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Abstract

Cultural heritage institutions increasingly
disseminate research and interpretive ma-
terials globally, but multilingual dissem-
ination is constrained by limited budgets
and staffing. In terminology-dense do-
mains such as rock art, translation qual-
ity depends on accurate, consistent spe-
cialised terms, and small lexical errors can
mislead non-specialists and reduce reuse.
We compare three English MT setups for
a Spanish academic rock art text, focus-
ing on simple, operationally feasible in-
terventions rather than complex model-
side modifications: (1) DeepL as a strong
NMT baseline, (2) Gemini-Simple (LLM
with a basic prompt), and (3) Gemini-RAG
(the same LLM with glossary-augmented
prompting via term-pair retrieval). Using
PEARMUT, we conduct a human evalua-
tion via (i) multi-way Direct Assessment
(0–100) and (ii) targeted terminology au-
diting with a restricted MQM taxonomy.
Gemini-RAG yields the highest exact-
match terminology accuracy (81.4%), ver-
sus Gemini-Simple (69.1%) and DeepL
(64.4%), while preserving overall quality
(mean DA 85.3 Gemini-RAG vs. 85.2
Gemini-Simple), outperforming DeepL
(80.3). These results show that glossary-
augmented prompting is a low-overhead
way to improve terminology control in
cultural-heritage translation if institutions
maintain minimal terminology resources
and lightweight evaluation procedures.
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Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

1 Introduction

Digital infrastructures have expanded the reach
of cultural heritage scholarship and interpretation,
but multilingual access remains uneven. Large
platforms (e.g., Europeana and related initiatives)
have explicitly explored machine translation (MT)
as a route to scaling multilingual access to her-
itage metadata and content, reflecting institutional
pressures to broaden accessibility without pro-
portionate growth in translation budgets (Kaldeli
et al., 2022). Cultural heritage also appears in
global sustainability agendas, including SDG Tar-
get 11.4 (“protect and safeguard the world’s cul-
tural and natural heritage”), which reinforces the
societal value of dissemination and accessibility
(UNESCO Institute for Statistics, 2025; Petti et al.,
2020).

In this context, rock art dissemination is a partic-
ularly demanding challenge for MT. Rock art doc-
umentation and interpretation rely on specialised
vocabulary (Domingo et al., 2013; Valdez-Tullett
and Figueiredo Persson, 2023). Within rock art
dissemination, translation errors may constitute a
critical problem: a mistranslated motif label or an
inconsistent rendering of a chronocultural category
can distort interpretation and reduce trust, espe-
cially when translations are reused for education,
outreach, or indexing.

The recent rise of large language models
(LLMs) has shifted the MT landscape (Brown et
al., 2020). LLMs often produce fluent translations
under simple instructions (Gao et al., 2023; Jiao et
al., 2023), but professional acceptance frequently
depends on control of these technologies - espe-
cially terminology fidelity and consistency in spe-
cialised domains (see, for example, Briva-Iglesias
et al. (2024) in legal translation). Terminology



control has a long history in MT research (e.g.,
lexically constrained decoding for NMT) (Hasler
et al., 2018; Post and Vilar, 2018).

For LLMs, “control” often takes the form of
prompting strategies or augmentation with exter-
nal resources such as dictionaries or glossaries
(Kim et al., 2024). A practical and increasingly
common approach is retrieval-augmented genera-
tion (RAG), in which relevant context is retrieved
and injected into the prompt to steer output (Lewis
et al., 2020). This paper has two overarching re-
search questions relevant to AI-assisted heritage
dissemination workflows:

• RQ1. How do an LLM baseline and
a glossary-augmented LLM compare to a
strong commercial NMT baseline for over-
all translation quality of a terminology-dense
rock art text?

• RQ2. Does lightweight glossary augmen-
tation measurably improve terminology ac-
curacy (exact-match to preferred English
forms) and reduce terminology error types
(wrong/missing/inconsistent), as judged by
professional annotators?

To answer these questions, we conduct a small-
scale human evaluation using PEARMUT (Zouhar
and Kocmi, 2026), combining multi-way direct
ment (DA)-style quality ratings with targeted ter-
minology evaluation under a restricted MQM tax-
onomy. We then interpret results through the lens
of deployability: what minimal resources are suf-
ficient to produce meaningful gains in terminology
control for cultural heritage dissemination via AI-
powered language technologies.

