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Abstract

As Natural Language Generation (NLG) domi-
nates modern NLP, scalable evaluation remains
a critical bottleneck. Consequently, LLM-as-a-
judge (LaaJ) adoption has accelerated rapidly,
appearing in more papers than human evalu-
ation in 2025. This pivotal shift motivates a
critical analysis of current evaluation practices.
Overcoming the limits of rigid keyword filter-
ing and manual review, we employ a multi-
LLM information extraction pipeline to gather
structured metadata from 14,171 papers across
four major NLP conferences (2020–2025). An-
alyzing 3,334 filtered NLG papers, we identify
three systemic challenges. (1) Metric inertia:
despite the shift toward open-ended generation,
legacy lexical metrics (BLEU, ROUGE) persist
as primary indicators, typically used alongside
rather than replaced by semantic alternatives.
(2) Metric-criteria mapping problem: our paper-
level co-occurrence data reveals that general-
purpose automatic metrics are applied as broad
proxies for quality, without specifying which
dimension of text generation they are intended
to evaluate. (3) Validation gap: LaaJ has grown
rapidly without commensurate human valida-
tion (fewer than 8% of papers). Crucially, while
LaaJ correlates with aggregate quality, align-
ment collapses on fine-grained criteria like flu-
ency. To address these gaps, we distill our find-
ings into a minimal Evaluation Checklist to
guide metric selection, construct validity, and
LaaJ deployment.1

1 Introduction

Over the past few years, significant developments
have taken place in NLG. While the previous gen-
eration of models focused on a limited range of

*Work done at TU Berlin and BIFOLD.
1Code and data are available at: https://github.com/

jingyng/NLG-Evaluation-Trends.

Figure 1: Evaluation method adoption across the 3,334
Top-30 NLG-task papers (2020–2025). Automatic met-
rics remain ubiquitous (∼95%). LaaJ adoption surged
from less than 1% before 2023 to 46% in 2025, surpass-
ing human evaluation, which declined from 51% to 43%.
Yet only 16% of papers in 2025 explicitly validate LaaJ
against human evaluation, indicating a validation gap.

tasks like summarization and translation, the domi-
nance of transformer-based Large Language Mod-
els (LLMs) has enabled substantially more flexible
applications, ranging from poetry to medical re-
port generation. This shift has reshaped evaluation
paradigms and introduced new challenges, such as
dealing with confabulations, ensuring factual con-
sistency, and mitigating biases (Gehrmann et al.,
2023). Consequently, metrics have evolved beyond
simple lexical overlap. Newer semantic-aware met-
rics have emerged, including BERTScore (Zhang
et al., 2019) and BLEURT (Sellam et al., 2020), and
most notably, the surge of reference-free, prompt-
based LaaJ methods (Gao et al., 2025; Gu et al.,
2025; Li et al., 2024). Figure 1 shows that LaaJ
adoption surged from less than 1% of papers before
2023 to 46% in 2025, surpassing human evaluation,
which has remained flat-to-declining. Yet only 16%
of 2025 papers explicitly validate LaaJ against hu-
man evaluation, exposing a validation gap that we

https://github.com/jingyng/NLG-Evaluation-Trends
https://github.com/jingyng/NLG-Evaluation-Trends


quantify throughout this work.
Motivated by the need to better understand how

text quality evaluation is conducted in NLG re-
search, we employ LLMs as research tools (Liao
et al., 2025) to analyze the literature in major NLP
conferences. This approach is critical to bridge
the gap between scale and depth: it allows us to
�lter papers with a semantic accuracy that keyword
searches lack, and extract structured metadata at a
volume impossible for manual review. Our contri-
butions are summarized as follows:
• We present the largest study of NLG evalua-

tion to date, applying multi-LLM extraction
to 14,171 papers, and analyzing 3,334 NLG
papers. Our human validation of the results
reveals strong agreement between human and
LLM annotators.

• We identify three persistent challenges in
NLG evaluation: metric inertia, where lexi-
cal metrics persist alongside semantic alter-
natives; a metric–criteria mapping problem,
where general-purpose metrics appear broadly
across tasks rather than systematically pairing
with speci�c evaluation constructs; and a vali-
dation gap where LaaJ has expanded without
proportional human validation.

• We provide an evaluation checklist grounded
in our �ndings, intended as concrete starting
points for more rigorous NLG evaluation.

2 Related Work

LLMs for Annotation of Research Papers. Tan
et al. (2024) point out that LLMs can reliably an-
notate instructions and responses, even for speci�c
domains, with human-level quality. A few prior
works have dealt with the automated processing of
scienti�c literature (Agarwal et al., 2025; Du et al.,
2024; Scherbakov et al., 2025). Existing survey
papers making use of LLMs as annotators typically
rely on prompts that assess whether a paper is rele-
vant to the target topic (Alabi et al., 2025; Alyafeai
et al., 2025) or simply collect metadata like citation
counts (Bernasconi et al., 2025). Unlike previous
work, we provide the �rst systematic, large-scale
annotation of research papers, not only for paper
relevance �ltering but also for quantifying research
trends and providing critical overviews.

Surveys in NLG evaluation. Sai et al. (2022)
provide a taxonomy of NLG metrics and highlight
that traditional reference-based metrics often cor-
relate poorly with human judgment and fail to cap-

ture nuances like factual correctness. With the rise
of LLMs, researchers have begun using them as
evaluators (i.e., LaaJ) to assess generated text qual-
ity. This marks a new direction in NLG evaluation
that earlier surveys did not address (Celikyilmaz
et al., 2021; Sai et al., 2022). Recent surveys ex-
plicitly taxonomize these methods and highlight
reliability challenges (Gao et al., 2025; Gu et al.,
2025). While LaaJ can replicate human judgments
on certain criteria, it exhibits substantial variabil-
ity across tasks (Bavaresco et al., 2025) and often
struggles with generalization (Huang et al., 2025)
and reliability (Hu et al., 2024; Wang et al., 2024;
Lee et al., 2025; Wang et al., 2025). While humans
remain the most reliable and trusted evaluators,
several meta-analyses have highlighted the incon-
sistency in human evaluation protocols for NLG
and the need for standardized guidelines (van der
Lee et al., 2019; Howcroft et al., 2020; Celikyil-
maz et al., 2021). While recent manual surveys
identi�ed metric shortcomings across 110 papers
(Schmidtova et al., 2024), we use multi-LLM ex-
traction to massively scale annotations to thousands
of papers across a six-year span.

3 Paper Annotation

We include main conference papers from the ACL
Anthology from 2020 to 2025, focusing on four
conferences: ACL, EMNLP, NAACL, and INLG.
In total, 14,171 papers were collected (full statistics
in Table 18 of Appendix C). Next, we describe our
paper annotation process as shown in Figure 2.

3.1 LLM Annotation

We extract the full text of each paper from PDF
format using GROBID2. We then feed the text (ex-
cluding title and abstract, as the full text should
contain all information we need) into a model with
our designed prompt. For each paper, we prompted
an LLM acting as an “expert NLP researcher with
deep experience in Natural Language Generation”
to read the text and return a structured JSON ob-
ject answering four binary questions about NLG-
related information: (Q1) Does the paper address
NLG tasks? (Q2) Does the paper use automatic
metrics to evaluate the generated outputs? (Q3)
Does the paper use large language models (LLMs)
as judges (i.e., after generation, LLMs are used to
assess the outputs)? (Q4) Does the paper conduct
human evaluations of the generated outputs?

2https://github.com/kermitt2/grobid



Figure 2: Our paper annotation pipeline (§3), including converting PDF to text (§3.1), extraction of metadata based
on four NLG evaluation questions (Table 15), harmonization based on majority vote, �ltering, and merging (§3.2),
and human validation (§4), yielding 14k structured papers including a subset of 110 papers with gold annotations.

If the �answer� to a question is�Yes� , we ask
the LLM to extract further metadata, e.g., a verba-
tim excerpt as evidence, lists of datasets, languages,
models, and criteria. If the�answer� is �No� , all
other �elds in that section are set to empty. The
prompt and full metadata list are provided in Ap-
pendix E.1 and Table 15.

