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Abstract

Translation Memory (TM) systems are core
components of commercial computer-aided
translation (CAT) tools. However, traditional
fuzzy matching methods often fail to retrieve
semantically relevant content when surface sim-
ilarity is low. We introduce SMARTMATCH!,
an open-source interactive demo and evaluation
toolkit for TM retrieval that connects modern
sentence encoders (including LLM-derived rep-
resentations) and strong lexical/fuzzy baselines
with a vector database, and exposes the end-to-
end retrieval pipeline through a web-based UI
for qualitative inspection and preference log-
ging. The demo allows users to (i) enter a query
segment, (ii) switch retrieval backends and em-
bedding models, (iii) inspect top-k retrieved
matches with similarity scores and qualitative
cues, and (iv) observe end-to-end latency in real
time. We provide a reproducible benchmark on
multilingual TM data, reporting retrieval qual-
ity using reference-based MT metrics (COMET,
BERTScore, METEOR, chrF) together with
coverage and latency/throughput trade-offs rel-
evant to real-time CAT workflows. On DGT-
TM, encoder-based retrieval achieves full cov-
erage (100%) with millisecond-level latency
(p50/p90 < 6-20 ms) and attains the strongest
semantic-quality scores on the shared query set
(e.g., BERTScore up to 0.91 at k=10), while
BM25 remains a strong lightweight lexical
baseline with very low latency. SMARTMATCH
targets CAT researchers and tool builders and
bridges recent advances in sentence encoders
with the real-time constraints of translation
memory retrieval.

1 Introduction

Translation Memory (TM) systems are founda-
tional components of computer-aided translation

"https://github.com/EEstevanell/
SmartMatch
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tools (CAT), widely adopted in the translation in-
dustry to improve translator productivity and con-
sistency (Mitkov, 2022; Reinke, 2018). By stor-
ing previously translated units (TU) and retrieving
them during new translation tasks, TM systems
enable TU reuse, remove redundant human effort,
and significantly reduce both translation time and
costs while maintaining quality (Pascalau et al.,
2025). Recent surveys” show that 88% of full-time
professional translators use at least one CAT tool,
and translation memory usage more than doubled
from 2023 to 2024, demonstrating that TM systems
remain indispensable to the translation industry de-
spite advances in neural machine translation.

Traditional TM retrieval relies on surface-level
fuzzy matching, which struggles when lexical over-
lap is low (Baquero and Mitkov, 2017; Gupta et al.,
2016). To mitigate this, prior work has introduced
enhancements such as paraphrasing (Gupta and
Orasan, 2014) and clause splitting (Timonera and
Mitkov, 2015). Despite major advances in semantic
retrieval driven by large language models (LLMs)
(Muennighoff et al., 2023; Ranasinghe et al., 2025),
TM systems have not fully adopted these meth-
ods due to concerns about latency and scalability
in real-time CAT workflows. While a few stud-
ies have explored sentence encoders for TM re-
trieval (Zhang et al., 2020; Ranasinghe et al., 2020),
these efforts have largely relied on earlier encoder
architectures. Modern LLM-based sentence en-
coders, which demonstrate superior semantic un-
derstanding, remain unexplored in TM systems,
which leaves a significant gap between state-of-the-
art retrieval models and TMs.

In this paper, we describe SMARTMATCH, an
open-source system for LLM-based semantic re-
trieval in translation memory which we developed.
Unlike traditional fuzzy matching, SMARTMATCH

https://lokalise.com/library/
data-reports/localization-trends-2025/
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uses state-of-the-art sentence encoders within a
unified pipeline that also includes strong lexical
baselines (Okapi/Pensieve and BM25). We provide
a reproducible benchmark on DGT-TM, showing
that encoder-based retrieval achieves 100% cov-
erage and state-of-the-art semantic quality with
millisecond-level latency, and we release an inter-
active web UI that exposes these quality—latency
trade-offs for real-time CAT scenarios.

The main contributions of this paper are the
following:

(i) We introduce SMARTMATCH, an open-source
solution for LLLM-based semantic retrieval in trans-
lation memory systems incorporating state-of-the-
art encoder models and vector databases.