2 Background and related work

Specialised translation requires both the trans-
fer of vocabulary from one language to another
and the mediation of domain-specific knowledge
through linguistically and conceptually appropri-
ate forms. Across terminology studies and trans-
lation studies, terminology is commonly treated
as the organising principle of specialised dis-
course and, by extension, a central component of
specialised translation (Cabré i Castellvı́, 1999;
Cabré i Castellvı́, 2000; Montero Martı́nez and
Faber Benı́tez, 2009; Scarpa, 2020). Terms are
embedded in conceptual systems rather than func-
tioning as isolated lexical units, which means that

translation problems in specialised domains of-
ten arise from mismatches between knowledge
structures, disciplinary conventions, and preferred
usage rather than from language alone (Cabré i
Castellvı́, 2000; Faber Benı́tez and Lopez Ro-
driguez, 2012; Maksymenko et al., 2023).

These concerns become especially acute in cul-
tural heritage. Like highly standardised scientific
and technical domains, cultural heritage commu-
nication often combines specialist description, in-
terpretation, institutional mediation, and public-
facing dissemination. However, translation in her-
itage contexts is also shaped by practical con-
straints such as cost, time, and spatial limitations,
especially where multilingual provision must fit
fixed label formats or platform-specific require-
ments (Ghazi, 2022; Liao, 2018). At the same
time, heritage institutions increasingly need to dis-
seminate content across languages at scale. Eu-
ropeana Translate is a clear example of this ten-
dency, having explored MT as a way of increasing
multilingual access to cultural heritage resources
(Kaldeli et al., 2022).

Other terminological initiatives in cultural her-
itage protection and documentation, including re-
sources associated with FISH and Getty, as well
as broader work on AI and cultural heritage pro-
tection, show that structured terminologies are al-
ready recognised as essential infrastructures for
description, documentation, and access (Colace et
al., 2025; Forum on Information Standards in Her-
itage, 2024; Forum on Information Standards in
Heritage, 2026; Getty Research Institute, 2017;
Getty Research Institute, 2021). However, these
resources are often fragmented, unevenly multilin-
gual, or not easily operationalised within transla-
tion workflows. As a result, institutions frequently
rely on “good-enough” and risk-managed multi-
lingual dissemination strategies rather than fully
standardised end-to-end solutions (Kaldeli et al.,
2022).

Rock art provides a particularly revealing test
case within this broader heritage landscape. Rock
art scholarship depends on descriptive terminol-
ogy for motifs, techniques, surfaces, and record-
ing practices, but also on interpretive categories
and chronocultural labels that may be historically
layered, theoretically contested, and shaped by lo-
cal research traditions (Whitley, 2005; Mazel et al.,
2007). This makes terminology in rock art unusu-
ally sensitive for translation. Recording and anal-



ysis in the field increasingly rely on digital meth-
ods and enhancement tools, and digital archaeol-
ogy has further expanded the visibility and reuse
of rock art documentation in research and dissem-
ination contexts (Domingo et al., 2013; Valdez-
Tullett and Figueiredo Persson, 2023). In such
settings, terminology errors are not trivial: they
can misrepresent archaeological content, confuse
non-specialist readers, and weaken indexing and
retrieval across repositories and heritage platforms
(Mason, 2006). The problem is compounded by
the fact that rock art terminology is not fully sta-
ble even within the field itself. Chippindale (2001)
highlighted the lack of standardised terminology
and even questioned the use of the term art for cer-
tain markings, while Mazel, Nash, and Wadding-
ton (2007) similarly point to the absence of inter-
national consensus on key lexical units. This in-
stability makes terminological support resources
especially valuable. Existing glossaries and ref-
erence resources illustrate the field’s ongoing ef-
fort to consolidate and clarify terminology for
both professional and broader audiences (Bed-
narik, 2003, 2010, 2026; Bradshaw Foundation,
n.d.; Research Laboratories of Archaeology, n.d.;
Sabo and Sabo, 2006; Scottish Rock Art Project,
2021).

In this context, evaluating MT for rock art
dissemination requires more than a general as-
sessment of fluency. It requires explicit atten-
tion to terminology control. In NMT, terminol-
ogy constraints have been studied extensively, par-
ticularly through lexically constrained decoding,
which shows that enforcing user-specified terms is
possible but not trivial (Hasler et al., 2018; Post
and Vilar, 2018). In LLM-based translation, con-
trol is more often implemented through prompting
and augmentation with external lexical resources
than through decoding-level constraints (Gao et
al., 2023). Recent work suggests that dictionary-
and glossary-based augmentation can improve the
translation of rare or specialised items by injecting
structured lexical guidance into the prompt (Kim et
al., 2024). Retrieval-augmented generation (RAG)
provides a broader framework for this type of in-
tervention, allowing relevant external information
to be retrieved dynamically and supplied at gen-
eration time without retraining the model (Lewis
et al., 2020). For terminology-sensitive heritage
workflows, this is particularly attractive because it
offers a lightweight and operationally feasible way

