Translation Memory Systems: Evolution, Retrieval Methods, and
Human-Centred Perspectives

Alicia Picazo-Izquierdo
University of Alicante
alicia.picazo@ua.es

Abstract

This paper traces the evolution of translation
memory systems (TMS) from early lexical
and edit-distance matching to contemporary
semantic, neural, and Al-augmented retrieval
approaches. It reviews TMS as both techni-
cal infrastructures and human-computer inter-
action (HCI) systems within computer-aided
translation (CAT) workflows. Situating itself
within current debates on machine translation,
large language models, and generative Al, the
paper argues that TMS should no longer be
viewed only as segment-reuse databases, but
as hybrid retrieval infrastructures connecting
human translators, institutional language re-
sources, and Al-assisted translation workflows.
The paper examines TM structure, match types,
translator interaction, public resources, shared
tasks, ethical issues of memory reuse, and user
adoption. Finally, it discusses current limita-
tions and future directions involving TM clean-
ing, explainability, provenance-aware metadata,
hybrid lexical-semantic retrieval, and human-
centred Al-assisted translation workflows.

1 Introduction

Translation memories (TM) are databases of
aligned source—target segments that allow trans-
lators to retrieve and reuse previous translations
within computer-aided translation (CAT) work-
flows (Bowker and Fisher, 2010; Samson, 2005;
Reinke, 2018; Mitkov, 2022). Embedded in trans-
lator workbenches, they support consistency, pro-
ductivity, and cost estimation by returning exact,
fuzzy, contextual, or subsegment matches (Reinke,
2018; Christensen et al., 2024). Their usefulness,
however, depends on memory quality, domain fit,
metadata, and interface presentation, not only on
match scores (da Silva Cardoso Teixeira, 2014,
Kriiger, 2016; Vargas-Sierra, 2019).

TMS have evolved from early work on bilin-
gual concordancing, text reuse, and memory-based
translation (Arthern, 1979; Kay, 1980; Melby,
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1981; Sato and Nagao, 1990; Hutchins, 1998) to
mature CAT technologies studied in terms of adop-
tion, usability, translator cognition, and human-
computer interaction (HCI) (Lagoudaki, 2006;
Schjoldager and Christensen, 2010; O’Brien, 2012,
2020). In parallel, following the first work by
Pekar and Mitkov (2007), NLP research has ex-
panded TM retrieval beyond edit distance through
paraphrasing, linguistic transformations, sentence
encoders, semantic retrieval, and automatic clean-
ing (Bloodgood and Strauss, 2014; Gupta et al.,
2016; Timonera and Mitkov, 2015; Ranasinghe
et al., 2020; Barbu et al., 2016; Bhardwa et al.,
2022; Estevanell Valladares et al., 2026).

Recent work further integrates TMs into ma-
chine translation (MT), neural machine transla-
tion (NMT), and LLM-assisted translation, where
retrieved segments provide contextual, domain-
specific, and human-validated evidence (Cao and
Xiong, 2018; He et al., 2021; Cheng et al., 2022;
Hao et al., 2023; Mu et al., 2023; Qian and Kong,
2024). Although previous surveys examined TM
systems and translator perceptions (Lagoudaki,
2006; Schjoldager and Christensen, 2010; Reinke,
2018; Mitkov, 2022), an updated synthesis is
needed to connect classical TM research with se-
mantic retrieval, TM cleaning, public resources,
ethical reuse, and Al-assisted translation work-
flows. This paper reviews translation memory
systems (TMS) as technical, social, and human-
centred infrastructures, covering their history, struc-
ture, HCI dimensions, social ecosystem, retrieval
technologies, and future directions for explainable
and provenance-aware Al-augmented TMS.

2 CAT Tools, Machine Translation, and
Translation Memories

CAT tools are integrated environments that sup-
port file preparation, segmentation, terminology
management, quality assurance, TM retrieval, MT,
review, and delivery (Bowker and Fisher, 2010;
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Figure 1: Translation management workflow integrating
customer requests, TM/MT pre-translation, translator
post-editing, review, TM updating, and delivery (Es-
selink, 2020).
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Samson, 2005; Esselink, 2020). Within these envi-
ronments, MT and TM often appear together, but
they rely on different principles: MT generates
new translations automatically, while TM retrieves
previously translated segments which can be fur-
ther edited by the user (translator) (Reinke, 2018;
Mitkov, 2022).

Figure 1 shows how MT and TM are embed-
ded in a broader workflow, from customer request
and project analysis to pre-translation, post-editing,
review, TM updating, and delivery.