We categorize and de�ne the evaluation methods
by (1) automatic metrics: metrics used to measure
generated text quality by providing a score; (2)
LaaJ: evaluating generated text with LLM prompt-
ing, producing textual evaluation and a rating score;
and (3) Human evaluation: evaluation produced by
humans following a given guideline.

Model Selection We performed the extraction us-
ing three different open-source models: DeepSeek-
R1 (DeepSeek-AI et al., 2025), GPT-OSS-120B
(OpenAI et al., 2025) and Qwen3-235B-A22B-
Instruct (Yang et al., 2025).

3.2 Harmonization of LLM-based Extraction

We aggregate the results produced by the three
LLMs to create a uni�ed �nal output. We use ma-
jority voting on the four binary questions, and the
union of three metadata lists. We �lter out papers
that have no to Q1, resulting in 8,665 initial NLG
papers (61%). For these papers, we further em-
ployed another LLM (DeepSeek V3.1 Terminus)
to verify the extraction with another prompt. The
prompt is designed to verify each extraction against
the full paper text to validate the four binary ques-
tions, and perform four actions: (1) Normalize
metadata to use canonical forms (e.g., all variants
of BLEU (bleu, Bleu, BLEU-4, etc.)); (2) Correct
any incorrect items correct; (3) Add any missing
important items; and (4) Remove any irrelevant or
incorrect items from the list for each �eld listed in
Table 15 (see full prompt in Appendix E.2).

Comparison of LLM annotations To compare
the difference among LLM annotations, we com-
pute the agreement with Krippendorff's� (pairwise
agreement between the LLM-harmonized one and
the others, shown in Table 16 in Appendix). The
overall agreements are high for all four answers
(Q1: 0.710, Q2: 0.688, Q3: 0.805, and Q4: 0.812).

3.3 Extraction of LaaJ-Human Validation

To determine how many papers validated LaaJ
against human evaluation, we analyzed 433 NLG
papers (12.3% of 3,334 �ltered NLG papers de-
tailed in §3.4) that employed both methods. Be-
cause our initial pipeline did not extract comparison
metadata, we designed a supplementary prompt us-
ing DeepSeek V3.1 Terminus (Appendix E.3). This
prompt extracts: (1) a binary indicator of whether
a comparison exists; (2) the comparison method
(e.g., correlation, agreement); (3) the statistical met-
rics used (e.g., Pearson, Spearman, accuracy); and
(4) the quantitative results (e.g., correlation scores,
signi�cance). Crucially, we required all extracted
results to be mapped to speci�c evaluation criteria.

3.4 Post-processing Extractions

Term Normalization To group term variants re-
ferring the same value, we perform term normaliza-
tion. For tasks, datasets, models, languages, and au-
tomatic metrics, we apply two normalization steps.
(1) Spelling uni�cation and (2) Term merging with
fuzzy-matches to merge near-duplicates (e.g., Di-
alog Generation! Dialogue Generation). For
detailed term normalizations and examples, please
check Appendix B.2 and B.3.

Criteria Mapping via QCET Because fuzzy
matching often over-merges distinct criteria (e.g.,
factual correctness vs. factual consistency), we in-
stead classi�ed each raw criterion into the QCET



taxonomy (Belz et al., 2024) (a 111-leaf lattice
structured by frame-of-reference� type� aspect)
using a two-step LLM pipeline. In Step 1, the LLM
mapped each criterion to existing QCET leaves, as-
signing a match con�dence of “strong”, “partial”,
or “none”. For criteria lacking a strong match, we
clustered their embeddings using HDBSCAN to
identify gaps in the taxonomy. This revealed four
new criteria clusters, to which we added two more
based on high overall frequency. We mapped these
six new leaves to compatible parent branches (Ta-
ble 3), expanding the taxonomy to 117 leaves. We
also introduced two auxiliary categories: Overall
Quality (for holistic judgments) and Other / Unclas-
si�able (which is dropped from analysis). In Step
2, the LLM re-classi�ed all “partial” and “none”
criteria against this extended taxonomy, using their
Step 1 labels and embedding clusters as additional
signals. To validate this mapping, two annotators
evaluated a strati�ed random sample of 155 criteria
on a 1–5 Likert scale (1=wrong, 5=perfect). The
average scores from annotators were 4.45 and 4.81,
indicating an acceptable mapping. More implemen-
tation details are in Appendix B.2.

NLG Task Filtering Our human annotations (§4)
reveal that most disagreements regarding Q1 (NLG
vs. non-NLG) come from papers involving either
classi�cation tasks or generation tasks that pro-
duce non-natural-language outputs. We narrow our
scope of NLG as tasks that produce open-ended
natural language outputs evaluated on linguistic
and semantic criteria (e.g., �uency, coherence, and
relevance), and deliberately exclude classi�cation
tasks and generation tasks where outputs are arti-
facts veri�able by execution or exact correctness
(detailed reasons for these exclusions are provided
in Table 11). After normalizing and ranking the
tasks by frequency, we systematically exclude 15
tasks (see Appendix B.4 for the full list) and retain
the top 30 tasks for our analysis (3,334 papers),
shown in Figure 7.

4 Human Validation of Extractions

4.1 Validation of LLM extractions

Human annotations To assess the quality of the
LLM extractions, we manually annotated 110 ran-
domly selected papers that were identi�ed as NLG
research by a majority LLM vote on Q1. Our an-
notation guidelines were modeled after the LLM
prompts, but included additional details and exam-
ples (Appendix F). The process was conducted by

Pair Q1 Q2 Q3 Q4

Human R1 vs. Human R2 81.82 80.00 89.09 91.82

Human vs. DeepSeek-R1 74.55 73.64 95.45 92.73
Human vs. GPT-OSS-120B 75.45 75.45 90.91 90.91
Human vs. Qwen3-235B 75.45 70.00 93.64 85.45
Human vs. Majority Voting 74.55 71.82 93.64 88.18
Human vs. LLM-harmonized 77.27 74.55 95.45 90.00

Table 1: Pairwise agreement (%) between human anno-
tations and LLMs.

11 NLP researchers (3 Master's students, 2 PhD
students, and 6 Postdocs). To ensure reliability,
each paper received two independent annotations,
with any disagreements resolved by a third anno-
tator. With the human-annotated ground truth, we
compare LLM-extractions against it.

Binary-answer agreement When evaluated
against the human ground truth on the four binary
questions (Table 1), Q3 and Q4 demonstrate higher
agreement than Q1 and Q2. This mirrors the inter-
LLM agreement (Table 16) and suggests that the
adoption of LaaJ and human evaluation is easier
to identify than the use of NLG tasks and auto-
matic metrics. Notably, the harmonized LLM out-
put (§3.2) achieves the highest overall agreement
with human, validating our harmonization step.

The lower agreements on Q1 and Q2 are mainly
due to lower precision (Q1-Q4:0:78, 0:72, 0:84,
0:75), as the recall is near-perfect on all four ques-
tions (0:98, 0:96, 1:0, 1:0). This means extraction
errors are almost exclusively false positives, consis-
tent with our high-recall design goal of not missing
NLG papers. Moreover, these false positives are
coupled: most Q2 and Q4 errors occur on papers
the annotators classi�ed non-NLG (which entails
“no” downstream); among papers where human
and LLM agree on Q1, agreement rises to92:5%
(Q2) and96:2%(Q4), and the NLG task �ltering
removes many of the remaining Q1 false positives.

Metadata-level extraction quality To inspect
extraction beyond the binary answer level, we sam-
pled 60 of the 110 papers and asked annotators to
score how closely each LLM-extracted metadata
matches their own annotation, on a 1–3 Likert scale
(1=mismatch, 2=partial match, 3=full match). All
11 �elds exceed an average score of 2.5, ranging
from 2.52 (NLG models, output formats) to 2.91
(LaaJ models). LaaJ models, languages, and LaaJ
criteria score highest; NLG models and output for-
mats lowest (Appendix Table 13).



4.2 Validation of non-NLG paper �ltering

To test whether LLMs correctly �lter out non-NLG
papers, we randomly sampled 120 papers from
the �ltered-out “non-NLG” set; 6 NLP-researcher
annotators each labelled 40 papers, and each pa-
per received two annotations. Both annotators
agreed with the rejection for 117 of the 120 papers
(97.5%), with only three disagreements, con�rm-
ing that LLMs correctly �lter out non-NLG papers
in almost all cases.