(if) We empirically evaluate a diverse range of
embedding models for TM retrieval, comparing
popular open-source encoders against industry-
relevant baselines (Okapi Pensieve and BM?25).
On the DGT-TM benchmark, encoder-based re-
trieval achieves 100% coverage and attains the
best COMET and BERTScore results at ranks
k€ {5,10} on the shared query set, while BM25
remains a very strong and extremely fast lexical
baseline (Table 2).

(iii) We analyse latency across different architec-
tures, demonstrating millisecond end-to-end re-
trieval for encoder-based setups (p50/p90 < 6-
20 ms) and contrasting this with the heavy-tail be-
havior of Okapi-based retrieval (p90 ~ 1.1 ).

(iv) We release an interactive web-based UI that
allows users to enter text and retrieve the best match
from the TM, switch models on the fly, and directly
observe quality—latency trade-offs.

2 Related Work

Research on Translation Memory (TM) has evolved
from early rule-based systems (Sato and Nagao,
1990; Schjoldager and Christensen, 2010) to com-
mercial deployments (Reinke, 2018; Mitkov, 2022)
supported by large multilingual resources such as
DGT-TM (Steinberger et al., 2012). Prior work ex-
amined TM’s practical impact on translation qual-
ity and professional workflows (Jiménez-Crespo,
2010; Baquero and Mitkov, 2017), alongside its
ethical and legal dimensions (Park, 2024). To im-
prove TM reliability, shared tasks and unsupervised
cleaning methods have addressed redundancy and
noise (Barbu et al., 2016; Sabet et al., 2016; Negri
et al., 2017; Wolff, 2016).
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With the rise of machine translation, significant
efforts have focused on integrating TM into sta-
tistical and neural MT frameworks. Initial work
on SMT explored the use of TM features during
decoding (Wang et al., 2013; Li et al., 2014), which
later evolved into neural approaches employing gat-
ing, contrastive learning, and cross-lingual retrieval
(Cao and Xiong, 2018; Cheng et al., 2022; Tamura
et al., 2023). Additionally, studies have shown
that TM-enhanced outputs can improve translator
productivity and reduce post-editing time (Sdnchez-
Gijon et al., 2019; Green et al., 2014). To further
improve matching quality, methods such as para-
phrasing (Gupta et al., 2016), clause splitting (Ti-
monera and Mitkov, 2015), and context-aware re-
trieval (He et al., 2019) have been proposed. These
approaches aim to increase the utility of TM sug-
gestions in real-time translation environments.

Recent research has also explored embedding-
based retrieval as an alternative to traditional fuzzy
matching. Ranasinghe et al. (2020, 2021) reported
early gains using sentence encoders, though their
study was limited in model scope and scalability. In
parallel, TM integration with large language mod-
els has gained increasing attention, which demon-
strates benefits from similarity-based prompting, re-
trieval augmentation, and dynamic memory mech-
anisms (Mu et al., 2023; Qian and Kong, 2024;
Xu et al., 2023). Our work extends this line by
benchmarking a broader range of modern, publicly
available models under realistic latency constraints.

3 SMARTMATCH System Overview

SMARTMATCH is a research-orientated, end-to-
end toolkit and interactive demo for comparing TM
retrieval strategies. It offers the full retrieval work-
flow, including experiment setup, indexing, query-
ing, and inspection, through a web-based user inter-
face, while remaining easy to deploy and reproduce.
The system is designed to (i) support fair com-
parisons across retrieval paradigms (fuzzy, lexical,
dense), (ii) satisfy low-latency requirements typi-
cal of CAT workflows, and (iii) enable rapid qual-
itative assessment via interactive exploration and
feedback logging. SMARTMATCH is implemented
in Python 3.11+ and integrates Weaviate for in-
dexing/retrieval, LangChain for embedding/model
orchestration, and Typer for experiment configura-
tion and command-line execution.