to increase lexical control.
The question then becomes how such gains

should be evaluated, provided that evaluation of
translation quality is a complex issue (Rossi and
Carré, 2022), and in such specialised domains the
evaluation only becomes more complicated. Hu-
man evaluation remains the most informative ap-
proach for MT quality assessment (Läubli et al.,
2020), even if practical constraints often encourage
over-reliance on automatic metrics (Han, 2018).
Direct Assessment (DA) has been widely used to
capture overall translation quality through continu-
ous human judgments (Graham et al., 2015), while
MQM offers a structured framework for diagnos-
ing specific error types, including terminology-
related problems (Kocmi et al., 2025). More
recently, PEARMUT has been proposed as a
lightweight platform for implementing DA-, er-
ror span annotation, and MQM-style evaluation
protocols with lower setup overhead (Zouhar and
Kocmi, 2026). For the present study, this combi-
nation is especially relevant. In a domain such as
rock art, a translation can be globally fluent and
adequate while still failing to follow preferred ter-
minology. A methodology that combines holistic
assessment (DA-based evaluation) with targeted
terminology auditing (MQM-based evaluation) is
therefore better suited to the actual problem than
either approach alone. This is precisely the gap
addressed in the present paper: not whether AI
systems can produce fluent English translations of
heritage texts, but whether lightweight glossary
augmentation can improve terminology control in
a domain where lexical precision, consistency, and
interpretive trust are crucial.

3 Materials

3.1 Source text and glossary

The source material is a Spanish academic rock
art text divided into 91 segments, totalling 1,743
Spanish words. This text is a fragment from a pub-
lished paper in Rock Art Research (De Lara López
et al., 2025). The text is a complex document
that contains specialised rock art terminology. The
text was segmented using sentence-level segmen-
tation aligned with punctuation in the original pub-
lication: segments are short enough for reliable
comparative judgement while preserving local dis-
course coherence.

We also use a bilingual glossary of 200 Spanish-
English preferred term pairs as the terminology



resource for glossary-augmented prompting and
for terminology evaluation. For the targeted ter-
minology evaluation, we restrict analysis to glos-
sary terms that actually appear in the source text:
44 distinct expected English terms, with 194 total
term occurrences across the 91 segments. We also
add non-relevant terms to the glossary to add noise
to the retrieval of the content and assess how the
MT systems perform. This glossary was created
by one of the authors following the recommenda-
tions of good practices in the revised material.

3.2 Systems compared

We compare three English MT configurations for
the same Spanish segments: First, we use DeepL
as the NMT baseline. It is a commercial NMT sys-
tem accessed via API at the time of translation,
on March 2026, selecting the “Classic Language
model” (NMT) as opposed to the “Next-gen lan-
guage model” (LLM) (DeepL SE, 2026).

Second, we use gemini-3.1-pro-preview in a
configuration that we call “Gemini-Simple”. This
is our LLM baseline and was accessed via API
and a temperature of 1. While lower temperatures
(e.g., 0 or 0.2) are traditionally favoured to max-
imize determinism, we intentionally retained the
default temperature of 1. This decision serves as a
robust stress test for the RAG intervention: if we
give the model its full generative variance, we eval-
uate whether lightweight prompt augmentation is
strong enough to override the LLM’s inherent lex-
ical fluidity. Gemini-Simple uses a commercial
LLM system with a minimal prompt (“Translate
the following text from Spanish to English”), with-
out explicit terminology guidance, and using the
recommendation by Jiao et al. (2023), ranking no.
3 in LMArena at the time of writing, March 2026
(Chiang et al., 2024). This indicates that it is a
frontier model.

Third, we use gemini-3.1-pro-preview in a con-
figuration that we call “Gemini-RAG”. This is
our glossary-augmented LLM and was accessed
via API and a temperature of 1. This system uses
the same LLM as “Gemini-Simple”, but we add
prompt augmentation via lightweight retrieval of
relevant glossary entries. For each segment, we
retrieve glossary entries whose Spanish term ap-
pears in the segment (case-insensitive exact string
match, allowing simple punctuation boundaries).
Retrieved entries are formatted as explicit con-
straints (“Use the preferred English term exactly

as written; keep consistent across the text”). This
is a deliberately lightweight “RAG-inspired” oper-
ationalisation: retrieval is deterministic and trans-
parent, and augmentation is achieved by injecting
the term list into the prompt rather than modifying
decoding or retraining. This strategy is motivated
by two strands of literature: (i) RAG as a general
mechanism for injecting external knowledge into
generation (Lewis et al., 2020), and (ii) evidence
that dictionary/glossary augmentation can improve
translation performance on difficult lexical items
(Kim et al., 2024).

