on what it demonstrably does



NLG Pipeline Classical System

RAG System

Key Divergence

Stage (Weather forecasts) (Suggesting activities based
on weather)
Document Bottom-up segmentation se- Probabilistic retrieval of ac- Retrieval is non-
planning (Con- lects significant wind states tivity descriptions based on deterministic ~ with
tent selection & and direction changes. Se- ideal weather conditions pro- relevance scores
structuring) lected events are ordered vides high level structure in which do not
chronologically in the fore- the LLM prompt. guarantee  factual
cast text. alignment.
Microplanning Corpus-derived rules choose Prompt guidance for what Prompt and LLM
(Lexicalisation  forecast verbs such as “back- kind of register to use, influ- coupling means mi-

& aggregation ) ing”, ‘“veering”, and “in-
creasing”, and map time
steps to expressions (“by

midnight”).

Realiser renders the forecast
in domain-standard form, in-
cluding syntax, punctuation,
and formatting, e.g., “S 16—
21 backing SSE 21-26 by mid
afternoon”.

Surface realisa-
tion

encing word and aggregation
choices.

croplanning cannot
be isolated from sur-

Generator LLM producing
fluent activity suggestions
based on on retrieved pas-
sages and given prompt.

face realisation.

LLM generation
combines  surface
realisation with con-
tent and expression
decisions.

Table 1: Highlighting similarities and differences between classical data-to-text pipeline systems like SumTime
for weather forecasts (Sripada, 2003) and a potential RAG application in an related domain (suggesting activities
appropriate for given weather conditions) highlighting differences between a classical pipeline application and a

RAG application.

best, namely producing fluent, coherent, grammati-
cally correct text conditioned on a structured input
context. However, as a probabilistic model, the
RAG pipeline accumulates different uncertainties
discussed earlier at each stage. Further, the contra-
diction of retrieved information with the learned
parametrised knowledge of the generator LLM is
an added risk (Longpre et al., 2021).

3.4 Implications for Evaluation

The pipeline decomposition reveals where RAG
can fail, and also informs how to detect those fail-
ures. We summarise evaluation criteria in RAG,
motivated by classic NLG stage-specific failures :

* Contextual faithfulness check at retrieval to
ensure appropriate content is available in
knowledge source .

* Conduct explicit retrieval performance evalu-
ations.
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* Test the sensitivity of how the document plan
is expressed and handled on the prompting
strategy. This must include stability of out-
put, output length and meaning preservation
(Schulhoff et al., 2024).

* Quantifying uncertainty in surface realisa-
tion due to the contradiction of retrieved con-
text and underlying LLLM training knowledge,
such as proposed in (Longpre et al., 2021).

* Granular error annotation addressing mi-
croplanning and surface errors, such as done
(Thomson and Reiter, 2020; Sundararajan
et al., 2025), that account for both lexical
choices and aggregation decisions.

4 Discussions and Conclusion

By showing the analogy of RAG to the classic data-
to-text pipeline, we illustrate that the architecture
constrains generative LLMs, in which the model is



implicitly responsible for all pipeline stages simul-
taneously and where hallucination and factual drift
are consequently most acute. As a surface realiser,
unlike classical surface realisers, which operate
on verified, structured linguistic representations,
we note that the LLLM generator lacks an intrinsic
mechanism to detect or reject factually inconsis-
tent, uncertain retrieved content. Faithfulness to the
retrieved context is therefore not guaranteed by the
architecture itself, but must be enforced through ad-
ditional evaluation. The classical NLG pipeline has
been applied across a wide range of data-to-text use
cases and input modalities, including time series
(Sripada et al., 2003), relational tables (Puduppully
et al., 2019) and semantic triples (Gardent et al.,
2017), which may call for additional steps of signal
analysis or data interpretation. In this work, we
abstract away from the input modality and focus
on the three core generative stages that directly
implicate the limitations of the RAG architecture.
We acknowledge that this analysis is primarily
conceptual in nature and that the analogies are
grounded in the literature rather than empirically
validated. Future quantitative work will need to
explore task-specific strategies for explicitly en-
coding classical NLG pipeline stages into RAG,
such as prompting-based approaches of few-shot or
chain-of-thought, and pipeline-informed retrieval
strategies. Our analysis suggests that the NLG
pipeline retains significance as a framework for un-
derstanding neural architecture, especially RAG,
and is a diagnostic tool to identify where it can fail.

Acknowledgments

We thank Ehud Reiter for insightful discussions
on the NLG pipeline and LLMs, which helped
sharpen the analysis presented here. We thank the
anonymous reviewers for their helpful comments,
which have improved our paper, and for their en-
couragement to expand this work in the future.
DMH was supported by CRUK grant EDDPJT-
May23/100001.

References

Tom Brown, Benjamin Mann, Nick Ryder, Melanie
Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda
Askell, and 1 others. 2020. Language models are
few-shot learners. Advances in Neural Information
Processing Systems (NeurlPS), 33:1877-1901.

Shahul Es, Jithin James, Luis Espinosa Anke, and

37

Steven Schockaert. 2024. Ragas: Automated evalu-
ation of retrieval augmented generation. In Proc. of
the 18th Conference of the European Chapter of the
Association for Computational Linguistics (EACL):
System Demonstrations, pages 150-158.

Claire Gardent, Anastasia Shimorina, Shashi Narayan,
and Laura Perez-Beltrachini. 2017. Creating training
corpora for NLG micro-planners. In Proc. of the 55th
Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 179—188,
Vancouver, Canada. Association for Computational
Linguistics.

Albert Gatt and Ehud Reiter. 2009. SimpleNLG: A
realisation engine for practical applications. In Proc.
of the 12th European Workshop on Natural Language
Generation (ENLG), pages 90-93, Athens, Greece.
Association for Computational Linguistics.

Michael Glass, Gaetano Rossiello, Md Faisal Mahbub
Chowdhury, Ankita Naik, Pengshan Cai, and Alfio
Gliozzo. 2022. Re2g: Retrieve, rerank, generate. In
Proc. of the 2022 Conference of the North American
Chapter of the Association for Computational Lin-
guistics: Human Language Technologies (NAACL-
HLT), pages 2701-2715.

Ziwei Ji, Nayeon Lee, Rita Frieske, Tiezheng Yu, Dan
Su, Yan Xu, Etsuko Ishii, Ye Jin Bang, Andrea
Madotto, and Pascale Fung. 2023. Survey of halluci-
nation in natural language generation. ACM Comput.
Surv., 55(12).

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio
Petroni, Vladimir Karpukhin, Naman Goyal, Hein-
rich Kiittler, Mike Lewis, Wen-tau Yih, Tim Rock-
taschel, and 1 others. 2020. Retrieval-augmented
generation for knowledge-intensive nlp tasks. Ad-
vances in Neural Information Processing Systems
(NeurIPS), 33:9459-9474.

Shayne Longpre, Kartik Perisetla, Anthony Chen,
Nikhil Ramesh, Chris DuBois, and Sameer Singh.
2021. Entity-based knowledge conflicts in ques-
tion answering. In Proc. of the 2021 Conference on
Empirical Methods in Natural Language Processing
(EMNLP), pages 7052-7063.

Frangois Portet, Ehud Reiter, Jim Hunter, and Somaya-
julu Sripada. 2007. Automatic generation of textual
summaries from neonatal intensive care data. In
Conference on Artificial Intelligence in Medicine in
Europe, pages 227-236. Springer.

Ratish Puduppully, Li Dong, and Mirella Lapata. 2019.
Data-to-text generation with content selection and
planning. In Proc. of the AAAI Conference on Artifi-
cial Intelligence, volume 33, pages 6908—6915.