3.1 Architecture at a Glance

The system is organised into two phases:

Offline indexing. Given a TM collection D =
{(si,t:)};, SMARTMATCH prepares three re-
trieval backends: (i) a fuzzy-matching service
(Okapi/Pensieve) over raw segments, (ii) a lexi-
cal index (BM25) for sparse retrieval, and (iii) a
dense vector index for semantic retrieval. Users
first select an experiment setting that samples a TM
subset for indexing (e.g., a random training split)
and specify indexing parameters such as the em-
bedding model and batch size. For dense retrieval,
SMARTMATCH iterates over the chosen TM sub-
set, computes embeddings F(s;) for all source seg-
ments, and writes them into a dedicated Weaviate
collection indexed with an HNSW ANN structure.
In parallel, Weaviate maintains an inverted index
to support BM25 retrieval over the same segments,
ensuring that lexical and dense retrieval operate
over identical content and can be compared under
consistent database conditions. For fuzzy match-
ing, SMARTMATCH triggers a Pensieve preparation
step that generates the memory files required for
edit-distance retrieval. Embeddings are computed
by the selected encoder in the embedding service
and stored in Weaviate; Weaviate is used as a com-
mon retrieval substrate (ANN + BM25) to enable
controlled comparisons under consistent database
conditions.

Index readiness checks. To prevent ambiguous
“no-results” behaviour, SMARTMATCH enforces
index readiness: if the selected Weaviate collec-
tion has not been seeded (e.g., empty collection)
or Okapi/Pensieve memory files are missing, the
retrieval interface ’declines’ to run. This makes
it explicit when indexing has not completed and
avoids silent failures.

Online retrieval. At query time, a user submits
a source segment ¢ via the UL The query can be
selected from the held-out test split or entered as
custom text. The request is routed to one of the
enabled backends (fuzzy, BM25, or dense). For
dense retrieval, the selected encoder produces F(q)
and Weaviate returns the top-k nearest neighbours
under cosine similarity. For lexical retrieval, Weav-
iate returns the top-k BM25 matches. For fuzzy
retrieval, the Okapi/Pensieve service returns top-k
segments scored by normalised edit-distance simi-
larity. Results are converted into a unified response
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schema consumed by the UI and include end-to-
end latency measured in milliseconds.

3.2 Retrieval Backends

SMARTMATCH provides three interchangeable re-
trieval modes:

Fuzzy matching (Okapi/Pensieve). To reflect
legacy CAT deployments, we integrate a Java-
based Okapi/Pensieve service that computes nor-
malised edit-distance scores over the TM. This
backend serves as a traditional production-like
baseline consistent with common CAT tool prac-
tice.

Lexical retrieval (BM25 in Weaviate). We
use Weaviate’s native BM25 implementation® for
sparse retrieval, benefiting from the same storage
layer used by dense indexing. This provides a
strong keyword-based baseline and enables direct
latency comparison under consistent database set-
tings.

Dense retrieval (encoders + HNSW in Weaviate).
For each encoder listed in §4.1, SMARTMATCH
indexes pre-computed vectors and retrieves can-
didates via HNSW-based ANN search. We score
candidates using cosine similarity and return the
top-k matches together with similarity scores.

3.3 Unified API and Result Schema

To support interactive comparison across strate-
gies, all backends return results in a com-
mon schema: {query, backend, model,
k, [(si,t;, score)]}. This enables the Ul to ren-
der comparable top-k lists, sort by score, and op-
tionally display metadata (e.g., segment length and
language). The API also records end-to-end la-
tency for each request (from query submission to
response), enabling real-time inspection of quality—
latency trade-offs and aggregate reporting (e.g.,
p50/p90 latency in experiments).

3.4 Interactive Demo Interface and Feedback

The web UI is designed for rapid qualitative in-
spection and live model comparison. Users can:
(i) input a query (test sample or custom sentence),
(i1) select a retrieval backend and (for dense re-
trieval) an embedding model, (iii) choose & (e.g.,
k € {1,5,10}), and (iv) view retrieved source seg-
ments alongside their target translations. The inter-
face reports per-query latency in milliseconds and

3https://huggingface.co/blog/xhluca/bm25s



supports view customisation so users can hide non-
essential fields. Beyond exploration, a dedicated
“Feedback Charts” page turns SMARTMATCH into
an interactive evaluation tool: for each query, users
can compare the top suggestions from multiple
backends and select their preferred output, taking
match quality and latency into account. Each de-
cision is logged to a JSON feedback file, and the
chart visualisation updates live as new preferences
are recorded.

runrtrsat
Retriever outputs

bm25_retrieval labse_embeddings

okapi_fuzzy

3 3 522.1

Figure 1: TM Retrieval tool

3.5 Deployment

SMARTMATCH is intended to be deployed as a
lightweight set of services: (1) a Weaviate instance
for BM25 and vector search, (2) an embedding ser-
vice that exposes encoder inference for multiple
sentence encoders, (3) an Okapi/Pensieve wrapper
for fuzzy matching, and (4) a web UI for query-
ing, comparison, and feedback collection. This
modular design mirrors typical CAT pipeline in-
tegration points and allows users to enable only
the components required for their workflow (e.g.,
lexical+dense retrieval without Okapi) while pre-
serving a unified interface for experimentation.