4 Method

4.1 Human evaluation design in PEARMUT

Human evaluation was conducted in PEARMUT
using two complementary tasks. The first task tar-
gets overall translation quality through DA-style
scoring. The second targets terminology compli-
ance through a restricted MQM-style audit. The
rationale for combining these two tasks is straight-
forward. If the study relied only on overall qual-
ity, it might miss terminology failures that do not
strongly affect surface readability. If it relied only
on terminology evaluation, it would say little about
whether the translations remain globally accept-
able as English outputs in a specialised translation
domain. The combination of both tasks therefore
reflects the dual nature of the research problem and
allows us to respond to the overarching RQs.

Task 1: Direct Assessment: For the first task,
two annotators were shown the Spanish source
segment together with the three candidate English
MT proposals side by side (see Figure 1). Sys-
tem identities were anonymised and output order
was randomised by segment. Annotators assigned
a score from 0 to 100 to each candidate for over-
all translation quality. In this study, overall qual-
ity was understood holistically, combining mean-
ing preservation with readability and appropriate-
ness for academic dissemination.

Strictly speaking, this is DA-style rather than
classical DA in its original standalone form, be-
cause the outputs are seen in comparison rather
than in isolation. The contrastive interface was
used intentionally. When systems are relatively
close, side-by-side presentation can improve sen-
sitivity to nuanced differences while retaining the
advantages of continuous scoring. Across 91 seg-
ments and three systems, this task produced 273



Figure 1: PEARMUT interface for Task 1 (multi-way DA-style quality rating). For each Spanish source segment, three
anonymised system outputs are shown side by side and scored on a 0–100 scale.

Figure 2: PEARMUT interface for Task 2 (targeted terminology audit). Each item shows the Spanish source segment, the
expected glossary term, and three anonymised system outputs for labeling terminology errors as wrong, missing, or inconsistent.

segment-system ratings.
For analysis, the paper reports mean DA scores

by system, paired per-segment score differences,
95% bootstrap confidence intervals based on 5,000
resamples over segments, and Wilcoxon signed-
rank tests as exploratory inferential support. These
statistics are not presented as proof of universal
system superiority, but as structured ways of de-
scribing the comparative behaviour of the systems
on this specific dataset.

Task 2: Terminology Evaluation: The second
task implemented a terminology-only MQM-style
protocol. Instead of applying a full MQM tax-
onomy across all dimensions of quality (Core,
2025), the study restricts the analysis to “No error”
or three terminology-related labels: wrong term,
missing term, and inconsistent term. Each audit
item displays the Spanish source segment, the ex-
pected English term from the glossary, and the out-

puts from the three systems. Annotators mark a
system output when the preferred target form is not
respected and assign the relevant terminology error
label, if applicable (see Figure 2).

This design significantly reduces annotation
burden while preserving diagnostic relevance for
the paper’s main RQs. Full-scale error annotation
is often unrealistic in small studies involving spe-
cialist translators. By contrast, term-level audit-
ing can be focused, efficient, and closely aligned
with domain-specific quality needs. The fact that
the system also guides the annotator and indicates
what term to expect helps in the costly human
evaluation. The evaluation covers 194 term oc-
currences across the three systems, producing 582
segment-system term checks. Exact-match termi-
nology accuracy is operationalised in the following
way: an item counts as correct only when the ex-
pected preferred English form appears exactly as
specified.



Table 1: DA-style overall quality summary over 91 evaluated segments. Top performing configuration in bold.

System Mean DA score Standard deviation Segments (n)
DeepL 80.27 19.34 91
Gemini-Simple 85.24 16.00 91
Gemini-RAG 85.27 19.05 91

Table 2: Paired segment-level DA comparisons (91 paired segments; bootstrap CIs over segments). Asterisk for statistical
significance.

Pairwise contrast Mean DA difference 95% bootstrap CI Wilcoxon p
Gemini-RAG − DeepL +5.00 [0.27, 9.40] .0078*
Gemini-Simple − DeepL +4.97 [1.65, 8.64] .0020*
Gemini-RAG − Gemini-Simple +0.03 [−4.74, 4.38] .324

Because the same term occurrence is evaluated
across all three MT systems, system comparisons
can be made within item. The paper therefore uses
exact McNemar tests on correct versus incorrect
outcomes as an exploratory way of comparing ter-
minology adherence across systems.