Ehud Reiter. 2007. An architecture for data-to-text
systems. In Proc. of the 11th European Workshop
on Natural Language Generation (ENLG), pages 97—
104.


https://doi.org/10.18653/v1/P17-1017
https://doi.org/10.18653/v1/P17-1017
https://aclanthology.org/W09-0613/
https://aclanthology.org/W09-0613/
https://doi.org/10.1145/3571730
https://doi.org/10.1145/3571730

Ehud Reiter. 2025. Natural Language Generation.
Springer.

Ehud Reiter and Robert Dale. 1997. Building applied
natural language generation systems. Natural Lan-
guage Engineering, 3(1):57-87.

Sander Schulhoff, Michael Ilie, Nishant Balepur, Kon-
stantine Kahadze, Amanda Liu, Chenglei Si, Yinheng
Li, Aayush Gupta, HyoJung Han, Sevien Schulhoff,
and 1 others. 2024. The prompt report: A systematic
survey of prompt engineering techniques. Preprint,
arXiv:2406.06608.

Kurt Shuster, Spencer Poff, Moya Chen, Douwe Kiela,
and Jason Weston. 2021. Retrieval augmentation
reduces hallucination in conversation. In Findings
of the Association for Computational Linguistics:
EMNLP 2021, pages 3784-3803.

Somayajulu Sripada. 2003. SumTime-Mousam: Con-
figurable marine weather forecast generator. Expert
Update, 6(3):4-10.

Somayajulu Sripada, Ehud Reiter, Jim Hunter, and Jin
Yu. 2002. Sumtime-meteo: Parallel corpus of natu-
rally occurring forecast texts and weather data. Tech-
nical report, Computing Science Department, Uni-
versity of Aberdeen, Aberdeen, Scotland, Tech. Rep.
AUCS/TR0201.

Somayajulu G. Sripada, Ehud Reiter, Ian Davy, and
Kristian Nilssen. 2004. Lessons from deploying nlg
technology for marine weather forecast text genera-
tion. In Proc. of the 16th European Conference on
Artificial Intelligence, ECAI’04, page 760-764, NLD.
IOS Press.

Somayajulu G Sripada, Ehud Reiter, Jim Hunter, and
Jin Yu. 2003. Generating english summaries of time
series data using the gricean maxims. In Proc. of
the ninth ACM SIGKDD international conference on
Knowledge discovery and data mining, pages 187—
196.

Barkavi Sundararajan, Somayajulu Sripada, and Ehud
Reiter. 2025. Input matters: Evaluating input struc-
ture’s impact on LLM summaries of sports play-by-
play. In Proc. of the 18th International Natural
Language Generation Conference, pages 795-809,
Hanoi, Vietnam. Association for Computational Lin-
guistics.

Ilya Sutskever, Oriol Vinyals, and Quoc V Le. 2014.
Sequence to sequence learning with neural networks.
Advances in Neural Information Processing Systems
(NeurlPS), 217.

Craig Thomson and Ehud Reiter. 2020. A gold standard
methodology for evaluating accuracy in data-to-text
systems. In Proc. of the 13th International Confer-
ence on Natural Language Generation (INLG), pages
158-168, Dublin, Ireland. Association for Computa-
tional Linguistics.

38

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, Lukasz
Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. Advances in Neural Information Process-
ing Systems (NeurlPS), 30.


https://aclanthology.org/2025.inlg-main.46/
https://aclanthology.org/2025.inlg-main.46/
https://aclanthology.org/2025.inlg-main.46/
https://doi.org/10.18653/v1/2020.inlg-1.22
https://doi.org/10.18653/v1/2020.inlg-1.22
https://doi.org/10.18653/v1/2020.inlg-1.22

A Comparative Evaluation of End-to-End and Pipeline Approaches for

Summarisation
Fahime Same Saad Mahamood Srinivas Ramesh Kamath
trivago N.V. Shopware trivago N.V.

fahimeh.same@gmail.com

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
LILM-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
etal., 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
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39

srinik352@gmail.com

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.!

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; Dusek and Jurcicek, 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

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


https://github.com/fsame/book_summarization_e2e_pipeline.git
https://github.com/fsame/book_summarization_e2e_pipeline.git

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.
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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: RQS: Does the effect of architecture vary
across LLLM families? We hypothesise that HS:
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: OpenAl (gpt-oss-20b and gpt-oss-120b;



OpenAl 2025b), Meta (1lama-3.1-8b and
1lama-3.1-70b; Grattafiori et al. 2024), and Qwen
(gqwen-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-0OSS 20bn
GPT-0OSS 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
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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 (OpenAl, 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
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source text (§5.3.2).

5.3.1 Preference Judgments Evaluation

For the LL.M-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),



N (dec.) E2E win rate 95% Crl

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% Crl
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
(RQI1, 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)?,
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% Crl
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.
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a95% Crl 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 1.81x more likely at the tail level than at
the relation level (3 = 0.59, SE = 0.09, z = 6.52,
p < 10710). 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 HS, 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 x 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



Criterion-level breakdown: pair composition and verdict drivers
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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 x-9 x ; 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)’, 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 x divergence-type table confirms that the two
architectures produce significantly different distri-
butions of error types (x?(3) = 18.58, p < .001).
The gap is small but consistent, and it is entirely
driven by hallucination: E2E outputs are 1.36x
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.

45

Faithful Hallucination  Contradiction

E2E Pipe E2E Pipe E2E Pipe
Overall 73.8 774" 13.9 10.1** 105 11.0
Relation 69.7 75.6"** 17.0 11.6™* 11.0 11.0
Tail 87.0 853 4.0 34 87 108

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
x 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%).



Faithfulness rate by model size within each family

Model size
mam Small
mmm Large

90.1%
s1.4% I

80 77.8% 76.8%

Qwen 3

71.7%

63.2%

60
40
20

0

GPT-0SS

Faithfulness rate (%)

Llama 3.1

Figure 3: Faithful rate by model size within each family.
GPT-0OSS 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-
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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.



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-0SS, 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
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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.
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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 Rationale (shortened)
Factors

Type: relation PIPE: Like other E2E:Preceded by ‘A B (E2E) informativeness, B names a specific prior work
Comparison: Greene novels, Heart ~ Burnt Out Case,’ saliency and highlights salient themes
Architecture of the Matter follows  sharing Greene’s that help a reader decide. A is
Book: The Heart of  settings in foreign focus on moral too vague.
the Matter times and places. ambiguity and
Theme: colonial tensions.
previousWork
Type: relation Small: Author Jon Large: Jon Krakauer B (large) theme_adherence, B addresses the author theme
Comparison: Size  Krakauer examines is a gifted writer, informative- directly. A describes book
Book: Under the the connection known for his ness content but says nothing about
Banner of Heaven between religion and  meticulous research the author.
Theme: author violence in his book.  and engaging

storytelling.
Type: tail E2E: Provides an PIPE: Crichton knows B (pipe.) informativeness, B gives specific stylistic
Comparison: early glimpse into how to build suspense saliency details (suspense, character
architecture Crichton’s writing and develop development); A is more
Book: The Terminal style and his ability to characters, making the generic.
Man craft engaging stories. reader invested in the
Theme: Michael outcome.
Crichton
Type: tail Large: Originally Small: Published as a A (large) informativeness A names the specific

Comparison: size
Book: Espresso
Tales

Theme: serial
publication

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

serial novel, with

short chapters that
mirror the original
newspaper format.

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).