4.3 LaaJ-human validation extraction quality

To evaluate the supplementary LLM extractions
for LaaJ-human validation, nine NLP researchers
annotated a sample of 90 papers. For binary classi�-
cation (presence of validation), human annotations
achieved 88.9% agreement with the LLM. How-
ever, when extracting �ne-grained criterion com-
parisons, humans identi�ed an average of 13.86 dis-
tinct data points per paper compared to the LLM's
4.31. Our manual inspection indicates that under-
extraction is caused by PDF-to-text conversion
rather than the LLM. Tabular content is largely lost
during parsing, while text mentions of aggregate
scores survive. Therefore, we use LLM extraction
for presence of validation and rely on human an-
notation for the per-criterion alignment analysis in
§5.3. More evaluation details are in Appendix F.

5 Results and Analysis

To quantitatively analyze the extracted results, we
use two co-occurrence measures de�ned over pairs
of terms (a term being a task, a metric, or a LaaJ/hu-
man evaluation criterion). FrequencyP(B j A)
is the proportion of papers containing termA that
also contain termB ; it captures how widelyB is
used within the subset of papers that useA. The
Likelihood Ratio (LR) LR(A ! B) = P (B j
A)=P (B j :A) measures how much more likely
B is to appear in papers usingA than in papers
not usingA, capturing the distinctiveness of the co-
occurrence. For example, in our data81:5%of MT
papers report BLEU (P (BLEU j MT) = 0:815 ),
and BLEU is2:6� more likely in MT papers than
in non-MT papers (LR(MT ! BLEU) = 2:63 ).
Despite the shared name, our LR is the relative-
risk ratio from epidemiology, not the statistical
likelihood-ratio test; full formulas for the three LR
variants used in this paper appear in Appendix B.6.

Statistical signi�cance testing Because LR can
be in�ated for rare co-occurrences, we pair it with

the DunningG2 log-likelihood ratio test (Dunning,
1993). We then apply Benjamini–Hochberg FDR
correction (Benjamini and Hochberg, 1995) across
all tested pairs within each analysis family and
retain only pairs with corrected p � 0:05.

5.1 Temporal Trend Analysis

Figure 3: Per-task evaluation method adoption (%) of
top-four NLG tasks per year. The �lled area shows that
task's share of all NLG papers each year.

Figure 3 presents the evolution of evaluation
practices across the four most prominent NLG
tasks, which account for 78.1% of the papers: Dia-
logue Generation (DG; 26.1%), Machine Trans-
lation (MT; 25.4%), Text Summarization (TS;
22.0%), and Question Answering (QA; 13.9%).
We observe three key trends. First, automatic met-
rics remain universally applied (near 100%) across
all tasks. Second, traditional tasks like MT rely al-
most entirely on these automatic metrics, with only
26% conducting human evaluation and negligible
LaaJ adoption until 2025. Third, in tasks like DG,
TS, and QA, we observe a potential substitution ef-
fect: as LaaJ adoption has rapidly accelerated since
2023, human evaluation has either dipped (DG, TS)
or plummeted entirely (QA). Importantly, across
all tasks, the validation of LaaJ against human eval-
uation remains relatively low compared to its usage
(§5.3).

We further examine each of the top four tasks
and discuss how the evaluation methods differ. We
restrict the analysis to single-task papers to �nd
task-speci�c patterns, and visualize the top 8 most
frequent metrics and criteria for that year. Fig-
ure 4 visualizes the evolution of evaluation methods
across the four major tasks.

Dialogue Generation As Dialogue Generation
(DG) shifts from simple request ful�llment to-



Figure 4: Evaluation trends for the four most frequent NLG tasks (columns) under three evaluation paradigms
(rows). Each panel is a separate bump chart: they-axis gives the annual frequency rank (1 = most used) of the
eight most common metrics for that task, from 2020 to 2025 on thex-axis. Marker size scales with the metric's
likelihood ratio (LR) for the task in that year. Solid lines with �lled markers mark a signi�cant overall association
with the task; dashed lines with hollow markers mark metrics that are frequent but have a low LR. Endpoint labels
give the metric name and(overall LR, k) , wherek is the number of papers. COMET's(19.0, 151) in the
MT/Automatic Metrics panel thus means it appears in 151 MT papers and is 19 times more likely to appear in MT
than elsewhere; it enters at rank 4 in 2021 and holds rank 2 from 2022 onward, behind BLEU. Dotted arcs bridge
years in which a metric drops out of the top eight; dashed connectors attach labels to metrics that are outside the top
eight in 2025. A missing line in a given year means the metric was not used. Color denotes the QCET L1 dimension:
QO (intrinsic to output), QI (relative to input), QT (relative to target reference), QE (relative to external standard),
and AUX (QCET extensions).

ward complex, open-ended interactions, its eval-
uation landscape has correspondingly diversi�ed
(Figure 8). Among automatic metrics, BLEU re-
mains the most frequent, though it exhibits a low
task association (LR). Conversely, Distinct, which
measures diversity, shows the highest LR with DG.
Traditional performance metrics like Accuracy and
F1 also exhibit low LRs, likely diluted by their in-
creasing use in other tasks. For human evaluation,
Engagingness and Appropriateness are the most
strongly associated criteria, even though Coher-
ence is used more frequently overall. Notably, the
reliance on Fluency and Informativeness has de-
clined sharply, likely re�ecting the baseline perfor-
mance gains of modern LLMs. When comparing
paradigms, both LaaJ and human evaluation em-
phasize Appropriateness. However, LaaJ uniquely
prioritizes alignment-focused criteria such as Help-
fulness and Non-Toxicity. This indicates that LaaJ
is introducing novel safety dimensions, revealing a
potential gap in human evaluation practices.

Machine Translation MT primarily uses BLEU
(87.4%) for evaluation (while rather low associa-
tion (since it is also heavily used in other tasks),
with COMET also established as a major metric.
The latter also has the highest association (LR=19)
with MT since 2023. In terms of evaluation criteria,

Correctness of Outputs and Fluency are among the
most frequent ones, despite their low LR. Trans-
lation Accuracy is ranked highest in association
(the criterion is unique to the MT task). The domi-
nance of these n-gram and reference-based metrics
illustrates deep-seated inertia (formally de�ned in
§6). Despite the availability of LLMs, the LaaJ
Criteria row is sparse, without any activity until
2024. Overall, the evaluation paradigm in MT has
not shifted as much as the other tasks.

Text Summarization In TS, ROUGE and
BERTScore dominate automatic evaluation, both
showing high task associations (LRs). FactCC has
an increased 2021–2022 frequency for evaluating
hallucinations and retains the highest LR despite
a recent drop. Notably, BLEU is frequently used
but lacks signi�cant task association. In human
evaluation, Nonredundancy exhibits the highest LR
despite low usage, while Absence of Omissions and
Factual Truth are increasingly prioritized over de-
clining criteria like Fluency and Informativeness.
Lastly, most LaaJ criteria currently show no signif-
icant statistical association with TS.

Question Answering Because QA typically gen-
erates relatively short responses, its evaluation
paradigm diverges substantially from the other



three tasks. It often resembles a classi�cation prob-
lem, relying heavily on exact-match comparisons
against a ground truth. Consequently, QA exhibits
the least diverse set of evaluation metrics and cri-
teria. Most criteria have no signi�cant LR with
QA, suggesting a lack of task-speci�c evaluation
designs. The predominant criterion is Correctness
of Outputs, particularly when employing LaaJ. This
trend is concerning: although QA has experienced
the most rapid growth, its evaluation remains heav-
ily reliant on simplistic string matching, misaligned
with the complexities of open-ended QA.

5.2 Metric-criteria Association by Evaluation
Methods

Although task-speci�c LRs identify the metrics and
criteria most associated with each NLG task (Fig-
ure 4), this term-level association does not imply
paper-level pairing. A highly associated metric and
criterion may both be common in a task's corpus
without ever co-occurring in the same paper. To
study their co-occurrence and association level, we
compute the within-task pair association LR for
every (metric, criterion) pair, as most metrics do
not explicitly mention the criterion it measures3.
We calculate separately for the LaaJ and human
evaluation subsets of the task's papers (Figure 5).