4.2 Annotators and adjudication

One professional annotator with +5 years of
professional experience in specialised translation
completed the full evaluation across both tasks. A
second professional annotator with +10 years of
professional experience in language and transla-
tion technologies then reviewed the completed an-
notations, after which both annotators discussed
questionable cases and aligned final decisions
through adjudication. This process was intended to
improve consistency and reduce annotation drift,
especially for terminology items where the bound-
ary between an exact preferred form and a plausi-
ble but non-preferred alternative can be important.

The design is not equivalent to a full inde-
pendent double annotation procedure. The study
does not report inter-annotator agreement because
it does not include two separate primary annotation
layers. The final judgments are adjudicated expert
decisions, not consensus statistics derived from
parallel annotation. The paper therefore treats the
annotation design as a strength in terms of careful
review, but also as a limitation in terms of formal
evaluator robustness (Artstein, 2017).

5 Results

5.1 Overall translation quality

Across the 91 evaluated segments, the two Gem-
ini conditions received almost identical mean DA-
style scores, and both outperformed the NMT
baseline on this dataset. As shown in Table
1, mean DA scores were 85.27 for Gemini-

RAG, 85.24 for Gemini-Simple, and 80.27 for
DeepL. The corresponding standard deviations
were 19.05, 16.00, and 19.34, respectively, indi-
cating a degree of segment-level variability across
all systems that is typical of small, domain-specific
evaluation sets.

Paired per-segment comparisons, summarised
in Table 2 point in the same direction. Gemini-
RAG exceeded DeepL by an average of 5.00 DA
points (95% bootstrap CI [0.27, 9.40]; Wilcoxon
p=.0078), and Gemini-Simple exceeded DeepL
by 4.97 points (95% CI [1.65, 8.64]; Wilcoxon
p=.0020), with statistically significant differences.
By contrast, the difference between the two Gem-
ini conditions in DA scores was minimal and not
significant (+0.03 points; 95% CI [−4.74, 4.38];
Wilcoxon p=.324). These results suggest that, for
this terminology-dense rock art text, both LLM
configurations were judged more favourably than
the NMT baseline in terms of overall perceived
quality, while glossary augmentation did not ma-
terially alter the holistic acceptability of the LLM
output in DA scores.

This pattern is consistent with broader observa-
tions in the recent MT and LLM literature: cur-
rent LLM-based translation outputs are often per-
ceived as highly fluent and readable under rela-
tively simple prompting conditions, even when the
main practical challenges lie elsewhere, such as
in lexical control, consistency, or domain align-
ment (Kim et al., 2024; Brown et al., 2020; Briva-
Iglesias et al., 2024). The present results there-
fore suggest that the principal value of glossary
augmentation in this study does not lie in im-
proving already strong surface-level quality, but in
strengthening terminology governance without de-
grading overall translation quality, as described be-
low.



Table 3: Exact-match terminology accuracy over 194 audited term occurrences per system. Top performing configuration in
bold.

System Correct terms Accuracy (%) Audited terms (n)
DeepL 125/194 64.43 194
Gemini-Simple 134/194 69.07 194
Gemini-RAG 158/194 81.44 194

Table 4: Pairwise exact McNemar tests for terminology correctness. Asterisk for statistical significance.

Pairwise contrast Exact McNemar p
Gemini-RAG vs. DeepL <.00001*
Gemini-RAG vs. Gemini-Simple <.001*
Gemini-Simple vs. DeepL .064

5.2 Exact-match terminology accuracy

Terminology results showed a clearer separa-
tion between systems than the overall quality
scores. Over the 194 audited term occurrences,
exact-match terminology accuracy was highest
for Gemini-RAG, which achieved 81.44% cor-
rectness (158/194), followed by Gemini-Simple
with 69.07% (134/194) and DeepL with 64.43%
(125/194), as presented in Table 3. These find-
ings indicate that the most pronounced empirical
advantage in the study lies in terminology adher-
ence rather than in general fluency or adequacy.

Pairwise within-item comparisons reinforce this
interpretation. As shown in Table 4, Gemini-RAG
significantly outperformed both baselines under
exact McNemar testing: Gemini-RAG vs. DeepL:
p = .00001; Gemini-RAG vs. Gemini-Simple: p =
.001. By contrast, the difference between Gemini-
Simple and DeepL did not reach statistically sig-
nificance (p = .064). In other words, the non-
augmented LLM baseline was not clearly superior
to the NMT baseline in strict terminology compli-
ance, whereas the glossary-augmented LLM was.

This is a key result for the paper’s overall ar-
gument. Prior work on terminology integration in
both NMT and LLM-based translation has shown
that lexical control remains a persistent difficulty
and often requires explicit intervention, whether
through constrained decoding, dictionary augmen-
tation, or prompt-based lexical steering (Hasler
et al., 2018; Post and Vilar, 2018; Kim et al.,
2024). The present case study supports that liter-
ature from a specialised translation perspective in
general, and a cultural heritage perspective in par-
ticular: a lightweight glossary-augmentation strat-
egy was sufficient to produce a substantial gain in
exact preferred-term adherence without requiring
retraining or more complex decoding methods.