50



Metadata Highlight Div. Sev. Rationale

Level: relation Fans can expect a high-octane both 5.0 The highlight claims the film

Size: large movie version, packed with adaptation is action-packed and

Sys.: pipeline nonstop action, drama, and delivers the novel’s spirit. The

Book: Sphere tension, delivering the novel’s source does not support the

Theme: adventurous spirit to the ‘nonstop action’ claim, and

subsequentWork screen. 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 First installment of a critically both 6.0 The highlight incorrectly identifies

Size: small
Sys.: e2e

Book: Tatiana and

Alexander
Theme: nan

acclaimed trilogy, setting the
stage for the next two novels.

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 (4x—9x) and context windows (32K vs. 128K) are not matched across families.
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Abstract

Natural Language Processing has long been
used in customer support to automate and aug-
ment human agents. Despite its long-standing
use and clear practical relevance, most scien-
tific evaluations rely on intrinsic evaluations
and metrics such as accuracy or Fl-score. In
this paper, we argue that such evaluations often
fail to reflect real-world system impact. We
present a case study of an NLP system for
email-based customer support evaluated both
intrinsically and extrinsically via a before-and-
after study in deployment. While the system
achieves strong intrinsic performance, we ob-
serve no measurable improvement in key oper-
ational metrics such as average handle time per
email. These results highlight a mismatch be-
tween benchmark performance and real-world
effectiveness, supporting calls for more system-
atic extrinsic evaluation of NLP systems.

1 Introduction

Natural Language Processing (NLP) has been suc-
cessfully applied in customer support for decades,
to automate and augment the work of customer
support representatives. Early systems focused on
rule-based dialogue management and information
retrieval, while more recent approaches leverage
machine learning and large language models to
enable tasks such as intent detection, automated
response generation, ticket routing, and conversa-
tional assistance (see Section 2). Across these de-
velopments, the overarching goal has remained con-
sistent: to improve efficiency, reduce operational
costs, and enhance customer experience.

Despite this long-standing application and clear
practical relevance, the scientific evaluation of NLP
in customer support has been predominantly fo-
cused on intrinsic evaluation. Systems are regu-
larly assessed based on measures such as accuracy
and F1-score on narrow tasks. (Jones and Gal-
liers, 1995) While such metrics provide insights
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into model performance on these isolated tasks,
they often fail to capture the broader, real-world
impact of these systems once deployed.

This limitation is not specific to customer sup-
port but reflects a broader issue in NLP research.
In We Should Evaluate Real-World Impact, Reiter
(2025) highlights the lack of extrinsic, real-world
evaluation across the field and calls for a shift in
evaluation practices. He argues that, if NLP sys-
tems are intended to be deployed and provide tangi-
ble benefits, it is essential to assess their impact on
real-world key performance indicators (KPIs) un-
der production conditions, because intrinsic metrics
alone are insufficient proxies for practical success.

In this paper, we present a case study of a real-
world NLP system for email-based customer sup-
port evaluated both intrinsically on annotated test
data and extrinsically in deployment using a before-
and-after study. While the system achieves strong
intrinsic performance (accuracy 0.85 - 0.90), these
results do not translate into improvements in KPIs
such as average handle time per email. This discrep-
ancy illustrates that intrinsic evaluation not only
provides an incomplete picture of system perfor-
mance, but can in some cases be a poor predictor
of real-world impact altogether. The findings re-
inforce the need to complement traditional bench-
marks with evaluations grounded in practical out-
comes, supporting the broader call by Reiter (2025)
to also assess the real-world effectiveness of NLP
systems.

2 Related Work

NLP has long been applied to customer support
for email handling, helpdesk systems, and con-
versational agents. Early work focused on text
classification and information retrieval for support
requests, such as automated email categorization
(Cohen et al., 2004; Carvalho and Cohen, 2006)
and helpdesk call routing (Garfield and Wermter,

Proceedings of the 1st Symposium on Natural Language Generation Evaluations, pages 53—-62
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2002). These systems are typically evaluated using
intrinsic metrics such as accuracy, precision, recall,
and F1-score on annotated datasets.

More recent approaches leverage neural models
and large-scale datasets. For example, Kannan et al.
(2016) introduce Smart Reply, a system for auto-
mated email response suggestion, mainly evaluated
using prediction accuracy and ranking metrics, de-
spite the fact that the system was actually deployed.

Similarly, modern conversational systems (Xu
et al.,, 2017; Hardalov et al., 2018; Farea and
Emmert-Streib, 2025; Farnaz and Huyck, 2026)
are commonly assessed using benchmark datasets
and automatic metrics such as BLEU, dialogue
state tracking accuracy, or response selection accu-
racy. While these evaluations enable comparison
across models, they remain largely detached from
real-world usage conditions.

A smaller body of work considers extrinsic eval-
uation in deployed environments. Jain et al. (2018),
for example, analyzed aspects like the total interac-
tion time in actual conversations of a chatbot or the
count of messages, as well as asking users directly
about their satisfaction. Kagan et al. (2025) mea-
sure the KPI of chatbot uptake in a context where
users can choose between talking to a human cus-
tomer support representative or a chatbot in a series
of A/B tests. Our work adds to this line of research
by focusing on the comparison of intrinsic and
extrinsic evaluation outcomes, demonstrating that
strong intrinsic performance does not necessarily
translate into measurable real-world improvements.

3 Business Context

The case study was conducted at a company that
brokers and manages energy contracts for con-

sumers. The revenue of the company is gener-
ated through commissions for brokered contracts.
Therefore, customer support is one of the most im-
portant aspects of the business. Due to rapid growth
of the company, the service department was strug-
gling to keep up with demand. At the beginning
of the collaboration, the customer support of the
company received up to 1200 emails per day.

Because the existing software used for handling
the emails was based on legacy technology, the
company wanted to introduce a new software and
in this process also introduce new automation and
support features in order to reduce the time that em-
ployees spend answering an individual email and
reduce the waiting time for customers, particularly
for urgent request. We scientifically accompanied
the deployment and evaluation of the system.

Through a series of interviews with the head and
the deputy-head of the customer service department
existing workflow was discovered and formalized.
As shown in Figure 1, the customer support mainly
relies on two systems in their workflow: a webmail
client and a lead system. The webmail client is a
simple mail client that is connected to the support
email address of the company. Employees log into
the system, pick an email, assign themselves to the
email, and then take the necessary steps based on
the content. The lead system is a CRM system that
contains all customer data and information about
existing contracts. One noteworthy specificity of
the described workflow is that answer templates ex-
ist, however they are stored in the lead system and
have to be copied manually from the lead system
to the webmail client.

In the interviews, five main customer service
workflows were identified based on the topic of
incoming emails: data changes (e.g. updates to ad-
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Feature name NLP Product Class Acc. Prec. Rec. F1  Supp.
Integrate lead data X Bonus 0975 0.875 0.636 0.737 11
Integrate lead actions Cancellation 0.938 0.500 0.462 0.480 13
Integrate response templates X Data Change 0.867 0.826 0.422 0.559 45
Topic classification X X Other 0.768 0.751 0.899 0.818 148
Lead data augmentation X X Revocation 0951 0.864 0.731 0.792 26
Response template suggestion X X Status 0.947 0.647 0.688 0.667 16
Prioritization X X Total 0.901 0.753 0.753 0.753 259
Automatic assignment
Outlook link for provider contact X Table 2: Topic Classification Performance
Sentiment detection
]ﬁzzitf;ﬁgggts ))2 Class Acc. Prec. Rec. F1  Supp.
Advanced filtering Low 0.855 0.882 0.681 0.769 373
Normal 0.833 0.751 0.798 0.774 386
Table 1: Implemented (NLP) features in the final soft- ;I(l)tgéﬂ 8223 8;23 8323 8%8 1?3;

ware

dress information or electricity meter readings), re-
vocations of newly signed contracts, bonus-related
inquiries (e.g. contractual bonus payments), sta-
tus requests regarding ongoing orders, and con-
tract cancellations. An analysis of 1,300 consec-
utively received emails showed that these topics
covered 56% of the incoming mails. Among the
other emails, no other frequently (i.e. more than 10
emails) reoccurring topics could be identified.

