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Abstract

Entity resolution — the task of determining whether two data representations refer to the same
real-world entity — is a fundamental problem in data integration. In the retail domain, a
critical instance of this problem arises when matching noisy OCR text extracted from purchase
receipts to canonical product entries in a structured catalog. Current production systems rely
predominantly on text-based fuzzy matching techniques such as BM25 and Elasticsearch, which
struggle with abbreviated, misspelled, or truncated receipt text commonly produced by optical

character recognition.

This thesis investigates whether a multimodal approach that combines textual and visual
information can improve entity resolution accuracy for retail receipt line items. We propose a
contrastive learning framework that encodes receipt items (OCR text and/or line-item image
crops) and catalog products into a shared embedding space, enabling matching via nearest-
neighbor retrieval. We systematically compare ten experimental configurations spanning
five categories: (i) statistical text baselines (TF-IDF, BM25), (ii) a commercial API baseline
(OpenAl text-embedding-3-small), (iii) neural text-only models (GreekBERT, mMiniLM), (iv)
image-only models (DiT), and (v) multimodal models with three fusion strategies — early, late,

and hybrid — plus an integrated vision-language model (LayoutLMv3).

Experiments are conducted on a real-world dataset of receipt line items from a major Greek
supermarket chain, restricted to the food product category. The dataset includes OCR text,
numerical attributes, ground-truth product mappings verified by human operators, and cropped

line-item images. All data are anonymized and no personally identifiable information is used.

Results on text-only models demonstrate that contrastive fine-tuning of GreekBERT achieves an
MRR of 0.9834 and Hit Rate@1 of 97.3%, outperforming the best statistical baseline (TF-IDF,
MRR=0.8126) by +17.1 percentage points and the commercial OpenAl text-embedding-3-
small API (MRR=0.7683) by +21.5 percentage points. The multilingual mMiniLM achieves
MRR=0.9761, confirming that domain-specific fine-tuning provides larger gains than language-
specific pre-training. A probe experiment combining text with receipt line-item image features
(DiT, late fusion) showed no meaningful improvement (+0.09pp MRR), demonstrating that
visual information does not carry additional discriminative power for this task due to the

uniform visual appearance of receipt text. This finding has practical value: near-optimal
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matching accuracy is achievable with text-only models, without the complexity of image

processing pipelines.

The contributions of this work are: (1) a systematic empirical comparison of unimodal
vs. multimodal entity resolution on real retail receipt data, (2) an evaluation of three fusion
strategies under identical conditions, (3) application to the under-represented Greek language,

and (4) practical insights for improving production receipt-matching systems.

Keywords: Entity Resolution, Multimodal Learning, Contrastive Learning, Receipt

Understanding, OCR, Product Matching, Greek NLP

Abstract (Ilepiindn ora EAAnvika)

H avriotoiylon ovrotitwy (entity resolution) — n Stadikacio avayvuipiong 6tu dvo a-
VOTTAPOOTACELS SESOPEVWY AVAPEPOVTAL OTNY (Sl OVTOHTNTA TOL TPAYUATIKOV KO-
OlLov — amoTeAel OepeAlwides TPOPANPA OTNY EVOTOINON SESOPEVWY. LTOV TORER TOU
ALavikoU epopiov, pLa kpLtoLpn ekdoyny autov ToL TPOPAHLATOS TPOKUTTEL KATA TNV
avtiotoiyton Bopuvpwdovs ketpévov OCR, mov e€dyeTal amd amodel&el ayopuwyv, |Le

KQVOVIKES EYYPAPES TPOIOVTWY O€ SOPNULEVO KATAAOYO.

H napovoa Sumiwpatiks epyooio SLepevvd KAt TG00V L TOAVTPOTTLKY TPOOETy-
YLOT TTOL CLVSVALEL KELPEVIKT KL OTTTIKH TTANPOQYOPLa PTTOPEL var BEATLWOEL TNV AKPL-
Bela avrioTolylons ypappwyv anodeifewv oe mpoidvta. IpoteiveTal £€va TAaiolo avTi-
TapoPOAKHS paBnong (contrastive learning) mov KWSKOTOLEL YPARLES ATTOSELEEWY KOl
TPOLOVTA KATAAGYOU O€ KOLVO YWPO avamtapaoToons. LUyKpivovTal OVOTNRATIKG S€-
KQ TTELPAPATIKES SLAPLOPPWOELS: OTATLOTIKES BaokéS ypappés (TF-IDF, BM25), epo-
pwkd API (OpenAl text-embedding-3-small), vevpwvikd kelpevikd povréia (GreekBERT,
mMiniLM), povtéro ewkdvag (DiT), kot TOALTPOTIKA LOVTEAX LE TPELS OTPATNYIKES

oUvINENS, KaBWe Kat To evomotnuévo povtéio LayoutLMv3.