Machine translation is a natural language pro-
cessing task in which a system automatically pro-
duces a target text from a source text. In profes-
sional workflows, MT output is usually treated as
a draft requiring post-editing, terminology control,
and quality verification (O’Brien, 2012; Screen,
2017). Recent neural and LLM-based systems
can also use external resources, including termi-
nology databases and TM examples, to improve
domain consistency and contextual adequacy (Cao
and Xiong, 2018; He et al., 2021; Hao et al., 2023;
Mu et al., 2023; Qian and Kong, 2024).

Translation memories are CAT databases of
past human translations stored as source—target
segment pairs. Unlike MT, TM does not gener-
ate a translation from scratch; it retrieves human-
approved segments that may be reused or adapted
in the current task (Reinke, 2018; Mitkov, 2022).
TM suggestions therefore require match evaluation:
translators must judge whether a retrieved segment
is contextually appropriate, up to date, termino-
logically consistent, and reusable (da Silva Car-
doso Teixeira, 2014; Kriiger, 2016; Vargas-Sierra,
2019). This distinction matters because TM and
MT create different forms of cognitive effort, trust,

and interaction within CAT environments (O’Brien,
2012, 2020).

3 Translation Memories as
Human-Centred Technologies

Beyond retrieval performance, TMS must be under-
stood as human-centred technologies because their
value depends on how translators interact with sug-
gestions, manage cognitive effort, and build trust
in the system.

3.1 Translator Interaction and Cognitive
Effort

When translators work with translation memories,
they engage in an interaction loop in which the
TM engine retrieves and ranks stored segments,
the interface presents suggestions with metadata
such as match percentage, origin, and date, and
the translator accepts, edits, or rejects them before
the memory is updated (Lagoudaki, 2006; da Silva
Cardoso Teixeira, 2014). This makes TMS mixed-
initiative environments in which the system pro-
poses reusable translations, while the translator
evaluates their adequacy and contextual fit (Green
et al., 2014; O’Brien, 2012).

The interaction between the translator and TMs
is a distributed cognitive task, because the trans-
lator’s decisions are partly mediated by TM sug-
gestions rather than holding sole authority over
target-language choices (Dragsted, 2000).

TM use does not automatically reduce cogni-
tive effort. Even high-percentage fuzzy matches
may require careful reading, comparison, and edit-
ing when terminology, style, or context differs
(O’Brien, 2007, 2008; Mellinger and Shreve, 2016).
Eye-tracking, keystroke, and pause-based studies
show that match quality and interface cues influ-
ence translators’ attention, revision behaviour, and
productivity (O’Brien et al., 2010; O’Brien, 2006,
2013; Screen, 2017). Thus, the value of a TM sug-
gestion depends not only on similarity, but also on
the effort needed to verify and adapt it.

3.2 Usability, Trust, and Metadata

Within this interaction loop, the design of the TM
interface has been examined through classic HCI
lenses such as usability, efficiency, and cognitive
ergonomics. Studies of specific interface compo-
nents, such as the concordance search window or
the arrangement of match lists, show how layout, ty-
pography, colour coding and shortcut design shape
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translators’ visual attention and navigation strate-
gies (O’Brien et al., 2010; Kriiger, 2016; Vargas-
Sierra, 2019). A usable TM interface should there-
fore help translators rapidly understand what has
been retrieved, why it is relevant, and whether
it can be trusted in the current context (da Silva
Cardoso Teixeira, 2014; Taravella and Villeneuve,
2013).

Metadata plays a central role in this process. In-
formation such as client, domain, creation date,
previous translator, approval status, and match ori-
gin can help translators judge whether a suggested
translation is reliable or outdated (da Silva Car-
doso Teixeira, 2014; Reinke, 2018). Cognitive-
ergonomic approaches argue for TM designs that
support selective attention, make uncertainty and
origin information legible, and allow translators to
tailor the interface to their workflows rather than
forcing a one-size-fits-all configuration (Kriiger,
2016; Taravella and Villeneuve, 2013). This is par-
ticularly important in Al-assisted workflows, where
translators may need to distinguish between human-
translated, post-edited MT, and LLM-assisted seg-
ments. Provenance-aware metadata can therefore
support trust calibration, responsible reuse, and
better human control over TM suggestions (Park,
2024; Qian and Kong, 2024).

4 Social, Professional, and Ethical
Dimensions of TMS

Translation memory systems are not only CAT re-
trieval tools; they are also professional and insti-
tutional infrastructures shaped by research com-
munities, public resources, industry practices, user
adoption, and ethical questions of reuse. This sec-
tion examines these social, professional, and ethical
dimensions of TMS.