4 System Design

Through the interview process, 13 new features
were identified that could be added to the new sys-
tem in order to improve operations in the customer
service department. Table 1 shows an overview of
the features and the nine features that ended up in
the final product. Of those features, four are based
on NLP models, on which we fill focus. These fea-
tures are: topic classification of incoming emails
according to the categories described in Section 3,
linking emails to the lead database (e.g. via contract
or customer ID), automatic selection of response
templates, and prioritization of requests based on
their urgency.

After several rounds of pre-experimentation
within the company, a decision was made to use
a rather simple combination of Tf-idf encoding of
incoming emails and their subjects together with a
Stochastic Gradient Descent classifier for both the
topic and priority classification. For the lead data
augmentation, a rule-based system was developed
that extracts information like customer IDs, order
IDs, invoice numbers, and addresses from incom-
ing emails and matches them against the existing
lead data, which will then be displayed in the mail
system. Finally, the suggestion of the response
templates is based on the identified topics.
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Table 3: Priority Classification Performance

5 Intrinsic Evaluation

For the intrinsic evaluation of the developed
NLP features, a standard evaluation approach was
adopted in which real customer emails were anno-
tated by employees, and the models were subse-
quently evaluated against this annotated data using
standard metrics such as accuracy, precision, recall,
and F1-score.

5.1 Topic Classification

For the topic classification, a total of 1,295 emails
were manually annotated with their respective topic.
In addition to the five classes described in Section 3,
a sixth class “other”” was introduced for all emails
that do not fit in any of the classes. 80% of the set
was used for training and 20% for testing. The re-
sult of the intrinsic evaluation are shown in Table 2,
a Table with a confusion matrix can be found in the
appendix. Overall, the simple approach performed
well in the intrinsic evaluation with an overall ac-
curacy of 0.901.

5.2 Priority Classification

Similarly, for the priority classification, a data set
of 5,707 was annotated with three priority classes:
low, normal, and high. The set was again split into
80% training and 20% test. The results are shown
in Table 2. With an overall accuracy of 0.849, the
intrinsic evaluation again revealed good results.

5.3 Information Extraction

Finally, since the information extraction is per-
formed in a rule-based fashion, no training data
was needed. Therefore, only a test set, consisting
of 107 emails with 254 items of relevant informa-
tion to be extracted was annotated. The result of



Label Prec. Rec. F1  Support
Invoice Nr 1.00 1.00 1.00 1
City 1.00 090 0.95 21
Contract Nr  0.33 050 040 2
Date 091 0.77 0.3 39
Meter Nr 1.00 056 0.71 9
Money 1.00  0.65 0.79 23
Order Nr 1.00  1.00 1.00 4
Person 094 0.87 0.90 102
ZIP 1.00 092 0.96 12
Time 1.00 050 0.67 4
Vendor 097 085 091 37
Total 095 0.82 0.88 254

Table 4: Information Extraction Performance

the intrinsic evaluation is shown in Table 4.

6 Extrinsic Evaluation

The goal of the extrinsic evaluation was to assess
whether the introduced NLP features had an impact
on day-to-day operations in the customer support
department. We considered two KPIs: average han-
dle time per email, i.e. the time required to respond
to an email, and first contact time for high-priority
emails, i.e. the time until a customer receives an
initial response.

Since the NLP features were introduced together
with a new email client, the evaluation was con-
ducted as a before-and-after study in four phases,
with an initial eight-week adaptation phase in
which employees familiarized themselves with the
tool. The introduction of both a new tool and the
NLP features could limit the conclusions that can
be drawn from a before-and-after study, therefore
the generous familirization phase was added.

1. Phase 1: Introduction of the new webmail

client (8 weeks)

Phase 2: Baseline period without NLP fea-
tures (10 days)

Phase 3: Evaluation period with NLP features
(10 days)

Phase 4: Post-evaluation without NLP fea-
tures (10 days)

The fourth phase was introduced because during
phase 3 we saw a spike in customer requests com-
pared to phase 2 and we wanted to make sure that
effects that we measure between the two phases are
not caused by the increased number of requests.

To compute the KPIs, the webmail client was
instrumented with logging functionality during
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phases 2 to 4. The system recorded: when an
email was opened, when an email was marked as
solved, when a reply was sent, when and which
response template was used. In addition, it was
logged whether employees modified the automati-
cally assigned topic and priority labels.

6.1 Observations

An average of 486 per Day were opened during
Phase 2, 546 during Phase 3 and 677 during Phase
4. In the same period 8,011 emails were sent
through the system. Of these replies, 53.84% did
not use any of the templates. The increase in email
volume between phases could potentially influence
processing times. Therefore, as mentioned above,
the fourth phase was introduced, so that the mail
client without NLP features was used during both
a low- and a high-load period.

6.2 Correction of System Predictions

During phase 3, in which the NLP features were
activated, more than 10,000 emails were received.
For 8,998 emails, the automatically assigned pri-
ority was confirmed and for 1,591 it was changed,
implying an accuracy of 0.85, which confirms the
findings of the intrinsic evaluation. The topic clas-
sification was changed 1,545 times and was con-
firmed 9,321 times, leading to an accuracy of 0.86,
which is slightly lower than the result in the intrin-
sic evaluation, however still on a level that would
be considered acceptable.!

6.3 Average Handle Time

The average handling time was:
* 3m 19s in phase 2,
* 2m 39s in phase 3, and
* 2m 25s in phase 4.

On a per-user level, we observe substantial vari-
ation: some employees remain consistently fast or
slow across all phases, while others vary strongly
over time. As noted earlier, the email volume in-
creased during the evaluation period, and we ob-
served a negative correlation between workload
and handling time, i.e. higher workload is asso-
ciated with faster responses. Overall, there is no
clear evidence that the NLP features had an effect
on average handling time.

'For some emails one or both predictions were neither
actively confirmed nor changed.



Question

Avg. Agreement

Feature-related

I can orient myself more quickly within an email when a topic has been assigned.
I generally use the suggested response template when replying to an email.
I can understand why a particular response template was suggested.

I generally trust the suggested response template.
Comparative

I see more disadvantages than advantages in the topic recognition feature.

I see more disadvantages than advantages in the priority recognition feature.
I am more productive with Webmail-B than with Webmail-A.

I enjoy working with Webmail-A more than with Webmail-B.

0.26
0.32
1.16

0

-0.63
-0.89
-0.05

0.32

Table 5: Average agreement to statements from strongly disagree (-2) to strongly agree (2)

6.4 First Contact Time

Finally, the first contact time for high priority
emails was reduced in the phase with the NLP fea-
tures by 11% (from 293 minutes to 260 minutes).
Given that the average handle time was not reduced,
that meant on the other hand that the first contact
time for low priority emails increased, namely from
300 minutes to 491 minutes on average.

7 Survey

After the extrinsic evaluation was concluded, the
19 participating employees received a survey. The
survey contained a System Usability Scale (SUS,
Vlachogianni and Tselios (2022)) for the client
with NLP features (internally named Webmail-A),
some questions about specific features, as well as
some specific question about the version without
NLP features (internally named Webmail-B), and
some comparative questions like “With Webmail-B
I am more productive than with Webmail-A”. The
whole survey can be found in Appendix A.