Ta amoteréopata Setyvouv 6tL n avrimapafoilk ekaidevon tov GreekBERT emituy-
yaver MRR 0,9834 kau Hit Rate@1 97,3%, £emtepvdivrag tn BEATIOTN OTATIOTIKY BaoL-
kf ypoppr (TF-IDF, MRR=0,8126) katd +17,1 mooootiaieq povades kat To eRTopkd
API tn¢ OpenAl (MRR=0,7683) katd +21,5 povasdec. To moAvyrAwooo mMiniLM emituy-
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yaver MRR=0,9761, emiefarwivovrag 6tL n e€etdikevpévn ekmaidevon vreptepel Tng
YAWOOOELSIKAS Tpo-ekmaidevong. Ieipapa-aviyvevon (probe) tov cvvdvdlel kelpevo
Le omTika yopaktnplotikd ewkévac (DiT, late fusion) dev €6e1€e ovoraoTikn BeATiwon
(+0,09pp MRR), amodeikviovtag Tt 1 OTTIKH TANPOPOPLa SEV CUVELOPEPEL ETLTAEOV
SLOKPLTIKA LIKAVOTNTO AGYW TNS OPLOLOLOPEPNS OTTTIKAS ELPAVLIONS TOV KELLEVOL QLTTOSEL-

Eewv.

Aégerc-rherLdLa: Avtiotoiyion Ovrotitwy, [loAvrpomiky Mdbnon, AvtirapaBoiikn

Mabnon, Katavénon Anodeiéewv, OCR, Avtiotoiyion lIpoidvtwv, EAAnviky NLP
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1 Chapter 1: Introduction

1.1 1.1 Background and Motivation

The proliferation of digital receipt management applications has created an unprecedented need
for automated systems that can accurately interpret and structure the information contained
in purchase receipts. When a consumer photographs a receipt from a retail store, Optical
Character Recognition (OCR) technology extracts the text, producing a sequence of line items.
Each line item typically contains an abbreviated product description, quantity, and price. The
critical challenge lies in matching these noisy, abbreviated text strings to the correct entries in

a canonical product catalog — a task known as entity resolution (Christophides et al., 2021).

Entity resolution (ER), also referred to as record linkage, entity matching, or deduplication, is
a long-standing problem in database research (Elmagarmid et al., 2007). The core question is:
given two records from different data sources, do they refer to the same real-world entity? In
the retail receipt domain, this translates to: does the OCR text FTAA OAYMN 1LT 3.5% refer to

the product FéAa dpéoko NAApeg 3.5% OAvumog 11t in the catalog?

Figure 1.1: The receipt-to-product matching problem. A receipt line item containing
abbreviated OCR text (e.g., “TTAA OAYMII 1LT 3.5%”) must be matched to the correct entry
in a product catalog containing thousands of products (e.g., “I'dia $pé€oko IIAfpec 3.5%

OAvpmoc 11t”). The matching is complicated by OCR noise, abbreviations, language mixing,
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s ~
Receipt (OCR Text) Product Catalog
Match!
______________ -
| 1
1 T'AA OAYMII 11T 3.5% 1 —— =~
o o o o o o o o o = ¢
MEPENTA TIAYA 1KG . a
TIpaAiva @ovVTOVKLOD
MERENDA 1kg
APT/ZMA TIATIAA/AQY 700G Entity
Resolution Wopi tooT ITAITAAOTIOYAOY
') yebon? 700gr
 c—
KANEAONIA MELISSA 250G =
Kavehévia MELISSA 250gr

DIGESTIVE BAR ITOPT 5TEM

Mudpeg Digestive
nabdpn 0oK. & MOPTOK. 5x28gr

OCR noise & abbreviation l [ Language mixing (Greek/Latin) l [ Near-identical catalog entries

Yyjpa 1: Figure 1.1: Receipt line item matching problem

and near-identical catalog entries.
This matching task is particularly challenging for several reasons:

1. OCR noise: Character recognition errors introduce misspellings, merged words, and
character substitutions (e.g., 0 for 0, 1 for I).