Signi�cant metric-criterion associations concen-
trate almost exclusively in the frequency� fre-
quency quadrant. Across DG and TS, BLEU,
ROUGE, BERTScore, and METEOR pair signif-
icantly with Coherence, Fluency, and Relevance to
Input, indicating a default evaluation set shared
across tasks. The distinctiveness� distinctive-
ness quadrant contains no signi�cant cells: task-
distinctive metrics and criteria are well attested in-
dividually but rarely co-reported. A few distinctive
metrics do reach high LR against frequent criteria.
In TS, FactCC pairs near-exclusively with Factual
Truth, consistent with its design as a factuality met-
ric. The orange-versus-blue split of these cells is
itself informative: UniEval's associations reach
signi�cance only among LaaJ papers, while MT's
four signi�cant cells are all human-side and all in-
volve Fluency; indicating a divergence between
LaaJ and human evaluation paradigms. MT and
QA show much weaker structure: no metric in MT

3We manually annotated 50 randomly sampled papers con-
taining automatic metrics (183 metric mentions, two annota-
tors,� = 0:49 ) to con�rm this. Only21–36%of metric men-
tions explicitly state which criterion the metric measures, and
6%of papers state a mapping for every metric (Appendix B.5).

reaches signi�cance against the task-distinctive cri-
teria (Translation Accuracy, Meaning Accuracy,
Grammaticality); QA yields no signi�cant pairings
under either method.

These results indicate that NLG papers choose
their metric and criterion largely independently,
each defaulting to frequent measures rather than
pairing task-speci�c ones. This decoupling raises
a general construct-validity concern: the chosen
metrics rarely re�ect a deliberate methodological
match to the reported criteria.

5.3 LaaJ with Human Validation

Using the extraction methodology from §3.3, we
extracted validation results from 433 papers em-
ploying both LaaJ and human evaluation. Only 254
of these (58.7%) explicitly validate LaaJ against
human judgments, representing37:4%of the 679
NLG papers using LaaJ, under 8% of total 3,334
NLG papers. Among the remaining 179 papers
without an explicit comparison,76:3%still mea-
sure at least one shared criterion across LaaJ and
human, suggesting comparison was generally feasi-
ble but unreported, rather than the two methods de-
liberately covering disjoint aspects. Figure 6 visu-
alizes per-criterion alignment using the 70 human-
annotated subset of papers (§4), restricted to QCET-
mapped criteria with more than10comparison val-
ues. As shown in Figure 6, evaluating our human-
annotated subset reveals a disparity in LaaJ reli-
ability. While automated judges achieve moder-
ately high median correlations for aggregate Over-
all Quality, their alignment with human annotators
degrades signi�cantly on nuanced, �ne-grained cri-
teria. Dimensions such as Fluency and Coherence
exhibit median correlations near or below 0.4, ac-
companied by large variance, demonstrating that
LaaJ struggles to reliably capture targeted linguis-
tic constructs. Furthermore, as often cautioned
in the NLG community, evaluating surface-level
quality is insuf�cient for determining real-world
utility; our data con�rms that LaaJs fail to align
with humans on task-speci�c usefulness.

5.4 Analysis on the Decline of Human
Evaluation

To investigate the decline of human evaluation, we
disentangle which factors explain for the presence
of human evaluation with a regression analysis. We
model presence of human evaluation as a depen-
dent variable; year, task (top-four tasks), venue
and presence of LaaJ as the independent variables.



Figure 5: Within-task co-occurrence LRs for metric–criterion pairs, one panel per task. Rows list metrics and
columns list criteria; each axis contains the �ve most frequent items (black labels) and the �ve with the highest
task-LR (red labels), so the quadrant where frequent metrics meet frequent criteria (yellow background) is distinct
from the rest. Each cell is split along the diagonal: the upper-left orange triangle covers the task's LaaJ papers and
the lower-right blue triangle its human-evaluation papers. Colour intensity encodes the co-occurrence LR, and an
outline marks a signi�cant pair. In Dialogue Generation, BLEU with Fluency is outlined and shaded on both halves
(133 human-evaluation papers,LR = 2:02; 19 LaaJ papers,LR = 2:59), indicating that the pairing is associated
with the task under both paradigms, whereas a cell shaded on one side only re�ects a paradigm-speci�c pairing.
Across tasks, papers pair metrics and criteria along frequently used terms rather than task-distinctive ones.

Figure 6: Distribution of LaaJ vs. human evaluation scores by metric and criterion. Individual observations are
shown as gray dots. n denotes the number of studies included. Values are based on human annotated 70 papers.

Speci�cally, we report LR with 95% con�dence
intervals (a CI interval excluding 1 indicates sig-
ni�cance) with modi�ed Poisson regression with
robust standard errors, as the presence of human
evaluation is binary. With a single variable, the
regression reduces exactly to LR; with the several
variables listed, it yields each variable's LR ad-
justed for the others.

From the regression results, we can explain how
each variable explains the presence of human eval-
uation: (1) “Task” strongly affects the presence
of human evaluation, MT and QA papers are half
as likely to conduct it compared to TS and DG,
consistent with our �ndings; (2) “Venue” has no
signi�cant impact on human evaluation trends; (3)
“Year” has a signi�cant impact in 2025, consistent
with our claim that human evaluation declines in
2025; (4) “LaaJ” results show that papers using
LaaJ are more likely to report human evaluation,

Variable (reference) LR [95% CI]

LaaJ use 1.28 [1.16, 1.41]
Year 2021 (vs. 2020) 1.11 [0.98, 1.27]
Year 2022 1.08 [0.95, 1.23]
Year 2023 1.12 [0.99, 1.27]
Year 2024 0.97 [0.84, 1.11]
Year 2025 0.86 [0.74, 1.00]
Machine Translation 0.49 [0.42, 0.56]
Text Summarization 1.15 [1.02, 1.30]
Dialogue Generation 1.16 [1.02, 1.31]
Question Answering 0.51 [0.43, 0.61]
Venue EMNLP (vs. ACL) 0.97 [0.90, 1.05]
Venue INLG 1.08 [0.91, 1.28]
Venue NAACL 1.04 [0.94, 1.15]

Table 2: Regression result. Bold: 95% CI excludes 1,
signi�cant. Year and venue are exclusive categories,
compared to a reference (2020 / ACL); task indicators
are not exclusive (a paper can address several tasks), so
each task LR compares papers with vs. without that task

thus increase of LaaJ usage does not mean its sub-
stitution of human evaluation.



6 Challenges and Guidelines

Metric Inertia A persistent challenge in NLG
evaluation is the reluctance to discontinue lexical-
overlap based metrics, a pattern we term metric
inertia. Part of this inertia is driven by the structure
of legacy datasets, which typically provide a single
“gold standard” reference. Researchers default to
legacy metrics because they offer a fast, determin-
istic way to calculate overlap against this ground
truth. However, modern LLMs excel at stylistic
variation, paraphrasing, and generating valid alter-
native answers that do not share the exact vocabu-
lary of a single human annotator (Liu et al., 2021).
By continuing to anchor evaluations to lexical over-
lap, NLG �eld risks optimizing for surface-level
reference mimicry rather than actual semantic qual-
ity. Even when a ground-truth reference is avail-
able, researchers should prioritize reference-based
semantic metrics (e.g., BERTScore, BLEURT) that
reward meaning over rigid vocabulary matching.

Metric-Criteria Mapping Beyond temporal in-
ertia, automatic metrics are applied across both
tasks and criteria. Cross-task, legacy lexical met-
rics like BLEU and ROUGE are used across all
four focus tasks with weak LR (Figure 4); within
a task, they pair with multiple frequent quality cri-
teria (Figure 5). Researchers therefore select met-
rics based on popularity or tradition rather than
the construct under evaluation, creating conceptual
entanglement and con�rming the lack of standard-
ization noted by Belz et al. (2025). The widespread
reporting of established metrics as generic proxies
for “quality” limits their interpretability (Sai et al.,
2022); without explicitly binding a metric to a spe-
ci�c linguistic or semantic property, it is dif�cult
to determine which distinct aspect of generation is
driving an observed improvement.