4 Experimental Setup

This section summarises the experimental config-
uration used to benchmark the retrieval backends
showcased in the SMARTMATCH demo. It is worth
mentioning that all models are evaluated using
zero-shot (no task-specific fine-tuning) and without
cross-encoder re-ranking.

4.1 Retrieval Models

We evaluate 10 neural retrieval architectures,
grouped into two categories.

Bi-encoder sentence encoders. We use encoder-
style models that map a segment to a fixed-
dimensional embedding and support ANN search:
Multilingual ES5 (intfloat/multilingual-e5-base,
d=768), BGE-M3 (BAAl/bge-m3, d=1024),
LaBSE (sentence-transformers/LaBSE, d=768),

Retrieval Text Latency

Deserinti - -
source text eicrlpu.on of accounting po.hcy .

that requires external consulting services

Description of accounting policy

5.

BM25 for business combinations [text block] 1
LaBSE The deSf:rlpllOI.l of 'the el’ltll?’ s material ' 66.0

accounting policy information for hedging.
Okapi/Pensieve | No match found 1.2

Table 1: Example retrieval outputs from BM25, LaBSE,
and Okapi/Pensieve for a low-lexical-overlap query.

LASER (Facebook/LASER, d=1024), M3E-Base
(moka-ai/m3e-base, d=768), and three SBERT-
family checkpoints: MPNet (all-mpnet-base-
v2, d=768), DistilRoBERTa (all-distilroberta-
vl, d=768), and MiniLM (all-MiniLM-L6-v2,
d=384).

Generative LLM architectures. To assess
whether hidden states from generative models can
serve as retrieval representations, we evaluate:
Llama-3.2 (meta-llama/Llama-3.2-1B, d=2048),
using the final-layer hidden state of the last token
as the segment representation, and TS (¢5-base,
d=768), using the encoder output as the segment
representation.

Non-neural baselines. We include two industry-
relevant baselines exposed in the demo UL (i) fuzzy
matching using normalised Levenshtein similarity
via Okapi/Pensieve, and (ii) lexical retrieval using
BM25 implemented in Weaviate.

4.2 Datasets

We run experiments on the DGT Translation
Memory released by the European Commission
(Directorate-General for Translation) and the Joint
Research Centre. The dataset contains profession-
ally produced translation units across 22 official
EU languages and multiple language-pair combina-
tions, including domain-specific texts.* While we
selected the English-Spanish pairs for this test, our
system can include any language pair. Within this
TM, we used the following train-test split: Volume
1-4 were used for training purposes, and Volume 5
for testing.

4.3 Indexing and Retrieval Configuration

For each experimental run, we create a dedicated
TM index by sampling a training subset used for
indexing and reserving a held-out fest subset for

*nttps://joint-research-centre.ec.
europa.eu/language-technology-resources/
dgt-translation-memory_en
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querying. Dense retrieval follows the standard bi-
encoder pipeline: we pre-compute embeddings for
all indexed source segments and store them in a
Weaviate collection, which is configured with an
HNSW ANN index for cosine similarity search.
The same collection stores the raw text fields used
by Weaviate’s BM25 inverted index, enabling lexi-
cal retrieval over identical content. For the fuzzy
baseline, Pensieve memory files are generated from
the indexed segments prior to querying.

4.4 Hardware

All experiments were conducted on a worksta-
tion with an Intel(R) Core(TM) i7-14700 CPU
(28 cores, up to 5.4 GHz), 64 GB RAM, and an
NVIDIA RTX 4090 (24 GB VRAM). This config-
uration provides stable latency measurements and
sufficient resources for embedding computation
and large-scale indexing.