With a SUS score of 70, the NLP-enabled client
is slightly above the commonly reported average
SUS score of around 68 (Vlachogianni and Tse-
lios, 2022). Given the nature of the SUS items,
this result is likely influenced more by the user in-
terface of the newly introduced client than by the
underlying NLP features.

While none of the feature-related questions, and
thereby the underlying features, were rated nega-
tively, the results indicate only a slightly positive
attitude overall (see Table 5). In the comparative
question, a stronger signal emerges that the version
with NLP features is perceived as overall more
helpful and more enjoyable to work with.

Therefore, it is not surprising that, when asked
directly, a majority of 59% would prefer to use the
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new webmail client with NLP features in the future.
Only 11% would prefer the new client without NLP
features. The remaining 30% would prefer the
legacy system.

8 Conclusion

The results of both evaluations show that, despite
the fact that NLP features were successfully fulfill-
ing the tasks they were designed to do, the impact
on the KPIs was limited, specifically with regard
to the most important KPI, the time that is needed
to work on customer requests.

There are plenty of potential reasons that can
be identified. For example, more than half of all
incoming emails fall in the topic category “other”,
severely limiting the potential impact the topic clas-
sification can have, even when working perfectly.
This is a fact that was already clear during the de-
sign phase, but would have also been highlighted
by a purely intrinsic evaluation. Similarly, less than
half of the email replies are based on one of the
existing template, limiting the potential advantage
that the automatic selection of said templates can
have.

Nevertheless, had the system been helpful for the
remaining half of the emails, as suggested by the
intrinsic evaluation, an improvement in the KPIs
would still be expected. We believe that this case
study illustrates the need for extrinsic evaluations
of NLP systems in addition to intrinsic evaluations,
as purely intrinsic evaluations are not necessarily
good predictors of real-world impact. This is be-
cause they do not account for the practical rele-
vance of the selected tasks (e.g., topic classification
in this case) within the overall real-world process.



Limitations

This study has several limitations that should be
considered when interpreting the results:

* The before-and-after design is susceptible to
confounding factors. In particular, changes
in workload. Although we reacted to the in-
crease in workload, there was no comparison
possible between two phases with the exact
same amount of workload.

The introduction of the NLP features was
linked to the introduction of a new webmail
client. This introduces additional confounds
that may affect user behavior independently of
the NLP functionality. We tried to minimize
such effects by introducing an eight week pe-
riod for the employees to familiarise them-
selves with the new system.

The evaluation focuses on just two KPIs,
namely average handle time and first contact
time. While these are important indicators of
efficiency, they do not capture other relevant
dimensions such as customer satisfaction and
response quality.

Finally, the NLP techniques used in this sys-
tem are relatively simple. However, despite
their simplicity, the techniques proved suffi-
ciently effective in the intrinsic evaluation.
Optimizing model architectures or achiev-
ing state-of-the-art performance on individ-
ual tasks was not the goal of this study, but
comparing the results of intrinsic and extrinsic
evaluation.
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A Survey

A.1 Webmail-A

This section concerns only the current version, Webmail-A.

1.

10.

I think that I would like to use the system frequently.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O O O O O

I found the system unnecessarily complex.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O O O O O

I found the system easy to use.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O O O O O

I think that I would need the support of a technically skilled person to use the system.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O 0 O O O

. I found the various functions in this system to be well integrated.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O O O O O

I think there was too much inconsistency in the system.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O (] O O O

I imagine that most people would learn to use this system very quickly.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O O 0 0 0

. I found the system very cumbersome to use.

Strongly Agree Agree Neutral Disagree Strongly Disagree
0 O 0 g 0

I felt very confident using the system.

Strongly Agree Agree Neutral Disagree Strongly Disagree
g O 0 0 0

I needed to learn a lot before I could get going with the system.

Strongly Agree Agree Neutral Disagree Strongly Disagree
g O g g 0
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11. On a scale from 0 to 10, how accurate is the content recognition for priority?
(10 = very accurate, 0 = very inaccurate)

12. On a scale from 0 to 10, how accurate is the content recognition for fopic?
(10 = very accurate, 0 = very inaccurate)

13. How easy is it for you to read an email in Webmail-A?

Very Difficult Very Easy
0 O 0o o o od (|

14. How easy is it for you to reply to an email in Webmail-A?

Very Difficult Very Easy
g O 0o o o d (]

A.1.1 If the Topic of an Email Was Correctly Recognized
1. I can orient myself more quickly within an email when a topic has been assigned.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O O O O O

2. 1 generally use the suggested response template when replying to an email.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O O O O O

3. I can understand why a particular response template was suggested.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O O O O O

4. I generally trust the suggested response template.

Strongly Agree Agree Neutral Disagree Strongly Disagree
0 O 0 0 0

A.1.2 If the Topic of an Email Was Incorrectly Recognized

1. Tlose time because I expect a different context.

Strongly Agree Agree Neutral Disagree Strongly Disagree
O (] O O O

2. T'lose time because I manually correct the incorrect topic.

Strongly Agree Agree Neutral Disagree Strongly Disagree
0 O g g 0

3. The consequently incorrect response template does not affect the time required to compose a reply.

Strongly Agree Agree Neutral Disagree Strongly Disagree
g O g g 0

60



A.2 Webmail-B

This section concerns only Webmail-B.

1. How easy is it for you to read an email in Webmail-B?

Very Difficult Very Easy
0 O 0o o o d (|

2. How easy is it for you to reply to an email in Webmail-B?

Very Difficult Very Easy
g O 0o o o od (]

A.3 Final Questions

1. T am more productive with Webmail-B than with Webmail-A.

Strongly Agree Agree Neutral Disagree Strongly Disagree

U (] U U U

2. I enjoy working with Webmail-A more than with Webmail-B.

Strongly Agree Agree Neutral Disagree Strongly Disagree

g (] g g 0

3. If you had to choose, which webmail variant would you prefer?

o Webmail-A
o Webmail-B
o The previous version

4. T see more disadvantages than advantages in the topic recognition feature.

Strongly Agree Agree Neutral Disagree Strongly Disagree

O (] O O O

5. Same question, assuming the recognition accuracy were higher.

Strongly Agree Agree Neutral Disagree Strongly Disagree

g (] g g g

6. I see more disadvantages than advantages in the priority recognition feature.

Strongly Agree Agree Neutral Disagree Strongly Disagree

O (] O O O

7. Same question, assuming the recognition accuracy were higher.

Strongly Agree Agree Neutral Disagree Strongly Disagree

O (] U O U

8. Which functions would you keep activated in Webmail-A?

0 Priority column in the folder view
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U] Topic column in the folder view

[J Automatic selection of a response template

(] Color highlighting of relevant lead data

0] Direct provider contact through the Outlook button

9. How often do you use the webmail system?

o Continuously
o A few times per day
o A few times per week
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Abstract

Human evaluation (HE) remains the gold stan-
dard for assessing natural language genera-
tion (NLG) systems, yet automatic metrics are
cheaper and faster, creating mounting pressure
to skip it. We ask how evaluation practices
have changed as NLG research scales. We
analyse 24,291 papers from the ACL Anthol-
ogy (1952-2025) through regular-expression-
powered keyword analysis. Before 1990, the
majority of NLG papers reported no evalua-
tion at all; today, evaluation is near-universal
and HE has held broadly stable over the past
decade, despite the rapid emergence of large
language model (LLM) judges (referred to as
LLM-as-a-judge) since 2023. However, while
LLM judges currently serve predominantly as
a complement rather than a full substitute for
human evaluation, a substantial share of papers
already use them without any human validation.
Faithfulness has become the fastest-rising eval-
uation criterion since 2020, coming back into
fashion after almost 15 years of decline, track-
ing the prominence of hallucination research,
while criteria such as grammaticality and flu-
ency are receding, suggesting these qualities
may increasingly be taken for granted as model
outputs improve. Our findings provide a lon-
gitudinal baseline for tracking where the field
stands.