Validation Gap The accelerating adoption of
LLM-as-a-Judge (LaaJ) has outpaced its empiri-
cal validation. Our data indicates that while LaaJ
usage has now surpassed human evaluation (Fig-
ure 1), direct comparative validation on the same
data remains infrequent. More notably, the existing
validation evidence skews heavily toward aggregate
measures like Overall Quality and Correctness of
Outputs, while demonstrating high variance and
weaker alignment on �ne-grained criteria. This
validation gap introduces a methodological vul-
nerability: by increasingly relying on automated
evaluators without construct-speci�c human base-

lines, we risk standardizing benchmarks that may
silently diverge from human perception on nuanced
dimensions like Task usefulness (Figure 6).

NLG Evaluation Checklist To help researchers
translate these challenges into practice, we propose
a compact Evaluation Design Checklist and task-
speci�c recommendations for DG, MT, TS, and
QA (Appendix D).

1. Metric Selection
� Are you evaluating open-ended generation? If yes,

acknowledge that optimizing for exact n-gram over-
lap with a single reference penalizes valid paraphrases.
Shift legacy metrics to secondary baselines.

� Have you included a semantic metric? Ensure legacy
metrics (BLEU, ROUGE) are supplemented, or re-
placed, by semantic metrics (e.g., BERTScore, COMET,
BLEURT) that reward meaning over lexical matching.

2. Construct Validity
� Is the target construct explicitly named? Verify that

every reported metric is explicitly tied to a speci�c
quality criterion (e.g., “We use QAFactEval to measure
factuality,” not just “to measure quality”).

� Is the metric mathematically suited for the con-
struct? Ensure you are not using lexical overlap (e.g.,
ROUGE) to substantiate claims about high-level seman-
tics (e.g., logical coherence, factual consistency).

3. LaaJ Deployment
� Have you validated your LaaJ against human judg-

ments? Where a public meta-evaluation benchmark
covers your target criterion, report your judge's correla-
tion against it. Otherwise, annotate a subset per criterion
and report appropriate correlation or agreement metrics.

� Are human experts retained for sensitive or poorly
correlated criteria? Acknowledge that LaaJ reliability
often collapses on strict linguistic nuances (e.g., task
usefulness). For these criteria, rely on expert human
evaluation as your primary signal.

7 Conclusion

We present a large-scale quantitative analysis of
3,334 NLG papers (2020–2025) across four NLP
conferences, utilizing a human-validated, multi-
LLM extraction pipeline. Our analysis indicates
that NLG evaluation methodologies are failing to
keep pace with the capabilities of modern genera-
tion models. We highlight three recurrent issues:
the persistence of metric inertia, metric-criteria
mapping problem, and a severe validation gap in
LaaJ evaluation. Crucially, our human-annotated
subset demonstrates that while LaaJ approximates
aggregate quality, its alignment with humans de-
grades severely on �ne-grained criteria. To ensure
evaluation protocols mature alongside NLG capa-
bilities, we contribute an Evaluation Design Check-
list, urging researchers to explicitly map metrics
and rigorously validate LaaJ on �ne-grained dimen-
sions.



Limitations

We list a few limitations that should further im-
prove the paper in future research:

Multi-task papers: some papers deal with mul-
tiple tasks; however, our annotation guideline did
not require users/LLMs to extract metadata per task
(models, language, and evaluation metrics), thus,
there can be some deviations in reported numbers.

De�nition boundary of metrics and LaaJ: the
de�nition of automatic metrics and LaaJ is not
clearly separable. Some learned metrics that pro-
duce a score may have been considered as LaaJ
by LLM-extraction; while performing annotation,
humans do not always reach an agreement.

Task granularity: tasks such as Dialogue Gen-
eration are still quite general; under them, there
can be many subtasks in which very different met-
rics and criteria are used. Our association cannot
represent these more speci�c tasks.

Extracted metadata evaluation: Our human
evaluation of LLM-extraction on the metadata-level
assigns a 1-3 likert scale (1=mismatch, 3=match);
however, more �ne-grained criteria could improve
the evaluation, for example, by asking the type
of errors (missing item, hallucinated item or para-
phrased item). We leave this to future work for
improving LLM information extraction.

Criteria mapping: when mapping the raw ex-
tracted criteria to the QCET taxonomy, the input to
LLMs is only the criterion name with no context
information; further information about the context
can be extracted from papers (although some pa-
pers might not have such context, such as de�nition
of their criteria) may help with better mapping.

Ethical Statement
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A License of Artifacts

Our data are based on open-source research papers
from ACL Anthology, which are licensed to the
general public under a liberal usage policy that al-
lows unlimited reproduction, distribution and host-
ing of materials on any other website or medium,
for non-commercial purposes. LLMs we used are
all open-source models, which all permit the usage
for research purposes.

B Experimental Details

B.1 Model Setup

Due to large model sizes, we used DeepSeek of-
�cial API for DeepSeek-R1 and Novita API4 for
the other LLMs inferences. We set temperature as
1 for all models. Total cost is around 50 dollars.

4https://novita.ai/

B.2 Term Normalization

Task To normalize the task names, we perform
three steps: (1) removing punctuation and sep-
arators like /, & and -; (2) replacing acronyms
with their standard forms (e.g., QA! Question
Answering); and (3) applying fuzzy matching to
merge near-duplicates (e.g., Dialog Generation !
Dialogue Generation) using SequenceMatcher5 at
threshold 0.9. Through this normalization process,
the number of unique tasks was reduced from 3,626
to 3,203.

Evaluation Metric In preprocessing, we applyk-
value normalization to treat metrics with different
k-values as variants of the same base metric, e.g.,
BLEU-1,2,4! BLEU; ROUGE-1,2,L! ROUGE.

Evaluation Criteria We map the 7418 unique
criterion strings (combining LLM and human
extractions) into the QCET quality taxonomy (Belz
et al., 2024), a three-level lattice (L1 frame-of-
reference� L2 type � L3 aspect) with 111 leaf
criteria organised under four frame-of-reference
dimensions at L1: QO (Quality of outputs in their
own right), QI (relative to input), QT (relative to
target outputs), and QE (relative to an external
frame of reference). Our pipeline runs in three
steps. (1) Raw criteria to QCET criteria
classi�cation. An LLM classi�es each raw
variant against the 111 QCET leaves. The model
returns either a QCET leaf with a con�dence
indicator (strong or partial), or none with a short
justi�cation. Criteria are processed in batches of
5; (2) Clustering to �nd new leaves. Criteria
with partial or none match are embedded with
sentence-transformers/all-MiniLM-L6-v2
and clustered with HDBSCAN, producing 19
thematic clusters plus a noise one with 5,111
criteria. For each of the 19 clusters, an LLM call
returns a verdict: keep (construct not captured
by any QCET leaf), map (back to a existing leaf
covers it), split (cluster mixes distinct criteria to be
mapped separately), or drop (extraction noise, not a
criterion). Four clusters become new QCET leaves
placed at appropriate lattice positions: Absence of
Toxic / Harmful Content (QOC-c-2), Engagingness
/ Interestingness (QEF-w-10), Absence of Bias /
Stereotypes (QEC-c-3), and Empathy / Emotional
Appropriateness (QEF-w-11). We additionally add
two leaves based on high frequency in the noise
cluster: Creativity / Non-creativity (QOF-w-6) and

5https://docs.python.org/3/library/difflib.html



Refusal Appropriateness (QEC-w-2). Together
these six extensions take QCET from 111 to
117 leaves (Table 3). We also introduce two
auxiliary categories: Overall Quality / Preference
for holistic judgements that explicitly refuse
decomposition into speci�c aspects, and Other /
Unclassi�able for extraction noise (dropped from
analysis). (3) Re-classi�cation. Each criterion
that were not a strong match in step 1 is mapped
against the uni�ed target set of 117 QCET leaves
plus the two auxiliary categories.

Language We map the languages according to
the list of ISO language codes6 and keep the stan-
dard ISO language names; however, many mul-
tilingual datasets do not explicitly enumerate the
investigated languages but instead provide only the
designation “multilingual” with a language count.

Model Names To normalize the models, we pre-
process the model names by using a uniform for-
mat: family_version_size_extra(name) for all ex-
tracted models if applicable.