4.5 Evaluation Metrics

We evaluate retrieval quality with four reference-
based MT metrics: COMET (Rei et al., 2020),
BERTScore (Zhang et al., 2019), METEOR (Baner-
jee and Lavie, 2005), and chrF (Popovi¢, 2015).
We additionally report Coverage (percentage of
queries with at least one retrieved TU) and La-
tency (end-to-end retrieval time), summarised by
p50 and p90 to capture typical and tail behaviour.
We evaluate ranking at k € {1, 5, 10} using best-in-
k (oracle) scoring, i.e., the maximum metric score
among the top-k candidates, reflecting CAT usage
where translators select the most helpful suggestion
from a shortlist.

4.6 Statistical Significance Testing

To ensure robustness, we performed statistical test-
ing on the intersection of queries for which all
models retrieved at least one TU. We used the
non-parametric Wilcoxon signed-rank test (Ros-
ner et al., 2006) to compare the Pensieve baseline
against neural models, and applied the Benjamini—
Hochberg procedure (Benjamini and Hochberg,
1995) to control the false discovery rate across
multiple comparisons (o = 0.05). We also report
Cliff’s delta () (Cliff, 1993) as a non-parametric
effect size and treat |§| > 0.474 as non-negligible.

5 Results

Table 2 reports the retrieval performance of all
evaluated models across four metrics (COMET,
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BERTScore, METEOR, chrF) and three ranks (1,
5, 10). We highlight models that are both statisti-
cally significantly better than the Okapi Pensieve
baseline (p < 0.05) and demonstrate a large effect
size (|0| > 0.474).

Two distinct performance views for each eval-
uation metric are presented in Table 2. The first
column reports the global performance on the full
query set, calculated without penalising for lower
coverage. It is important to note that these global
metrics tend to favour models with lower coverage
(such as Okapi Pensieve and BM25), as they effec-
tively evaluate only on a subset of more straight-
forward queries where high lexical overlap exists.
The second column, marked with (), reports per-
formance on the intersection set of queries where
all models successfully retrieved at least one re-
sult (100% coverage), which eliminates selection
bias and provides a more accurate representation
of comparative retrieval quality for statistical sig-
nificance testing.

As shown in Table 2, modern semantic retrieval
models consistently outperform traditional base-
lines. It is worth noting that LaBSE achieves the
highest raw scores across all metrics and ranks,
demonstrating its robustness as a general-purpose
bitext retriever. Statistically, LaBSE, LASER, and
TS5 base achieve significant improvements with
large effect sizes (|6| > 0.474) over the Pensieve
baseline, specifically in COMET and BERTScore
at ranks 5 and 10.

This performance divergence underscores a fun-
damental shift in retrieval paradigms. Vector-based
models excel at capturing semantic similarity even
with low lexical overlap, leading to higher COMET
and BERTScore values. Conversely, traditional
baselines like Pensieve and BM25 fare very well —
for surface-form matches, maintaining strong per-
formance on n-gram based metrics like METEOR
and chrF but failing to retrieve semantically equiv-
alent yet lexically distinct segments. Table 1 illus-
trates a typical retrieval case, showing how BM25
and LaBSE retrieve semantically related segments
while the fuzzy baseline fails due to low lexical
overlap.

From a practical production perspective, these
quality gains are complemented by superior opera-
tional characteristics. In our testing, semantic mod-
els achieved 100% coverage, significantly outper-
forming Okapi Pensieve (81%) and BM25 (85%),
which fail to retrieve results when lexical overlap



Model R. COMET () BERTScore () METEOR ) chrF N Lat. p50/p90 | Cov.
1 083 0.84 | 0.86 0.87 | 0.72 0.74 | 0.72 0.74

Okapi Pensieve 5 0.84 0.85 | 0.87 0.88 | 0.75 0.77 | 0.75 0.77 | 44/1116 ms | 81
10 0.84 0.86 | 0.87 0.89 | 0.75 0.77 | 0.75 0.77
1 0.80 0.80 | 0.85 0.84 | 0.69 0.69 | 0.59 0.69

BM25 5 085 0.85 | 0.88 0.88 | 0.76 0.76 | 0.66 0.76 | 3/13 ms 85
10 0.86 0.86 | 0.89 0.89 | 0.78 0.77 | 0.68 0.77
I 079 0.85 | 0.81 0.88 | 0.59 0.73 | 0.61 0.74

BGE-M3 5 082 0.87 | 0.84 0.90 | 0.64 0.77 | 0.66 0.77 | 16/17 ms 100
10 0.82 0.88 | 0.84 0.90 | 0.66 0.78 | 0.66 0.78
1 076 0.83 | 0.80 0.87 | 0.57 0.71 | 0.58 0.71