1 Introduction

The ACL Anthology! now comprises over 120,000
papers and keeps growing at an unprecedented
rate. Amid this pressure for volume, evaluation,
which is the primary mechanism to certify the
field’s progress, risks becoming a formality rather
than a guarantee. This has led to researchers us-
ing a plethora of automatic metrics inappropriately
(Schmidtova et al., 2024), while at the same time
human evaluations remain a fraction of conducted

"https://aclanthology.org/
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evaluations and struggle with methodological short-
comings (Howcroft et al., 2020; van der Lee et al.,
2021). With the ever increasing number of new
large language models (LLMs) and the prevalence
of using LLMs to evaluate generated text, the in-
centive to reach for automatic approaches to eval-
uation has never been stronger (Gehrmann et al.,
2023). Crucially, model development and itera-
tive optimization generally require cheap, scalable
automatic metrics for rapid feedback in the devel-
opment loop, since conducting human evaluations
at each iteration is logistically and financially im-
practical. Automatic metrics are thus a structural
necessity in modern NLG engineering, even if hu-
man evaluation through the use of task-based eval-
uations remains the ultimate arbiter of quality.

Yet the field has navigated similar tensions be-
fore. Debates over the adequacy of BLEU (Pap-
ineni et al., 2002) for machine translation (Freitag
et al., 2022; Reiter, 2018), the broader question of
metric validity in NLG (Stent et al., 2005; Belz
and Reiter, 2006; Reiter and Belz, 2009; Novikova
et al., 2017), and the gradual consensus around
structured evaluation protocols such as Direct As-
sessment and MQM (Freitag et al., 2022; Belz et al.,
2020) all point to a community that periodically
pauses, reflects, and self-corrects. This work of-
fers such reflection through a quantitative analysis
of evaluation trends across seven decades of the
ACL Anthology. Our perspective is informed by a
long line of work arguing that evaluation in NLG
must be taken more seriously — from early calls
for human-centred and realistic assessment (Reiter
and Belz, 2009; Reiter, 2011) to recent evidence
that the community still devotes vanishingly little
attention on real-world impact evaluations (Reiter,
2025).

We use a corpus of 24,291 NLG system papers
from the ACL Anthology (1952-2025) to exam-

2See Section 4 for details on data availability.
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ine: (1) how human evaluation (HE) prevalence
and annotation methodology have evolved across
venues and years; (2) whether LLM-as-a-judge is
displacing human evaluation; (3) which evaluation
criteria have risen, faded, or returned after periods
of absence; (4) how the balance between automatic,
human, and LLM-judge evaluation has shifted; (5)
whether evaluation practices differ systematically
by NLG task; or (6) which evaluation methodolo-
gies were popular.

2 Methodology

We construct a large-scale analysis pipeline over
a corpus of NLP research papers, using keyword-
based signal detection over available paper text
(title/abstract and, where available, full text). An
LLM-based extraction experiment proved insuf-
ficiently reliable at scale and is reported only in
Appendix A. Our regular expressions prioritise pre-
cision; pattern details are listed in Appendix A.

2.1 Corpus Assembly

For papers published up to and partially includ-
ing 2022, we use the ACL Anthology Open Re-
search Corpus (ACL-OCL; Rohatgi et al., 2022),3
comprising approximately 70,587 full-text articles
across 215 venues. For 2022 onwards, we sup-
plement with our own crawl of the ACL Anthol-
ogy, restricted to nine core venues (ACL, EMNLP,
NAACL, EACL, AACL, IJCNLP, INLG, TACL,
CL) due to the cost of large-scale PDF process-
ing.* After deduplication, the combined corpus
comprises 85,792 papers (1952-2025).

2.2 Paper Filtering

We apply a cascaded filter to retain papers that
(a) are not meta-papers (surveys, tutorials, proceed-
ings prefaces), (b) perform a generative NLP task
such as MT, summarisation, dialogue, data-to-text,
or question generation, matched against the full text
of the paper, and (c) contain at least one mention
of evaluation in the full text. Evaluation signals fall
into three categories: human evaluation (mentions
of human/manual evaluation, annotation studies,
crowdsourcing, named protocols such as Direct As-
sessment and MQM); automatic evaluation (e.g.,
BLEU, ROUGE, BERTScore, COMET); and LLM-
as-a-judge (mentions of situations an LLM evalu-

Shttps://huggingface.co/datasets/ACL-0CL/
ACL-0CL-Corpus

“This venue asymmetry means that post-2022 comparisons
involving smaller venues should be interpreted with caution.
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ates system outputs). This procedure yields a final
analysis corpus of 24,291 papers (see Table 1 in
the Appendix).

2.3 Analysis

All analyses are conducted at the paper level, with
year and venue as primary grouping variables and
task type as a secondary variable. Evaluation cri-
teria are detected via keyword matching over full
paper text using patterns derived from the taxon-
omy proposed by Howcroft et al. (2020).

3 Results

Human evaluation prevalence and trajectory.
Human evaluation has been remarkably stable over
the past decade: the proportion of NLG papers
reporting at least one human evaluation has fluctu-
ated between 34% and 42% every year since 2018,
with no sustained decline despite the growing avail-
ability of automatic metrics and LLM judges. In
absolute terms, the number of human-evaluated pa-
pers has grown substantially — from around 550
per year in 2018-2019 to over 650 in 2025 — but
this tracks the overall growth of the field rather
than a shift in evaluation culture. A logistic regres-
sion over the recent decade (2015-2025) confirms
the absence of any statistically significant trend in
the proportion of papers using human evaluation
(B = 0.0023,p = 0.69), statistically validating
this stability. The proportion of papers at core, gen-
eral NLP venues closely mirrors the corpus-wide
trend, though specialised generation venues such as
the International Conference on Natural Language
Generation (INLG) show consistently higher hu-
man evaluation rates: 53.1% overall, compared to
36.0% in core NLP venues (see Appendix B).

LLM-as-a-judge adoption. The adoption of
LLM-as-a-judge has grown exponentially since
2022 (Bavaresco et al., 2025): 109 papers in 2024
and 224 in 2025, compared to 19 in 2023 and zero
before. This rapid growth is highly statistically
significant under logistic regression over 2020—
2025 (8 = 0.9523,p = 4.25 x 10776, odds ratio
V9523 ~ 2 59 per year). Earlier papers generally
used either custom-finetuned encoder-only models,
such as RoBERTa (Liu et al., 2019), for classifica-
tion, or GPT-2 (Radford et al., 2019) to measure
perplexity. Among papers using an instruction-
tuned LLM judge, 61.4% report human evaluation
as well, and 86.2% of these also explicitly mention
validation or manual checking of the LLM outputs.
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This strong baseline suggests that LLM judges are
currently viewed predominantly as complements
to human evaluation rather than full substitutes.
However, it also means that 38.6% of papers em-
ploying an LLM judge do so without any reported
human evaluation, a share that bears watching as
the paradigm matures. Adoption rates vary across
tasks, with newer or long-form generation tasks
showing the highest prevalence: story generation
leads with 9.0% of its papers adopting LLM judges
(9 papers), followed by code generation at 8.3% (15
papers), data-to-text at 3.2% (14 papers), and ques-
tion generation at 3.1% (11 papers). In contrast,
established tasks with massive historical paper vol-
umes show much lower adoption rates, such as ma-
chine translation at 0.5% (51 papers), paraphrase
generation at 1.4% (14 papers), and summarization
at 2.2% (46 papers).