2. Abbreviation: Receipt printers impose strict character limits, forcing product names to
be severely truncated (e.g., TAAA — TAN).

3. Ambiguity: Many products have nearly identical names, differing only in attributes like
fat percentage, package size, or flavor variant.

4. Greek language specifics: The Greek alphabet, diacritics (accents), and inflectional
morphology introduce additional complexity for text processing systems primarily

designed for Latin-script languages.

Current production systems, including the one studied in this work, rely on text-based
approaches — primarily Elasticsearch with fuzzy matching and BM25 scoring (Robertson &
Zaragoza, 2009). While these methods achieve reasonable accuracy, they are inherently limited

to the textual modality and cannot leverage visual cues present in the receipt image itself.
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1.2 1.2 Research Problem

This thesis addresses the following research problem:

Can a multimodal entity resolution approach that jointly leverages OCR text and
receipt line-item images achieve higher product matching accuracy than text-only

methods?

The receipt image contains information beyond what OCR extracts: character spacing, font
characteristics, line structure, alignment patterns, and visual context from adjacent items. We
hypothesize that a model capable of processing both modalities can capture complementary
signals, leading to improved matching performance — particularly for ambiguous or degraded

OCR cases.

1.3 1.3 Research Questions

The following research questions guide this investigation:

RQ1: How do neural text encoding methods (GreekBERT, mMiniLM) compare to traditional

statistical methods (TF-IDF, BM25) for receipt-to-product matching in Greek?

RQ2: Can visual information from receipt line-item images, processed independently of text,

provide sufficient signal for product identification?

RQ3: Does combining textual and visual modalities improve matching accuracy over the best

unimodal approach, and which fusion strategy (early, late, or hybrid) is most effective?
RQ4: How does an integrated vision-language model (LayoutL.Mv3) that jointly processes text,

image, and layout information compare to separate-encoder fusion approaches?

1.4 1.4 Approach Overview

We frame receipt-to-product matching as an information retrieval problem: given a query
(receipt line item), rank all products in the catalog by likelihood of being the correct match. This

formulation enables the use of standard retrieval metrics and fair comparison across methods.

All neural models are trained using contrastive learning (Oord et al., 2018), specifically

InfoNCE loss, which learns to place matching receipt-product pairs close together in a shared
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embedding space while pushing non-matching pairs apart. At inference time, matching is

performed via efficient nearest-neighbor search using FAISS (Johnson et al., 2019).

Ten experimental configurations are evaluated, organized in five categories:

 Statistical baselines: TF-IDF, BM25

* Neural text-only: GreekBERT (Koutsikakis et al., 2020), mMiniLM (Wang et al., 2020)

* Image-only: DiT (Li et al., 2022a)

* Multimodal: Early fusion, Late fusion, Hybrid fusion (cross-attention), LayoutLMv3
(Huang et al., 2022)

1.5 1.5 Contributions

This thesis makes the following contributions:

1. Systematic multimodal comparison: A controlled experimental comparison of text-
only, image-only, and multimodal approaches for receipt entity resolution, using identical

data splits and evaluation protocol.

2. Principled multimodal evaluation methodology: A rigorous approach to deciding
when multimodal fusion is warranted, using a targeted image probe experiment to
establish whether visual features carry discriminative signal before committing to full

multimodal training.

3. Greek-language evaluation: Application and evaluation of multilingual and Greek-
specific language models on receipt text, contributing to the under-explored area of

Greek NLP for domain-specific tasks.
4. Practical insights: Analysis of when and why multimodal approaches succeed or fail,

providing actionable guidance for production receipt-matching systems.

1.6 1.6 Thesis Structure

The remainder of this thesis is organized as follows:

» Chapter 2 establishes the theoretical background, covering entity resolution, transformer
architectures, contrastive learning, and multimodal fusion.

* Chapter 3 reviews related work in entity resolution, multimodal matching, document
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understanding, and receipt processing.