5.3 Terminology error profile

A more fine-grained view of terminology be-
haviour emerges from the error-type distribution.
Counting annotated terminology spans under the
restricted MQM taxonomy yielded interesting re-
sults worth discussing (Table 5).

Two patterns are especially noteworthy. First,
“wrong term” and “inconsistent term” dominate
the error profile of the baseline systems. This sug-
gests that, when no explicit terminology guidance
is supplied, the systems frequently rely on uncon-
trolled lexical choice or oscillate across competing
English renderings for conceptually related items.
This is supported by recent research on contex-
tual issues of MT (Castilho and Knowles, 2025).
Second, Gemini-RAG substantially reduces both
wrong-term and inconsistency errors, but intro-
duces a small number of “missing term” cases.
This indicates that the glossary-augmented system
is more disciplined overall, yet still occasionally
avoids the preferred form through paraphrase or
omission, which is penalised under the strict exact-
match definition used in this study.

This shift in the error profile is significant. In
practical post-editing terms, research supports that
repeatedly normalising inconsistent or systemati-
cally non-preferred lexical choices across a doc-
ument set is often more burdensome than deal-
ing with a smaller number of isolated omissions
(Briva-Iglesias, 2024). From that perspective, the
contribution of glossary augmentation is not only
higher accuracy, but a potentially more manage-
able error landscape for human reviewers. This is
in line with broader translator-centred arguments
for terminology-aware AI workflows, where the
goal is not merely better output, but output that is
easier to verify, standardise, and maintain across
institutional materials (Scarpa, 2020; Fóris and
Faludi, 2021).



Table 5: Terminology error profile under the restricted MQM taxonomy. Top performing configuration in bold. Lower is better

System Wrong term Inconsistent term Missing term Total error spans
DeepL 40 37 0 77
Gemini-Simple 37 31 0 68
Gemini-RAG 20 14 6 40

5.4 Illustrative qualitative examples
The terminology evaluation surfaced several recur-
ring cases in which Gemini-RAG aligned output
more closely with preferred domain terminology
than Gemini-Simple and DeepL. One representa-
tive example concerns the Spanish term “pinturas
rupestres”, for which the preferred English form in
the glossary was “rock paintings”. In the baseline
conditions, the systems frequently produced “cave
paintings”, which is plausible in general English
but not equivalent in all archaeological or heritage
contexts and may imply a narrower spatial setting.
Gemini-RAG was much more likely to follow the
preferred form, thereby aligning more closely with
the project’s terminological policy.

At the same time, the qualitative evaluation also
revealed the limits of the exact-match evaluation.
In a smaller number of instances, Gemini-RAG
generated a fluent paraphrase or reformulation that
avoided the exact preferred target form. Under
the study’s evaluation protocol, such cases were
counted as incorrect, even when the broader mean-
ing remained acceptable. This illustrates both
the strength and the strictness of the terminology-
oriented metric: it is well suited to assessing com-
pliance with a defined term list, but it is narrower
than a general measure of semantic adequacy.

These examples are important because they
ground the quantitative findings in domain-
relevant translation behaviour. They show why
terminology-sensitive evaluation cannot be re-
duced to a generic fluency-adequacy judgment,
especially in cultural heritage and archaeology,
where lexical choices often carry conceptual and
interpretive weight (Chippindale, 2001; Mazel et
al., 2007; Bednarik, 2010; Bednarik, 2026).

6 Discussion

6.1 Main findings
This study provides evidence that lightweight glos-
sary augmentation and a simple and easily deploy-
able approach can yield substantial gains in ter-
minology adherence without sacrificing perceived
overall translation quality in a terminology-dense
rock art dissemination task. The present results are

noteworthy in showing that even lightweight in-
terventions can produce substantial improvements
in terminology control. As shown in Tables 1–5,
the two Gemini conditions were almost indis-
tinguishable in overall quality, yet clearly sep-
arated in exact-match terminology performance,
with Gemini-RAG outperforming both Gemini-
Simple and DeepL.