Human evaluation criteria. We detect evalua-
tion criteria via keyword matching over full pa-
per text using category names from the Howcroft
et al. (2020) taxonomy, counting each criterion at
most once per paper. As Howcroft et al. (2020)
emphasise, the same term can carry different mean-
ings across papers; our counts thus reflect termi-
nology adoption rather than consistent operational-
isation. Among 8,894 human-evaluation papers,
fluency (22.5%), relevance (21.6%), and coher-
ence (16.6%) are the most common. The appar-
ent frequency of “accuracy” (52.8% of papers) is
likely an artifact: the term is used loosely across
many NLG papers to describe model performance
broadly, exemplifying the terminological confusion
highlighted by Howcroft et al. (2020). We retain it
in Figure 1 but caution against interpreting its trend
as reflecting deliberate evaluation design.

Figure 1 reveals genuinely cyclical patterns.
Faithfulness (Maynez et al., 2020) follows a U-
shaped trajectory: used in early NLG and MT eval-
uation, largely absent through the 2010s as auto-
matic metrics displaced human assessment, and
now rising sharply from 1.7% of HE papers in 2015
t0 29.8% in 2025 (5 = 0.3329,p = 2.39 x 10~
under logistic regression over 2015-2025), driven
by hallucination research (Schmidtova et al., 2025).
Adequacy and grammaticality are on a declining
arc, while relevance, consistency, and coherence
show cyclical recoveries.

Evaluation modality mix. Automatic-only eval-
uation is by far the most common modality (57.8%)
and has grown as a share of the corpus over time.
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Before 2000 — and largely before BLEU (Papineni
et al., 2002) — automatic-only evaluation accounted
for roughly 30-55% of papers per period, with
human-only evaluation reaching 10-22%; by 2020-
2025, automatic-only has stabilised around 55%
while human-only has fallen to 2—-3%, and com-
bined human-and-automatic evaluation has risen
from under 10% to over 30%. The near-absence
of human-only evaluation today indicates that au-
tomatic metrics have become a de facto prerequi-
site: even papers that invest in human judgement
almost always report automatic scores alongside
them. LLM-judge-only papers remain a small frac-
tion but are growing rapidly, rising from near-zero
in the 2020 period to 5.5% of papers using an LLM
judge without any human evaluation in 2025. Of
those, roughly a half use API-only models from
OpenAl, which so far seem to outperform open-
weight models in correlation with human judge-
ment (Huang et al., 2025); however, they raise
questions about the reproducibility of such evalua-
tions (Schroeder and Wood-Doughty, 2025). Eval-
uation modality also varies by venue group, with
SIGGEN venues showing notably higher human
evaluation rates than core NLP venues; we report
the full breakdown in Appendix B.

Task-based differences. Human evaluation rates
vary across NLG tasks, though less dramatically
than one might expect: question generation has the
highest rate at roughly 53%, while most other tasks
cluster between 37% and 47%. Machine translation
is the clear outlier at around 28% overall, reflect-
ing its uniquely mature automatic metric ecosys-
tem. However, MT’s recent human evaluation rate
is closer to 30%, with the lower overall average
pulled down by early decades when human evalua-
tion of MT was rarer. Indeed, the MT community
has developed a notably rigorous meta-evaluation
tradition — shared tasks such as WMT provide large-
scale human annotations that calibrate automatic
metrics against human judgements (Freitag et al.,
2022; Zouhar et al., 2024). No comparable infras-
tructure exists for most other NLG tasks; establish-
ing it would be a concrete step toward the same
level of metric accountability.

Annotation methodologies. Among all 8,894
human-evaluated papers, Likert-scale rating is
the most frequently detected annotation approach
(19.0%), followed by post-editing (15.8%), binary
and multi-class categorisation (13.9%), and rank-
ing/pairwise comparison (13.2%). Error span an-
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Figure 1: Prevalence of top 10 human-evaluation criteria over time. Left Y-axis: annual paper counts (bars); right
Y-axis: proportion of HE papers mentioning the criterion (thick line: 3-year rolling mean; faint line: raw annual

proportion).
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Figure 2: Evaluation modality mix by 5-year period (1950-2025) as a percentage of papers (Y-axis), showing the
proportion relying on human-only, automatic-only, combined human-and-automatic evaluation, or LLM-as-a-judge

approaches.

notation (4.0%), Direct Assessment (Graham et al.,
2013) (2.3%), and Best-Worst Scaling (Kiritchenko
and Mohammad, 2017) (0.8%) round out the de-
tected methods. While we attempted to extract
fine-grained metadata regarding reporting quality,
specifically inter-annotator agreement (IAA), anno-
tator counts, and rated item counts, these variables
could not be reliably validated due to low recall and
reporting inconsistencies, and are therefore omitted
from our quantitative analysis. Best-Worst Scaling
and error span annotation remain specialised, con-
centrated in MT and reference-free evaluation.

Method choices also shift over time (Figure 3):
across all papers, post-editing was once the
most common methodology, peaking in popular-
ity around 2014-2015 when it was used in 28.6%
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of all human-evaluated papers (and 43.3% in ma-
chine translation). Over the last decade, however,
its use has declined sharply, dropping to just 6.1%
in 2025 (and 17.7% in machine translation specif-
ically). In contrast, Likert-scale rating has expe-
rienced substantial growth, rising from 13.8% in
2015 to become the most prevalent approach at
28.7% in 2025. Additionally, error span annotation
has steadily gained traction in recent years, grow-
ing from 3.7% in 2015 to 8.0% in 2025, reflecting
a growing interest in fine-grained evaluation. We
show the longitudinal breakdown of these method-
ology trends in Figure 3.
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Figure 3: Prevalence of top human annotation method-
ologies over time, expressed as the fraction of human-
evaluated papers on the Y-axis (3-year rolling mean).

4 Conclusions

We have presented a large-scale longitudinal anal-
ysis of NLG evaluation practices across 24,291
papers from the ACL Anthology spanning seven
decades. The field has come a long way: before
1990, between 38% and 83% of NLG papers in
each five-year period reported no evaluation at all,
and the share only dropped below 20% after 2005.
Today, evaluation is near-universal and human eval-
uation has held roughly steady at 35-45% of NLG
papers over the past decade, defying predictions
of decline (van der Lee et al., 2021; Reiter, 2025)
even as it shows no upward trend despite repeated
calls for more rigorous assessment.
Three findings stand out as actionable:

LLM judges need calibration infrastructure.
LLM-as-a-judge has become standard practice in
under two years: 109 papers in 2024 and 224 in
2025, up from near-zero before 2023. While 61.4%
of these papers also report human evaluation, the
remaining 38.6% rely on LLM judgements with-
out any reported human validation. This mirrors
earlier episodes the field later had to revisit, such
as the widespread adoption of BLEU without ade-
quate validation or the reliance on single-reference
translation evaluation, and runs the risk of treating
LLM judgements as a trusted signal before their
failure modes are understood. We recommend that
venues encourage, and reviewers expect, explicit
calibration of LLM judges against human judge-
ments, particularly for tasks and domains where no
prior calibration exists.