Multilingual E5 5 0.80 0.86 | 0.83 0.89 | 0.63 0.76 | 0.63 0.76 | 16/18 ms 100
10 0.81 0.87 | 0.84 0.90 | 0.64 0.77 | 0.65 0.77
1 079 0.86 | 0.82 0.89 | 0.61 0.74 | 0.62 0.74

LaBSE 5 082 0.88 | 0.84 0.90 | 0.65 0.78 | 0.66 0.78 | 10/12 ms 100
10 0.83 0.88 | 0.85 091 | 0.67 0.79 | 0.67 0.79
1 079 0.85 | 0.82 0.89 | 0.61 0.74 | 0.62 0.74

LASER 5 0.82 0.87 | 0.84 0.90 | 0.66 0.78 | 0.66 0.78 | 7/14 ms 100
10 0.82 0.88 | 0.84 091 | 0.67 0.79 | 0.67 0.78
1 0.78 0.85 | 0.81 0.88 | 0.58 0.71 | 0.60 0.73

Llama-3.2-1B 5 0281 0.87 | 0.83 0.90 | 0.62 0.75 | 0.64 0.76 | 17/20 ms 100
10 0.82 0.87 | 0.84 0.90 | 0.64 0.76 | 0.65 0.77
1 077 0.84 | 0.81 0.88 | 0.59 0.72 | 0.60 0.73

M3E 5 0281 0.87 | 0.83 0.90 | 0.63 0.77 | 0.65 0.77 | 10/12 ms 100
10 0.81 0.87 | 0.84 0.90 | 0.65 0.78 | 0.66 0.78
1077 0.84 | 0.81 0.88 | 0.58 0.72 | 0.60 0.73

MiniLM-L6-v2 5  0.81 0.87 | 0.83 0.90 | 0.63 0.76 | 0.65 0.77 | 6/8 ms 100
10 0.82 0.88 | 0.84 0.90 | 0.65 0.78 | 0.66 0.78
I 078 0.84 | 0.81 0.87 | 0.58 0.72 | 0.60 0.73

MPNet-base-v2 5  0.81 0.87 | 0.83 0.89 | 0.63 0.76 | 0.65 0.77 | 11/14 ms 100
10 0.82 0.88 | 0.84 0.90 | 0.65 0.77 | 0.66 0.78
1 078 0.85 | 0.81 0.88 | 0.59 0.72 | 0.61 0.74

DistilRoBERTa 5  0.81 0.87 | 0.83 0.90 | 0.63 0.76 | 0.65 0.77 | 7/10 ms 100
10 0.82 0.88 | 0.84 0.90 | 0.65 0.77 | 0.66 0.78
1 0.80 0.86 | 0.82 0.89 | 0.60 0.73 | 0.62 0.74

T5 base 5 082 0.88 | 0.84 0.90 | 0.65 0.77 | 0.66 0.78 | 9/11 ms 100
10 0.83 0.88 | 0.85 0.91 | 0.66 0.78 | 0.67 0.78

Table 2: Retrieval performance on the DGT-TM dataset. The column with the symbol [ reports values in the
intersection set of queries where all models successfully retrieved at least one translation unit. Bold indicates
the best performance per metric and rank. Underline denotes statistically significant improvement over the Okapi
Pensieve baseline (p < 0.05) with a large effect size (|§| > 0.474). Latency (p50/p90) is measured in milliseconds.

is insufficient.

Regarding efficiency, while BM25 remains the
fastest (3ms p50), lightweight semantic models
like MiniLM-L6-v2 (6ms) and LASER (7ms) offer
competitive speeds suitable for real-time applica-
tions. Notably, Okapi Pensieve exhibits high tail
latency (1116ms p90), likely due to its reliance on
complex fuzzy matching heuristics. In contrast,
Weaviate’s HNSW index shows consistent, low-
latency approximate nearest neighbour search for
semantic models.
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6 Conclusions

In this paper we introduce SMARTMATCH, an open-
source semantic retrieval system for TM. The per-
formance of system clearly shows that modern sen-
tence encoders with a vector database can be in-
cluded into a TM pipeline with very low latency
rates for dense retrieval. The system offers an ar-
chitecture that enables comparison between differ-
ent retrieval strategies and allows users to inspect
source-target pairs with the latency per query dis-
played. The results show that semantic models
outperform traditional edit-distance-based methods
when lexical overlap is low, and the coverage rates



reveal that traditional methods fail to return candi-
dates in almost 1 out of 5 queries.