Dataset Names We perform similar preprocess-
ing as other terms: lowercase all letters, replace
separators (-,/,_) with spaces and remove special
characters (&). For WMT datasets, as there are
many small variations, we grouped them based on
the years of release.

B.3 Example of Term Normalization Mapping

We list our term normalization results for the top
10 most frequent terms in Table 5-Table 10.

B.4 NLG Task Filtering

Table shows the �ltered out tasks among the top-
ranked ones (we rank them based on frequency, and
keep the top-30 after �ltering) and the reason for
exclusion.

We further show the top-3 automatic metrics for
the top excluded tasks in Table 12. The top met-
rics of these tasks con�rm our exclusion reasoning:
they are dominated by functional-correctness met-
rics, whereas our included NLG tasks are topped
by text-quality metrics.

B.5 Human Annotation Details

Details of human-annotation studies referenced in
§4 and 4.3 are presented below. The full annotation
guidelines are in our project repository.

6https://en.wikipedia.org/wiki/List_of_ISO_
639_language_codes

Annotator pool. All 11 annotators are NLP
researchers (NLG-related expertise) recruited
through the authors' institutions; participation was
either by co-authorship or paid student work (see
Ethical Statement).

Field-level extraction quality. For each of 60 pa-
pers (sampled from the 110), an annotator scored
each LLM-extracted metadata �eld on a 1–3 scale:
1 = mismatch (extraction is wrong or substantially
incomplete); 2 = partial match (some correct en-
tries, some missing or off); 3 = full match (extrac-
tion matches the annotator's reading). Field-level
mean scores are in Table 13. All 11 �elds exceed
mean 2.5; LaaJ models, languages, and LaaJ cri-
teria score highest, while NLG models and output
formats score lowest.

NLG-vs-non-NLG �lter validation. We ran-
domly sampled 120 papers from the LLM-�ltered
“non-NLG” set. Annotators followed the guideline
“Does the paper address NLG tasks?” with posi-
tive examples (summarization, dialogue, MT, para-
phrase, captioning) and negative examples (senti-
ment analysis, NER, extractive QA without gen-
erated text). 6 NLP-researcher annotators each
labeled 40 papers, with each paper annotated twice.
117 of 120 papers (97.5%) had both annotators
agreeing on “No”; the remaining 3 had one “Yes”
and one “No”.

Metric-criterion mapping To check whether pa-
pers actually map criteria that their metrics mea-
sure, we randomly selected 50 papers which have
“yes” to Q2 (automatic metrics) from the 3,334
NLG papers. For each paper, we locate the passage
where its metrics are introduced and extract for
each metric the criterion it was mapped to. Each
paper was annotated independently by two annota-
tors (agreement 77.6%, Cohen's kappa 0.49).

Results from manual annotation reveal that out
of 183 metrics from the 50 papers, only 28-36% of
the metrics (per annotator; 21% by both annotators'
consensus) mentioned which criterion it measures;
only 6% of papers stated metric-criterion mapping
for every metric used (by consensus; 10-12% per
annotator). 22 of the 31 metrics with a consensus-
stated criterion occur only once in our sample,
while the most frequently used metrics are rarely
mapped (BLEU 12%, ROUGE 11%, BERTScore
and METEOR 0%). Among the metrics that men-
tioned the criteria they measure, most are designed
for the speci�c criterion (e.g.: Distinct for Diver-



New leaf id Name Origin Variants Paper-occ. Top raw variants (count)

QOC-c-2 Absence of Toxic / Harmful Content cluster 95 409 harmfulness (57); safety (53);
Safety (48)

QEF-w-10 Engagingness / Interestingness cluster 48 248 engagingness (36); Engage-
ment (28); interestingness
(27)

QEC-c-3 Absence of Bias / Stereotypes cluster 109 172 fairness (9); Bias (7); bias (7)
QEF-w-11 Empathy / Emotional Appropriateness cluster 34 108 Empathy (46); empathy (18);

Emotional Support (4)
QOF-w-6 Creativity / Non-creativity frequency 26 157 creativity (44); Creativity

(39); Novelty (18)
QEC-w-2 Refusal Appropriateness frequency 45 63 Refusal (8); refusal (6); Ab-

stention (2)

Table 3: The 6 extension leaves added to QCET (111! 117). Origin indicates whether the leaf was discovered by
HDBSCAN clustering of stage-1 classi�cation residuals (cluster) or by frequency analysis of remaining unclustered
residual variants (frequency). Variants is the number of distinct raw criterion strings mapped to this leaf; Paper-occ.
sums the LaaJ and human paper-occurrences across those variants.

Term Cnt Top Variants (count)

Question Answering 986 Question Answer-
ing (978); question
answering (5); Question-
Answering (2)

Code Generation 708 Code Generation (707);
code generation (1)

Mathematical Reasoning 219 Mathematical Reason-
ing (213); mathematical
reasoning (5); Mathe-
matical reasoning (1)

Instruction Following 211 Instruction Following
(196); Instruction-
Following (5); instruc-
tion following (3)

Language Modeling 163 Language Modeling
(162); language model-
ing (1)

Data To Text Generation 136 Data-to-Text Generation
(92); Data-to-Text (36);
Data to Text (3)

Story Generation 112 Story Generation (111);
Story generation (1)

Explanation Generation 101 Explanation Generation
(100); explanation gener-
ation (1)

Semantic Parsing 88 Semantic Parsing (86);
semantic parsing (2)

Commonsense Reasoning 81 Commonsense Reason-
ing (78); commonsense
reasoning (2); Common-
sense reasoning (1)

Table 4: Top-10 normalized tasks and their top variants

sity, Knowledge-F1 for informativeness). Other
frequently used metrics have no unique construct:
when BLEU, ROUGE or Perplexity are mapped,
the stated criteria differ from paper to paper (BLEU:
coherence / content retention / relevance; ROUGE:
relevance / text reuse / grammar-and-redundancy;
Perplexity: �uency / coherence / style). This con-
�rms that general-purpose metrics are widely used
as quality estimators without agreed and validated
constructs.

LaaJ-against-Human extraction. To evaluate
the supplementary LLM extractions for LaaJ-
human validation, we sampled 90 papers (72 pre-
dicted�Yes� and 18�No� ). Nine NLP researchers
annotated them, each reviewing 20 papers to ensure
two annotations per paper. For the binary classi-
�cation (presence of validation), inter-annotator
agreement was 75.6% (Cohen's� = 0:45 ). Af-
ter merging the human annotations by taking the
union of extracted rows per paper, the human–LLM
agreement reached 88.9% (� = 0:67 ). However,
for the per-paper count of distinct extracted rows
(metric, criterion, judge-model), the exact match
rate was only 21.1% (Pearsonr = 0:32 ). Restrict-
ing to papers with validation content (LLM: 72;
human-union: 70) and deduplicating within (paper,
metric, criterion, value), humans extracted an aver-
age of 13.86 distinct rows per paper compared to
the LLM's 4.31. For the rows the LLM does extract,
value �delity is high: 91%of LLM-extracted val-
ues lie within�0:05 of a human-annotated value
for the same (paper, criterion, metric) cell. The bias
is concentrated on aggregate versus �ne-grained
criteria: for Overall Quality / Preference, LLM
and human extract the same number of rows (31



Normalized Term Cnt Top Variants (count)

BLEU 2384 BLEU (2380); BLEU-C (1); BLEU-L (1); BLEU-P (1); BLEU@5 (1)
Accuracy 2248 Accuracy (1938); accuracy (265); Accuracy@1 (8); Accuracy@k (4); Weighted Accuracy (4)
ROUGE 1838 ROUGE (1774); ROUGE-L (53); ROUGE-2 (3); ROUGE-S (3); ROUGE-1 (2)
F1 1548 F1 (1136); F1-score (116); F1 Score (52); Macro-F1 (45); F1 score (28)
BERTScore 886 BERTScore (880); BERTSCORE (3); BertScore (3)
Recall 796 Recall (514); recall (54); Recall@k (44); Recall@10 (32); Recall@K (30)
Perplexity 745 Perplexity (664); perplexity (79); � Perplexity (1); �-perplexity (1)
Exact Match 701 Exact Match (555); EM (94); exact match (26); Exact match (14); Exact-match (3)
Precision 590 Precision (447); precision (46); Precision@1 (23); Precision@k (17); Precision@5 (8)
CIDEr 247 CIDEr (242); CIDER (3); CIDEr-D (1); CIDEr-R (1)