Faithfulness evaluation needs standardisation.
Faithfulness has become the fastest-growing evalu-
ation criterion in our data and reflecting the central-
ity of hallucination as a research problem (Maynez
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et al., 2020; Schmidtova et al., 2025). Yet the
broader picture is less encouraging: “accuracy”
appears in over 50% of human-evaluation papers,
used so loosely that it functions less as a defined cri-
terion than as a catch-all for correctness (Howcroft
et al., 2020). The risk is that faithfulness, as it
matures, drifts toward the same terminological
vagueness. Establishing shared annotation tasks
for faithfulness — analogous to what WMT pro-
vides for translation quality via Direct Assessment
and MQM (Freitag et al., 2022) — would help pre-
vent this and provide the calibration infrastructure
that other NLG tasks currently lack.

Some things never go out of fashion. The cycli-
cal patterns in our data — faithfulness returning
after a decade of absence, coherence and relevance
waxing and waning with shifts in task popularity
— suggest that the field’s evaluation vocabulary is
smaller and more stable than its rapid growth might
imply. These questions recur because they reflect
enduring properties of language use, not passing
methodological fashions. In a similar spirit, Reiter
(2024) argues that rule-based NLG systems retain
lasting value even in an era dominated by neural
methods — a reminder that what matters is fitness
for purpose, not novelty. This principle extends to
evaluation: human judgement, automatic metrics,
and now LLM judges each have their place, and
the field’s task is not to choose among them but to
understand when each is trustworthy.

One purpose of this paper is to document the cur-
rent state of affairs and provide a baseline against
which future shifts can be measured — whether to-
ward a deeper LLM-judge reliance, new evaluation
criteria, or a renewed emphasis on real-world im-
pact (Reiter, 2025).

Our code and dataset (containing paper IDs,
metadata, and extracted evaluation signals)
are publicly available at https://github.com/
patuchen/trends_in_nlg_eval. To respect pub-
lisher copyrights, the shared dataset does not in-
clude the raw full texts of the papers; instead, we
provide the metadata, IDs, and extracted signals in
a CSV file, along with utility scripts in the repos-
itory to automatically download and reconstruct
the full-text corpus directly from the official ACL
Anthology using the paper IDs.

Limitations

Methodological limitations Our measurements
rely on keyword-based detection, which can yield
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false positives when terms occur in related work
or background sections and false negatives when
papers use unusual terminology. We apply the
same patterns to all available text (title/abstract
and, when available, full text).

We deliberately use keyword-matching over
LLM-based extraction due to initial experiments
showing that LLMs had problematically low re-
call when extracting fine-grained methodological
metadata at scale (see Appendix A). Consequently,
we developed an extensive quality assurance pro-
cedure for our regex patterns, manually auditing
samples to prevent false positives while balancing
recall (100 test sentences for every regular expres-
sion). By aggressively stripping meta-references
and generic terminology, our reported methodol-
ogy counts necessarily represent a conservative
lower bound of actual evaluation practices. We
validated this regex-based approach on a manually
curated sheet of 60 human-annotated papers, where
51 were successfully mapped to our corpus, yield-
ing a recall of 82.4% after applying targeted pattern
overrides.

Finally, our LLM-as-judge classification re-
lies on model name regex matching. Pre-2023
uses of large models as evaluators (e.g. GPT-2
perplexity scoring, adversarial BERT discrimina-
tors) are conceptually distinct from the modern
instruction-tuned paradigm; we distinguish these
as ml_evaluator vs. instruction_lIm, but it is possi-
ble that borderline cases remain.

Venue coverage asymmetry. Our post-2022 cor-
pus covers only nine major venues, excluding work-
shops and smaller conferences that are present in
the pre-2022 ACL-OCL data. Since workshop
papers tend to report human evaluation less fre-
quently, the post-2022 human evaluation rates may
be slightly overestimated relative to earlier years
where the full breadth of venues is represented.
The most important venues for NLG research are
covered throughout, but longitudinal trends should
be interpreted with this asymmetry in mind.

Task coverage. Our generative task filter covers
a curated set of named NLG tasks (see Appendix A)
rather than all possible forms of natural language
generation. While this set includes the largest task
categories — machine translation alone accounts for
over half the analysis corpus — emerging or niche
generation tasks may have been omitted from the
analysis.
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A Pipeline Details

Corpus statistics. Table 1 summarises the filter-

ing stages.
Stage Remaining  Dropped
Raw corpus (combined) 85,792 -
Meta-paper exclusion 81,953 3,839
Generative task filter 20,593 61,360
Evaluation signal filter 16,587 4,006
Full-text task pass 24,291 -

Table 1: Corpus size at each pipeline stage.

Task categories. The task filter recognises:
machine_translation, summarization, dialogue,
data_to_text, question_generation, paraphrase,
simplification, captioning, general_nlg, ques-
tion_answering (open-ended/generative QA), in-
struction_following, counterspeech, and high-
light _generation. All of the code and the regular
expressions are available in our public repository
at https://github.com/patuchen/trends_in_
nlg_eval.

Evaluation signal patterns. Human evaluation
is detected by expressions such as human eval*,
manual eval*, annotators, inter-annotator, crowd-
sourc*, Mechanical Turk, Direct Assessment,
MQM, and Likert. Automatic evaluation is detected
by metric names including BLEU, ROUGE, ME-
TEOR, chrF, BERTScore, BLEURT, and COMET.
LLM-as-a-judge is detected by patterns matching
an LLM name followed by evaluation-adjacent
verbs (e.g. GPT-4 evaluates, Claude rates).

LLM extraction experiment. To test whether
fine-grained metadata could be extracted automati-
cally, we prompted Qwen2.5-14B-Instruct (Team,
2024) (served via vLLM; Kwon et al., 2023) to
extract structured evaluation records from isolated
evaluation sections. Comparison against expert
annotations revealed low recall for fields such as
annotator counts and rated item counts, motivat-
ing our reliance on keyword-based signals for all
reported results.

B Venue-Group differences.

Core NLP venues are the most automatic-only
(60.6% auto-only; 33.1% human+auto), while
SIGGEN venues show a more mixed profile (35.8%
auto-only; 42.4% human+auto; 10.8% human-
only). Journals resemble core venues in relying
primarily on automatic metrics (50.8% auto-only;
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40.3% human+auto), but show zero cases of LLM-
as-a-judge evaluation without human evaluation,
consistent with slower uptake of the judge-only
pattern. See Figure 4 for the complete visual break-
down across all venue groups.

= Human only

Automatic only
Human & automatic  mem LLM-judge (no human)

0,4—___—_!

*ACL SIGGEN journals other

Figure 4: Evaluation modality profile by venue group,
shown as a percentage of papers within each group on
the Y-axis.

C Phrasing Examples of Historical NLG
Papers Without Human Evaluation

For papers in earlier decades that reported no for-
mal human evaluation or relied on informal, quali-
tative assessments of system output, the following
examples illustrate typical phrasings:

* 1976: “We choose the interpretation showing
the preferable matching of nouns and case by
using an evaluation function below which has
been established empirically”

* 1984: “This translation is called by its authors
as word-by-word, turn-by-turn one; several years
have already passed in a complete satisfaction of
the customers.”

* 1986: “The implementations of the whole system
has already been completed and the translation
results (10,000 sentences) are now being evalu-
ated by professional translators and native speak-
ers of English. The evaluation results obtained
by now are quite satisfactory.”

D Human Evaluation Criteria by Task

Figure 5 shows a detailed heatmap breakdown of
the top 10 human evaluation criteria across the ten
most common NLG tasks in single-task papers.
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Figure 5: Prevalence of human evaluation criteria (listed on the Y-axis) across the top 10 single-task NLG tasks
(listed on the X-axis), expressed as a percentage of papers per task that perform human evaluation.
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