4.1 Research Communities, Workshops, and
Shared Tasks

TM research has evolved from database-oriented
work toward NLP-enhanced retrieval, cleaning,
and TM-MT integration. Dedicated venues such
as Beyond Translation Memories at MT Summit
2009 (BMT, 2009) and the NLP4TM workshops at
RANLP 2015 and LREC 2016 (Orasan and Gupta,
2015; Orasan et al., 2016) helped establish TM as
a focused research area. The 1st Shared Task on
Automatic Translation Memory Cleaning further in-
troduced a benchmark for detecting and removing
low-quality TM units (Barbu et al., 2016). Together,

these venues show a shift from describing TM tools
to evaluating retrieval quality, cleaning methods,
and NLP-enhanced reuse. See also Mitkov (2022),
section ’'Recent developments: New-generation
TM tools — can Language Technology make them
better?’.

Broader initiatives have also shaped TM re-
search. The M3TRA workshop addressed TM—
MT integration and fuzzy-match repair for profes-
sional translation workflows (Bulté et al., 2018).
Recent work on knowledge-enhanced MT and TM-
augmented generation further connects TMS with
neural and Al-assisted translation (Tezcan et al.,
2024; Hao et al., 2023; Mu et al., 2023; Qian and
Kong, 2024).

4.2 Public Translation Memory Resources

Translation memories are often proprietary assets
curated for specific clients, domains, or tasks, but
public TM infrastructures have also become im-
portant for research. A key example is the Eu-
ropean Commission’s DGT-TM, released by the
Directorate-General for Translation, which con-
tains millions of translation units across EU lan-
guages (Steinberger et al., 2012). Related re-
sources, such as JRC-Acquis for EU law and
ECDC-TM for public health, provide large-scale
multilingual data for TM retrieval, MT training,
domain adaptation, and evaluation.

Beyond institutional repositories, the OPUS
repository acts as a critical infrastructure for the
research community by aggregating and converting
parallel corpora into standardized formats. Simi-
larly, MyMemory represents one of the largest col-
laborative TM infrastructures, pooling professional
contributions and web-crawled data. However, pub-
lic and collaborative resources also raise questions
about quality control, provenance, licensing, and
the reliability of reused segments, especially when
they are integrated into commercial or Al-assisted
workflows (Barbu et al., 2016; Negri et al., 2017;
Park, 2024).

4.3 Professional Uptake and User Perception

An important dimension of TMs is how translators
perceive and use them. User surveys, especially
Lagoudaki’s, show that TM impact cannot be as-
sessed only through retrieval performance, but must
also consider adoption, perceived benefits, and lim-
itations (Lagoudaki, 2006; Vargas-Sierra, 2019).
Translators value TMs for consistency, produc-
tivity, and terminology control, especially in repet-
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itive domains, but report problems with noisy
matches, weak contextualisation, interface over-
load, and the effort needed to judge reusability
(Schjoldager and Christensen, 2010; Taravella and
Villeneuve, 2013). This shows that professional
uptake depends not only on retrieval accuracy,
but also on usability, trust, metadata transparency,
and integration with translators’ actual workflows
(da Silva Cardoso Teixeira, 2014; Kriiger, 2016;
Mellinger and Shreve, 2016).

4.4 Ethical and Legal Issues of TM Reuse

The reuse of translation memories also raises eth-
ical and legal issues. TMs often contain client-
specific, domain-specific, or institutionally owned
translations, which makes ownership, consent, con-
fidentiality, and copyright central concerns (Park,
2024). In professional settings, a segment stored in
a TM may be technically reusable but ethically
problematic if it comes from a restricted client
project, contains sensitive information, or lacks
clear licensing and provenance.

These concerns become more pressing in Al-
assisted workflows. If MT or LLM-generated out-
puts are stored in a TM without explicit labels, fu-
ture translators may unknowingly reuse segments
that were only weakly verified, stylistically ho-
mogenized, or affected by machine-generated er-
rors. For this reason, future TMS should include
provenance-aware metadata distinguishing human
translation, post-edited MT, and LLM-assisted out-
put, as well as quality and approval indicators to
support responsible reuse (Park, 2024; Qian and
Kong, 2024; Mu et al., 2023).

Semantic retrieval also raises professional im-
plications for pricing. Conventional fuzzy-match
bands rely on surface similarity and are often used
for billing, but embedding-based retrieval may
identify useful matches that are semantically close
while lexically distant. This may reshape princig
bands in translation projects including embedding-
based TMs.