The central implication is that glossary aug-
mentation contributes primarily by improving ter-
minological control, not by dramatically chang-
ing surface-level fluency. This distinction mat-
ters. Current LLMs already produce highly read-
able output under relatively simple prompts (Gao
et al., 2023; Jiao et al., 2023; Hendy et al., 2023),
but specialised translation requires more than read-
ability. Specialised translation requires alignment
with preferred domain terminology and institu-
tional practice (Briva-Iglesias, 2025). Prior work
on terminology-constrained NMT and glossary-
augmented LLM translation has repeatedly argued
that lexical control is one of the key barriers to ro-
bust deployment in specialised domains (Hasler et
al., 2018; Post and Vilar, 2018; Kim et al., 2024).
The present results support that argument in a cul-
tural heritage setting, but opens the discussion of
the applicability of RAG-augmented LLM transla-
tion in other specialised domains.

Just as importantly, these gains were achieved
through a low-overhead, transparent intervention:
retrieve relevant glossary entries and inject them
into the prompt. No fine-tuning, document-
level retrieval pipeline, or specialised constrained-
decoding infrastructure was required. In practical
terms, this suggests that even modest terminology
resources may already provide meaningful lever-
age when paired with LLM-based translation.

6.2 Why DA alone is not enough for
terminology-sensitive domains

A key methodological takeaway is that overall
quality evaluation and terminology compliance do
not fully coincide. As the contrast between Tables
1 and 3 makes clear, Gemini-Simple and Gemini-
RAG appear nearly identical if one looks only at
mean DA scores, yet they differ substantially in



terminology adherence. Segment-level inspection
also showed cases where translations received high
DA scores while still missing preferred terms. This
divergence is not accidental, and it follows from
the nature of the evaluation constructs themselves.
DA is designed to capture perceived overall qual-
ity, whereas terminology auditing tests whether a
translation conforms to an explicit lexical policy.

For specialised translation in general, and pro-
fessional heritage dissemination in particular, this
distinction is crucial. A non-preferred term may
still be fluent, plausible, and broadly adequate,
which means it may escape strong penalty in an
overall scoring task. Yet from an institutional
perspective, that same term may still be undesir-
able because it undermines consistency, affects in-
dexing, or departs from accepted disciplinary us-
age. MQM-style approaches are helpful precisely
because they allow these dimensions to be sepa-
rated analytically rather than collapsed into a sin-
gle global score (Lommel et al., 2014).

The present study therefore supports a two-
layer evaluation design for terminology-sensitive
domains: one layer for broad overall quality (i.e.
DA) and another for terminology-specific com-
pliance. In small-scale studies and institutional
pilot projects, this combination offers consider-
ably more diagnostic value than either measure
alone while remaining feasible within the lighter-
weight evaluation environment enabled by PEAR-
MUT (Zouhar and Kocmi, 2026).

6.3 Implications for cultural heritage
institutions and translators

From an operational perspective, the results sup-
port a pragmatic strategy for institutions seeking
to scale multilingual dissemination under limited
resources. First, institutions can benefit from cre-
ating or consolidating even a minimal glossary,
prioritising high-impact lexical items such as mo-
tif labels, technique names, chronocultural cate-
gories, and conservation vocabulary. Second, glos-
sary entries can be injected selectively through
deterministic RAG rather than passed wholesale
to the model, preserving simplicity and trans-
parency. Third, quality evaluation can focus on
terminology-sensitive points rather than requiring
full-scale error annotation for every output. This
workflow logic is consistent with the broader her-
itage context, where multilingual dissemination
often has to balance accessibility, budget con-

straints, and institutional trust (Kaldeli et al., 2022;
Ghazi, 2022; Liao, 2018).

For translators and domain experts, the pro-
posed workflow is not a replacement for profes-
sional judgment. It could be understood as a
form of human-centred AI language technology
augmentation (Briva-Iglesias and O’Brien, 2026).
Glossary augmentation can reduce repeated term-
hunting, promote lexical consistency, and give re-
viewers a more explicit basis for quality control,
reducing repetitive corrections, which research
shows increase cognitive load (Läubli and Green,
2019). This aligns with long-standing arguments
in terminology and specialised translation research
that reliable translation depends not only on lin-
guistic competence, but also on documentation
practices and explicit terminological management
(Cabré i Castellvı́, 2010; Scarpa, 2020; Fóris and
Faludi, 2021).

More broadly, the study points toward a realistic
model of AI-assisted heritage translation: not fric-
tionless automation, but a risk-managed workflow
in which lexical control is strengthened through
compact resources and focused human review. In
this respect, the findings are encouraging because
they suggest that institutions do not need exhaus-
tive multilingual termbanks before they can be-
gin to benefit from terminology-aware AI-assisted
dissemination. A small, ad-hoc 200-word glos-
sary substantially improved terminological control
in MT, even when using the same baseline LLM
(Gemini-Simple vs Gemini-RAG).