A key limitation of our paper is that it does not
cover integration aspects that real CAT tools need,
such as user management, security, plugin APIs to
existing CAT environments, or multi-tenant scal-
ing. While the retrieval core is realistic, it would
be beneficial to address these workflows. Another
limitation is that there is no mechanism to auto-
matically adapt retrieval configuration based on the
human feedback. However, a human-in-the-loop
reinforcement learning TM retrieval system could
be explored based on our approach.
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A SMARTMATCH Seeding Page

To run SMARTMATCH, the first step is to feed the

retrieval system with random samples from your
T™.

Use this panel to seed Weaviate collections and override ingestion batch sizes before running retrieval.

‘Sample size for seeding (0= ful dataset)

10000

Sampling seed

bma5_retrieval x  labse_embeddings x  okapi_fuzzy x
Reset existing Weaviate collections before seeding ()

bm25_retrieval (oma2s)

Weavite batch size for bm25_retrieval

okapi_fuzzy (fuzzy)
Weaviate batch sze or okapi_fuzzy

6

Figure 2: Seeding page

The experiment configuration samples random
training data under the corresponding batch sizes.
Then, the app iterates over the TM data, encodes
the segments with the selected model, and stores
them in a dedicated Weaviate collection. Before re-
trieval can run, both the semantic and BM25 mod-
els must be seeded into Weaviate, and Pensieve
must generate the memory files. If a collection is
empty, the retrieval page will not run.

B SMARTMATCH Retrieval Page

In the Retrieval tab, a random test sample may
be selected from the original test set. The output
reports how many segments are matched within
the translation memory, as well as the correspond-
ing latencies. Once segments have been retrieved,
the view can be configured to display only the re-
quired information (source text, target text, score
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or index). In Figure 3, Okapi Pensieve serves as
the traditional TM fuzzy matcher, as it compares
strings and assigns higher scores when a segment
is nearly identical to an entry in the memory.

okapi_fuzzy

Matches Latency (ms)

2 18

17 | Member States shall ensure that, in the event of an infringement, administrative
penalties or other administrative measures can be applied, subject to the conditions

12 laid down in national law, to the members of the administrative, management or
supervisory body, and to other natural persons who under national law are
responsible for the infringement.

Figure 3: Okapi retrieval example

The second model, LaBSE, encodes each sen-
tence into a vector and performs retrieval over a
dense index in Weaviate, targeting segments with
similar meaning even when the wording differs
substantially, as shown in Figure 4.

labse_embeddings

Matches Latency (ms)

3 98.8

Score (%) Source Target

ubicacién, nom

842 location, name and type of asset;

815 the nature of the defect and the type of repair suggested; la naturalezad

80.8 the format, process, and the timing of the matching; el formato, el p

Figure 4: LaBSE retrieval example

BM25 is the last model, which operates on a
lexical index in Weaviate. It is still word-based,
but relies on term frequency and inverse document
frequency, which enables more robust handling of
word reordering and minor wording changes than
simple edit distance.

After examining the results, the model that pro-
vides the most suitable concordances—taking into
account both latency and match quality can be se-
lected.

C SMARTMATCH Feedback Page

The Feedback charts page provides an interactive
evaluation interface. For each query, the top sugges-
tions from the three models are displayed, and the
preferred option is selected directly in the interface.



bm25_retrieval

Matches Latency (ms)

3 4.2

Score (%) Source
6.5 Explanation of nature and extent of renewal and termination options
5.9 the nature and extent of the balance of payments and the external financia

5.2 documents being part of pre-infringement and on-going infringement proc

Figure 5: BM25 retrieval example

Each selection is recorded in a JSON feedback file,
and the chart is updated in real time. This function-

Translation Memory Retrieval Voting

elect any three experiments, run retrievals side-by-side, i perq

Winner counts (current selection)

Download winner votes

Figure 6: Feedback charts

ality can be used to compare model performance,
identify which model performs best for specific
segments, and collect preference data for further
tuning or analysis.
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