5 Retrieval Technologies and Quality
Control

Translation memory retrieval ranks stored bilingual
segments for a new source segment using methods
ranging from surface similarity to semantic and
quality-aware approaches. The main challenge is
to retrieve not only similar segments, but reusable
and trustworthy ones for real translation workflows.

5.1 Edit-Distance and Linguistically Aware
Matching

The classical retrieval logic in TMs is based on
surface similarity between the new source segment
and stored translation units. Most systems have
historically relied on edit-distance variants, often
computed at word level and normalized by seg-
ment length (Bloodgood and Strauss, 2014). These
methods are transparent, easy to threshold, and use-
ful for pricing and effort estimation, but they fail
when segments are semantically close yet lexically
different. See Mitkov (2022) for a more detailed
discussion.

In practical CAT workflows, even subsegment
or fragment matches provide reusable phrases or
shorter bilingual units when no full-segment match
is available, and some try to prepair fuzzy matches
automatically, such as Trados Studio’s upLIFT
Fuzzy Match Repair or memoQ’s MatchPatch.

This limitation motivated linguistically-aware
methods that use lemmas, part-of-speech infor-
mation, paraphrases, clause splitting, or other
transformations to improve matching beyond sur-
face overlap (Planas and Furuse, 2000; Gupta and
Orasan, 2014; Chatzitheodorou, 2015; Timonera
and Mitkov, 2015; Gupta et al., 2016; Vanallemeer-
sch and Vandeghinste, 2015). Such methods make
retrieval more flexible while preserving part of the
interpretability of fuzzy matching.

5.2 Semantic and Embedding-Based Retrieval

Embedding-based retrieval represents segments as
dense vectors and retrieves nearest neighbours ac-
cording to semantic similarity. Sentence encoders
can therefore retrieve paraphrases or meaning-
preserving variants that edit distance may miss
(Reimers and Gurevych, 2019; Ranasinghe et al.,
2020). This is useful when translators need concep-
tually similar examples rather than near-identical
repetitions.

SmartMatch illustrates this direction by com-
bining sentence encoders, lexical baselines, and a
vector database in a real-time TM retrieval toolkit,
allowing users to compare retrieval backends, in-
spect top-k matches, and evaluate quality—latency
trade-offs for multilingual TM data (Estevanell Val-
ladares et al., 2026). However, semantic similarity
does not guarantee reusability. Embedding-based
retrieval should therefore be combined with lexi-
cal scores, metadata, domain filters, and interface
cues that help translators judge whether a match is
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trustworthy.

5.3 TM Cleaning and Quality-Aware
Retrieval

Retrieval quality also depends on the quality of
the memory itself. Noisy TMs may contain mis-
aligned pairs, partial translations, wrong-language
segments, inconsistent terminology, encoding er-
rors, or outdated translations. TM cleaning ad-
dresses this by removing or down-ranking unre-
liable translation units using heuristics, feature-
based models, unsupervised methods, or quality-
estimation-inspired approaches (Barbu et al., 2016;
Jalili Sabet et al., 2016b,a; Negri et al., 2017; Wollff,
2016). Recent work shows that even refining a
mostly clean TM can improve downstream MT
quality (Bhardwa et al., 2022).

Recent developments in Al-based quality estima-
tion (QE) and linguistic quality assessment (LQA)
also offer promising directions for TM cleaning and
maintenance. Such models could flag source—target
pairs that appear mistranslated, incomplete, mis-
aligned, terminologically inconsistent, stylistically
divergent, or otherwise unreliable. In professional
TMS, these scores could be used to exclude low-
confidence units from retrieval, down-rank them,
route them for human review, or display quality
warnings to translators.

Quality-aware retrieval shifts the goal from find-
ing the most similar segment to finding the most
reliable and useful one. This requires attention to
alignment quality, domain relevance, recency, ap-
proval status, provenance, and translator feedback,
especially in Al-assisted workflows where TMs
may contain human translations, post-edited MT,
and LLM-assisted segments.

6 Translation Memories in the Neural
and Generative AI Era

With the rise of NMT, LLMs, and generative Al,
translation memories are increasingly integrated
with MT systems in both directions: TMs can pro-
vide domain-specific evidence for MT, while MT
can assist TM workflows by offering suggestions
when no useful fuzzy match is available.