6.4 Limitations

Several limitations frame the interpretation of the
study. First, the dataset is small and narrow. It con-
sists of a single Spanish rock art text segmented
into 91 units. The findings therefore support a
careful case-study claim, not a generalisable rank-
ing across all heritage texts, all domains, or all lan-
guage pairs. The field would benefit from repli-
cation across additional rock art materials, other
archaeological subdomains, and different institu-
tional text types. For the ease of replicability, the
dataset and human evaluation scores are available
in the following repository: https://zenodo.
org/records/20178898.

Second, the annotation design is limited in
scope. Although the study includes review and
adjudication by a second professional annotator, it
does not include a full independent parallel anno-

https://zenodo.org/records/20178898
https://zenodo.org/records/20178898


tation layer due to budget constraints. This means
that the final decisions are carefully reviewed ex-
pert judgments, but evaluator variability cannot be
quantified through standard agreement measures,
such as inter-annotator agreement. Future work
should address this by including multiple indepen-
dent annotators, if resources allow.

Third, the exact-match terminology metric is in-
tentionally strict. That strictness is appropriate for
testing adherence to a preferred term list, but it
does not capture the full space of acceptable se-
mantic alternatives. Some outputs counted as in-
correct may still be acceptable under a looser pol-
icy. This is not a weakness of the paper so much as
a reminder that evaluation metrics are always tied
to operational goals. Here, the goal is compliance
with preferred forms, not broad semantic permis-
sibility.

Fourth, the systems studied are commercial ser-
vices observed at a specific moment in time (dates
of access and specific settings and models are
provided in the paper). Model behaviour, inter-
faces, and hidden defaults may evolve. The re-
sults therefore describe comparative behaviour un-
der the conditions of this study rather than stable
properties of the systems across time.

6.5 Future work

There are several productive directions for extend-
ing this line of research. One is scale. Future stud-
ies should test the same design on larger and more
varied datasets, including different rock art tradi-
tions, institutional genres, and language pairs. An-
other is annotation robustness. Independent multi-
annotator evaluation would make it possible to es-
timate agreement and better understand how sen-
sitive the findings are to evaluator variation (Art-
stein, 2017). An additional important direction is
to test transfer to other specialised, terminology-
heavy domains, like legal translation and health-
care.

Researching this in more naturalistic tasks
would also be of relevance (Mellinger et al., 2025).
It would be useful to move beyond output qual-
ity alone and examine post-editing effort directly.
If glossary-augmented MT outputs reduce revision
time or decrease the number of terminology cor-
rections required, that would strengthen the prac-
tical case for deployment. Future work could
also explore more contextual evaluation that dis-
tinguishes between exact preferred-form matches,

acceptable variants, and conceptually correct para-
phrases. This would be especially valuable in do-
mains where institutional terminology policies are
flexible rather than strict.

Finally, there is a governance dimension. Cul-
tural heritage institutions adopting AI-assisted
translation need not only technical tools, but also
procedures for glossary maintenance, version con-
trol, policy documentation, and reviewer over-
sight. As AI becomes more embedded in her-
itage dissemination, these organisational questions
will matter as much as model performance (Briva-
Iglesias and O’Brien, 2026).

7 Conclusion

This paper examined terminology-sensitive AI-
assisted translation for cultural heritage dissemi-
nation through a focused Spanish-English rock art
case study. Comparing a commercial NMT base-
line, a minimally prompted LLM baseline, and
a glossary-augmented LLM condition, we found
glossary augmentation produced the clearest ben-
efit in exact-match terminology adherence while
leaving perceived overall translation quality es-
sentially unchanged relative to the non-augmented
LLM. In other words, augmentation’s main value
in this study was not to make translations sound
better in a broad sense, but to make them more
lexically controllable in a domain where preferred
terminology matters.

The study also makes a broader methodological
point. In specialised dissemination contexts, over-
all quality scores do not necessarily imply termi-
nological suitability. A translation may be fluent,
adequate, and readable while still failing to follow
the lexical policy required by a domain or institu-
tion. Therefore, evaluation designs that combine
overall quality with targeted terminology auditing
are especially valuable in specialised workflows.

The paper’s broader contribution is therefore
modest but practical. It shows that a small, explicit
terminology resource can materially improve lexi-
cal control when paired with simple retrieval and
prompt augmentation. For resource-constrained
cultural heritage organisations, this offers a re-
alistic way to strengthen multilingual dissemi-
nation without assuming that generic AI output
alone is sufficient. Glossary-augmented prompt-
ing is not a universal solution, but it is a feasible,
low-overhead control mechanism for terminology-
sensitive cultural heritage dissemination.
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Heinrich Küttler, Mike Lewis, Wen-tau Yih,
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