Table 5: Top-10 normalized automatic metrics and their top variants

QCET Target (id) Cnt Top Variants (count)

Correctness of Outputs (QOC-w-1) 480 correctness (173); accuracy (111); Correctness (83)
Factual Truth (QEC-c-1) 465 Factuality (36); factuality (32); factual consistency (25)
Relevance to Input (QIG-c-3) 438 relevance (187); Relevance (100); adequacy (7)
Coherence (QOG-c-3) 279 coherence (93); Coherence (67); logical coherence (8)
Consistency with Input (QIC-c-3) 260 faithfulness (43); Faithfulness (23); instruction-following (11)
Absence of Toxic Content (QOC-c-2) 241 harmfulness (42); harmlessness (35); safety (31)
Usefulness (QEG-w-3) 236 helpfulness (137); Helpfulness (77); usefulness (9)
Overall Quality / Pref. (AUX-OQ) 223 overall quality (33); quality (23); Quality (20)
Absence of Omissions (QIC-c-1) 196 completeness (38); Completeness (36); comprehensiveness (12)
Internal Consistency of Outputs (QOG-c-4) 187 consistency (56); Consistency (37); logical consistency (9)

Table 6: Top-10 LaaJ criteria after QCET-based normalization, with paper count and the most frequent raw variants
that mapped to each target.

QCET Target (id) Cnt Top Variants (count)

Fluency (QOG-w-3) 806 �uency (477); Fluency (269); Language Fluency (6)
Relevance to Input (QIG-c-3) 805 relevance (280); Relevance (155); adequacy (64)
Factual Truth (QEC-c-1) 778 factuality (58); Factuality (42); factual consistency (36)
Correctness of Outputs (QOC-w-1) 694 correctness (211); accuracy (139); Correctness (87)
Coherence (QOG-c-3) 630 coherence (248); Coherence (163); semantic coherence (8)
Overall Quality / Pref. (AUX-OQ) 499 overall quality (108); preference (60); quality (46)
Consistency with Input (QIC-c-3) 476 faithfulness (101); Faithfulness (42); meaning preservation (28)
Absence of Omissions (QIC-c-1) 408 completeness (65); Completeness (45); comprehensiveness (18)
Informativeness (QOG-c-2) 391 informativeness (183); Informativeness (97); Informative (5)
Internal Consistency of Outputs (QOG-c-4) 333 consistency (90); Consistency (71); logical consistency (11)

Table 7: Top-10 human evaluation criteria after QCET-based normalization, with paper count and the most frequent
raw variants that mapped to each target.



Term Cnt Top Variants (count)

Chinese 1142 Chinese (1106); Mandarin (18); Sim-
pli�ed Chinese (6)

German 1034 German (1031); Swiss German (1);
Swiss-German (1)

Spanish 537 Spanish (536); spa (1)
Russian 402 Russian (401); rus (1)
Arabic 322 Arabic (288); Egyptian Arabic (13);

Modern Standard Arabic (7)
Portuguese 219 Portuguese (210); Brazilian Por-

tuguese (9)
Turkish 219 Turkish (218); tur (1)
Korean 210 Korean (209); kor (1)
Finnish 162 Finnish (161); �n (1)
Indonesian 145 Indonesian (144); ind (1)

Table 8: Top-10 normalized languages and their top
variants

Term Cnt Top Variants (count)

GSM8K 454 GSM8K (428); GSM8k (18);
GSM-8K (6)

CNN/DailyMail 303 CNN/DailyMail (159); CNN/-
Daily Mail (70); CNN/DM (51)

WMT14 289 WMT14 English-German (40);
WMT14 (35); WMT14 En-De
(26)

XSUM 230 XSum (182); XSUM (46); Xsum
(1)

TriviaQA 223 TriviaQA (221); TRIVIAQA (1);
triviaQA (1)

HotpotQA 214 HotpotQA (192); HotPotQA (16);
HOTPOTQA (6)

HumanEval 201 HumanEval (180); HumanEval+
(19); HUMANEVAL (2)

NATURAL
QUESTIONS 173 Natural Questions (172); NATU-

RAL QUESTIONS (1)
MATH 164 MATH (161); Math (3)
SQuAD 161 SQuAD (155); SQUAD (3);

SQuAD-1 (2)

Table 9: Top-10 normalized datasets and their top vari-
ants

Term Cnt Top Variants (count)

GPT-4 918 GPT-4 (916); ChatGPT (GPT-4) (1);
SyncTOD (GPT-4) (1)

GPT-4o 905 GPT-4o (892); GPT-4O (12); gpt-4o
(1)

Transformer 601 Transformer (594); TRANS-
FORMER (2); transformer (2)

BART 552 BART (550); GEE (BART) (1);
SOV-MAS (BART) (1)

GPT-3.5-turbo 519 GPT-3.5-turbo (261); GPT-3.5-
Turbo (176); GPT-3.5 Turbo (54)

LLaMA-2-7B 507 LLaMA-2-7B (126); Llama-2-7B
(123); LLaMA2-7B (77)

GPT-2 506 GPT-2 (493); GPT2 (10); CALM
(GPT-2) (2)

BERT 469 BERT (467); PACSUM (bert) (1);
Transformer (BERT) + MLP (1)

GPT-3.5 427 GPT-3.5 (422); ChatGPT (GPT-3.5)
(4); ChatGPT-API (GPT-3.5) (1)

T5 427 T5 (426); SOV-MAS (T5) (1)

Table 10: Top-10 normalized NLG models and their top
variants

each), but for every other QCET criterion the LLM
under-extracts by3–10� , with several criteria (Use-
fulness for Task, Control over Style, Absence of
Toxic/Harmful Content) extracted by humans but
missed entirely by the LLM. As a share of total
extracted rows,26:3%of LLM-extracted rows are
tagged Overall Quality / Preference versus5:9%
for humans — a4:5� over-representation. Manual
inspection of the LLM prompts suggests this pat-
tern is caused by the PDF-to-text conversion step
in our pipeline rather than the extractor LLM itself:
tabular content, where per-criterion correlations are
typically reported, is largely lost during PDF pars-
ing, while the text mentions of aggregate scores
survive.

B.6 Association Measures and LR
Formulations

Likelihood Ratio (LR) We list each LR variant
below. For all three, A and B are sets of papers
de�ned by the presence of a speci�c term.

Metric (or criteria)–task LR: A = papers with
a speci�c task, B = papers with a speci�c metric
(note that B 6� A):

LR metricjtask(A ! B) =
P (BjA)

P (Bj:A)
(1)

Metric–criteria LR: A = papers with a speci�c
metric, B = papers with a speci�c criterion:

LR criteriajmetric(A ! B) =
P (BjA)

P (Bj:A)
(2)



Excluded task Reason

Code Generation Not natural language output; veri�ed by execution, not text quality
Mathematical Reasoning Evaluated by answer correctness against gold answer, not linguistic criteria
Math Problem Solving Same as Mathematical Reasoning
Math Reasoning Same as Mathematical Reasoning
Text-To-SQL Generation Query output; veri�ed by execution accuracy
Semantic Parsing Meaning representation; evaluated by exact/graph match
Instruction Following Measures constraint compliance (task success), not text quality
Language Modeling Evaluated intrinsically (perplexity)
Natural Language Inference Classi�cation
Text Classi�cation Classi�cation
Multiple Choice QA Discriminative selection scored by accuracy
Sentiment Analysis Classi�cation
Named Entity Recognition Sequence labeling scored by span F1; no new text generated
Automatic Speech Recognition Transcription of given content; not open-ended generation
Text-To-Speech Generation Audio output; evaluated on acoustic criteria, not text

Table 11: Excluded Tasks and Reasons

Top excluded tasks Top-3 evaluation metrics

Code Generation (401) Accuracy (33%), pass@k
(30%), Exact Match (15%)

Instruction Following (131) Accuracy (41%), Win Rate
(28%), ROUGE (16%)

Math Reasoning, all variants
(154)

Accuracy (73%), pass@k
(24%), Exact Match (14%)

Text-to-SQL Generation (41) Execution Accuracy (46%),
Exact Match Accuracy
(32%), Exact Match (24%)

Semantic Parsing (55) Exact Match (36%), Accu-
racy (29%), Exact Match Ac-
curacy (24%)

Language Modeling (102) Perplexity (78%), Accuracy
(36%), BLEU (24%)

Table 12: Top-3 metrics for newly added tasks

Field Mean (1–3)

Q1: tasks 2.62
Q1: datasets 2.71
Q1: languages 2.88
Q1: NLG models 2.52
Q1: output formats 2.52
Q2: automatic metrics 2.69
Q3: LaaJ models 2.91
Q3: LaaJ methods 2.79
Q3: LaaJ criteria 2.88
Q4: human-eval methods 2.79
Q4: human-eval criteria 2.79

Table 13: LLM-extraction �eld-level Likert scores (60
papers; 1=mismatch, 2=partial, 3=full match). Means
above 2.5 across all �elds indicate that LLM extraction
substantially aligns with human annotators.