6.1 TM-MT Integration in Professional
Workflows

The integration of translation memories and ma-
chine translation has developed in two comple-
mentary directions. The first uses TM to improve

MT or NMT, where retrieved translation units pro-
vide similar source segments, target translations, or
fuzzy-match signals during decoding (Wang et al.,
2013; Li et al., 2014; Liu et al., 2019). In neu-
ral architectures, TM matches can be encoded as
additional inputs, integrated through gating mech-
anisms, or used to improve domain consistency
and lexical choice (Cao and Xiong, 2018; Eriguchi
et al., 2019; He et al., 2021). Recent work further
extends this idea through graph-based, monolin-
gual, contrastive, and non-autoregressive TM inte-
gration (Xia et al., 2019; Cai et al., 2021; Cheng
et al., 2022; Hao et al., 2023; Xu et al., 2023).

The second direction, which is more visible in
professional CAT workflows, uses MT or NMT to
assist TM systems when no exact or sufficiently
useful fuzzy match is available. In this setting,
MT output is presented alongside TM suggestions,
or used to repair low-quality fuzzy matches, so
that translators can compare, edit, or post-edit the
most useful option (Kanavos and Kartsaklis, 2010;
Koehn and Senellart, 2010; Caro Quintana, 2021).
This external integration became increasingly com-
mon after the improvement of NMT, as CAT tools
began to combine TM matches, MT suggestions,
terminology, and post-editing within the same inter-
face (Zaretskaya et al., 2015; Sdnchez-Gijon et al.,
2019; Screen, 2017). For translators, TM-MT in-
tegration therefore means not only using TM to
improve MT, but also using MT as a fallback or
repair mechanism when TM retrieval alone cannot
provide a useful match. This practical perspective
is central to understanding TMS in the neural and
generative Al era.

6.2 LLM-Assisted Translation and
Retrieval-Augmented Workflows

LLM-assisted translation further expands the role
of TMs by using retrieved segments as examples,
constraints, or contextual evidence for generation
and revision (Mu et al., 2023; Qian and Kong,
2024). This resembles retrieval-augmented gener-
ation: relevant bilingual evidence is first retrieved
from the TM and then used to guide translation,
terminology choice, or post-editing. Semantic re-
trieval is central here because LLLMs may benefit
from conceptually similar examples even when sur-
face similarity is low. SmartMatch illustrates this
direction by combining lexical baselines, sentence
encoders, vector databases, and real-time inspec-
tion for CAT-oriented TM retrieval (Estevanell Val-
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ladares et al., 2026). Still, retrieved examples re-
quire human evaluation, since semantic similarity
does not guarantee contextual, terminological, or
legal reusability.

6.3 Provenance, Explainability, and Human
Control

Al-assisted workflows also introduce risks. If MT
or LLM-generated outputs are stored without clear
labels, future translators may unknowingly reuse
machine-generated, weakly verified, or stylistically
homogenized segments. Future TMS should there-
fore include provenance-aware metadata distin-
guishing human translation, post-edited MT, and
LLM-assisted output (Park, 2024; Qian and Kong,
2024).

Explainability is also needed so that translators
can understand why a segment was retrieved, where
it came from, and how reliable it is. Interfaces
should expose match origin, quality indicators, do-
main information, approval status, and retrieval
rationale. In this sense, the future of TMS is not
full automation, but human-centred retrieval that
supports translator judgment while preserving con-
trol, accountability, and trust.

7 Conclusion

This paper has examined translation memory sys-
tems as evolving technical, social, and human-
centred infrastructures. The discussion shows
that TMS remain central to CAT workflows be-
cause they support consistency, productivity, and
reuse, but their effectiveness depends on more
than retrieval accuracy. Memory quality, meta-
data, domain fit, usability, and translator trust are
equally important. Recent developments in se-
mantic retrieval, TM cleaning, neural MT, and
LLM-assisted translation further reposition TMS
as retrieval resources for Al-supported translation
rather than simple segment-reuse databases. Fu-
ture work should empirically evaluate these hy-
brid retrieval designs with professional translators,
since the practical reusability of semantically sim-
ilar matches depends on how translators interpret,
verify, and adapt them in real CAT workflows.
Several challenges remain. Classical fuzzy
matching is transparent but limited by surface sim-
ilarity, while semantic retrieval improves cover-
age but may return segments that are not directly
reusable. Noisy, outdated, or poorly documented
memories can also reduce reliability, especially

when human translations, post-edited MT, and
LLM-assisted outputs are stored together with-
out clear provenance. Future TMS should there-
fore move toward hybrid lexical-semantic retrieval,
quality-aware cleaning, provenance-aware meta-
data, and explainable interfaces that help translators
understand why a match is suggested and whether
it can be trusted. In this sense, the future of TMS is
not full automation, but human-centred Al support
that strengthens translator judgment, accountability,
and control.
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