Dunning G2 test For a2�2 contingency table
with cells(k11; k12; k21; k22) (wherek11 = papers
with both A and B,k12 = papers with A but not B,
k21 = papers with B but not A,k22 = papers with
neither), the G2 statistic is:

G2 = 2
X

i;j

Oij ln
Oij

E ij
; E ij =

r i � cj

N
(3)

wherer i and cj are row and column marginals
andN is the total number of papers.G2 � � 2

1
underH0 (independence), giving ap-value directly.
We apply Benjamini–Hochberg FDR correction
(Benjamini and Hochberg, 1995) to allp-values
within each analysis family and keep pairs with
adjusted p � 0:05.

Illustrative example of LR and G2 computation
Table 14 illustrates LR andG2 on two real pairs
from our data. In both cases, papers are split by
whether they contain term A and/or term B, forming
a 2�2 contingency table:

B :B

A k 11 k12

:A k 21 k22

Example A is a task–metric pair (A = task,B =
metric) drawn from allN = 3;334 papers. Exam-
ple B is a metric–criterion pair (A = metric,B =
criterion) drawn from theN = 1;711 papers that
report human evaluation. Despite near-identical
LR (� 9:2 –9:4), the two examples reach opposite
conclusions because k11 differs by a factor of 45.



Table 14: LR andG2 on two real pairs from our data with nearly the same LR but opposite signi�cance outcomes.
Example A (task–metric): A = question answering, B = exact match; full set (N = 3;334). Example B (metric–
criterion): A = coverage, B = relative factual accuracy (QCET QEC-c-2); human-evaluation subset (N = 1;711).
The large difference ink11 (136 vs. 3) drives the difference inE11 and henceG2, producing opposite conclusions
after BH-FDR correction.

Example A Example B
(QA ! exact match) (coverage ! rel. factual accuracy)

N (papers) 3,334 1,711
k11 (A and B) 136 3
k12 (A, not B) 326 19
k21 (B, not A) 90 25
k22 (neither) 2,782 1,664

P (BjA) = k 11 =n+ 136=462 = 0:294 3=22 = 0:136
P (Bj:A) = k 21 =n� 90=2872 = 0:031 25=1689 = 0:015
LR = P (BjA)=P (Bj:A) 9.4 9.2

E11 = n + (k11 + k 21 )=N 31.3 0.36
G2 292.4 8.0
Raw p-value <0:001 0:0046
BH-FDR-adj. p <0:001 0:175

Signi�cant (adj. p � 0:05)? Yes No



C Additional Results

Key Description

Q1: NLG task presence (answer_1)
answer “Yes” if the paper addresses any NLG task.
quote Verbatim excerpt supporting the decision.
tasks NLG tasks (e.g., Summarization, MT, Para-

phrase Gen, or Other:<task>).
datasets List of datasets used for generation/evaluation.
languages List of languages (e.g., English, Chinese).
models List of models used to generate outputs.
outputs Short description of the generated output type.

Q2: Automatic evaluation metrics (answer_2)
answer “Yes” if automatic metrics are used.
quote Excerpt mentioning automatic evaluation.
metrics List of metrics (e.g., BLEU, BERTScore).

Q3: LaaJ (answer_3)
answer “Yes” if an LLM is used after generation.
quote Excerpt describing LLM-based evaluation.
models Names of LLMs used as judges.
methods Procedure (e.g., pairwise, scoring prompt).
criteria Rubric properties (e.g., �uency, coherence).

Q4: Human evaluation (answer_4)
answer “Yes” if humans evaluate generated outputs.
quote Excerpt mentioning human evaluation.
guideline Instructions given to human raters.
criteria Explicit criteria (e.g., �uency, coherence).

Table 15: Schema of the JSON object returned by the
LLM for each paper.

Model Q1 Q2 Q3 Q4

DeepSeek-R1 91.97 93.69 95.28 94.32
GPT-OSS-120B 80.68 89.86 95.52 94.93
Qwen3-235B 92.42 94.58 95.01 95.14

Krippendorff's � 0.7101 0.6879 0.8048 0.8124

Table 16: Pairwise agreement (%) between each LLM
and LLM-harmonized results (row 1-3), and Krippen-
dorff's � among the three LLMs.

Model Q1 Q2 Q3 Q4

DeepSeek-R1 63.5 69.0 16.0 27.1
GPT-OSS-120B 48.5 59.9 15.4 26.7
Qwen3-235B 65.1 70.3 18.7 34.4
Majority Voting 60.8 65.9 15.9 28.3
LLM-harmonized 56.6 56.5 14.0 26.5

Table 17: Yes percentage across all models and ques-
tions, for the four binary questions from three LLMs,
along with their majority votes and LLM-harmonized
results.



Conference Total NLG NLG% Tasks Datasets Languages NLG Models Auto Metrics LaaJ Crit. Human Crit. LaaJ Models

ACL-2020 778 297 38.2 115 561 92 1029 314 0 227 0
ACL-2021 571 243 42.6 124 582 76 751 277 0 231 1
ACL-2022 603 275 45.6 196 686 88 842 365 5 284 5
ACL-2023 910 463 50.9 319 1202 162 1211 582 28 409 22
ACL-2024 864 591 68.4 506 1546 190 1392 841 375 586 97
ACL-2025 1600 1096 68.5 832 2596 233 2221 1667 918 1050 309

EMNLP-2020 751 291 38.7 159 578 86 910 323 0 219 1
EMNLP-2021 847 326 38.5 151 674 131 1004 410 1 270 4
EMNLP-2022 828 381 46.0 247 950 193 1062 436 14 358 23
EMNLP-2023 1047 553 52.8 395 1401 231 1297 727 148 477 37
EMNLP-2024 1268 823 64.9 634 1985 339 1735 1122 506 706 160
EMNLP-2025 1809 1374 76.0 994 3073 225 2438 2027 1064 1123 341

INLG-2020 46 44 95.7 31 96 11 137 78 3 56 1
INLG-2021 45 44 97.8 29 89 28 116 72 0 89 0
INLG-2022 25 23 92.0 24 57 12 89 44 0 47 0
INLG-2023 36 36 100.0 27 94 23 107 77 9 65 2
INLG-2024 53 51 96.2 43 100 28 212 103 32 86 7
INLG-2025 50 43 86.0 36 121 15 146 101 58 75 41

NAACL-2021 477 177 37.1 105 394 55 554 279 1 171 2
NAACL-2022 442 184 41.6 125 462 62 569 262 0 191 0
NAACL-2024 486 288 59.3 253 850 234 740 445 144 313 42
NAACL-2025 635 416 65.5 331 1131 153 1023 770 400 468 114

Total 14171 8019 56.6 3308 11289 801 12995 6805 2752 4953 783

Table 18: Statistics of total number of papers, NLG papers, and unique number of term counts of tasks, datasets,
languages, NLG models, automatic metrics, LaaJ criteria, human criteria, and LaaJ models. NLG papers are counted
after LLM harmonization. The number of total papers in ACL and EMNLP increased signi�cantly in 2025.



Figure 7: Heatmap of task-year distribution of the top-30 tasks. Both the total number and percentage per year are
shown. The percentage of MT is decreasing while QA-related tasks increase signi�cantly (QA, VQA).
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