* Chapter 4 describes the dataset: its source, composition, anonymization, and
partitioning.

* Chapter S presents the proposed methodology, including all model architectures and the
training procedure.

* Chapter 6 details the experimental setup: implementation, hyperparameters, hardware,
and evaluation protocol.

* Chapter 7 reports the experimental results, including the main comparison, ablation
studies, and error analysis.

* Chapter 8 discusses the findings, their implications, limitations, and threats to validity.

* Chapter 9 concludes the thesis and outlines directions for future work.

2 Chapter 2: Theoretical Background

2.1 2.1 Entity Resolution

2.1.1 2.1.1 Problem Definition

Entity Resolution (ER) is the process of identifying records in one or more datasets that refer to
the same real-world entity (Christophides et al., 2021). Formally, given two record sets R, and
Rp, the goal is to find all pairs (r,,r,) € R4 x Rp such that r, and r;, represent the same entity.

In our setting, R4 is the set of receipt line items and Rp is the product catalog.
ER is closely related to several other tasks in the literature:

* Record Linkage (Fellegi & Sunter, 1969): The classical statistical framework for linking
records across databases.

* Deduplication: Identifying duplicate records within a single dataset.

* Entity Matching: A binary classification formulation — given a pair of records, predict

whether they match.

Figure 2.1: Entity resolution pipeline overview. The standard ER pipeline consists of

four stages: data source ingestion, blocking/candidate generation to reduce the comparison
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Entity Resolution Pipeline

Data Sources Blocking / Matching / Ranking & Matched
(Receipts + — Candidate — Similarity — Retrieval Eats:t' S
Catalog) Generation Computation (Top-K) e L)
TF-IDF / BM25

FAISS ANN
s )

blocking >arch

Yyipa 2: Figure 2.1: Entity resolution pipeline overview

space, similarity computation between candidate pairs, and ranking with top-K retrieval. In
our framework, blocking is implicit (all products are candidates), similarity is computed via

contrastive embeddings, and retrieval uses FAISS approximate nearest-neighbor search.
2.1.2 2.1.2 Traditional Approaches
Traditional ER approaches operate in three phases (Papadakis et al., 2021):

1. Blocking: Reduce the quadratic comparison space by grouping records into candidate
blocks using cheap heuristics (e.g., shared tokens, phonetic codes).

2. Matching: Compute similarity between candidate pairs using string similarity metrics
(Levenshtein distance, Jaccard similarity, TF-IDF cosine) or learned classifiers.

3. Clustering: Resolve transitive matches and conflicts to produce final entity clusters.

In the product matching context, text-based similarity measures have been the dominant

approach:

» TF-IDF (Salton & Buckley, 1988): Represents text as weighted term-frequency vectors,
with inverse document frequency downweighting common terms. Similarity is computed
via cosine distance.

* BM25 (Robertson & Zaragoza, 2009): A probabilistic relevance model that extends TF-
IDF with document length normalization and term frequency saturation. It remains a

strong baseline in information retrieval.

Table 2.1: Comparison of traditional vs. neural entity resolution approaches
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Aspect Traditional (TF-IDF/BM25) Neural (Transformer-based)
Representatiobparse, term-frequency Dense, contextual embeddings
Similarity = Lexical overlap Semantic similarity
AbbreviationsPoor (no shared terms) Better (learned subword patterns)
Training None required Requires labeled pairs

data

Scalability ~ Very fast Requires GPU, but scales with FAISS
InterpretabilitHigh (term weights) Low (black-box embeddings)

2.1.3 2.1.3 Neural Entity Resolution

Recent advances in deep learning have transformed entity resolution. Neural approaches learn
dense vector representations (embeddings) of records, enabling semantic matching beyond

lexical overlap (Mudgal et al., 2018; Li et al., 2020).
Key advantages of neural ER include:

* Handling abbreviations: Subword tokenization (e.g., WordPiece, BPE) can match
partial words that share subword units.

* Contextual understanding: Transformer-based encoders capture context-dependent
meaning, distinguishing “1LT” (1 liter) from “1LT” in other contexts.

* Transfer learning: Pre-trained language models bring general linguistic knowledge that

can be fine-tuned for domain-specific matching.

The dominant paradigm is to fine-tune pre-trained transformer models on labeled entity pairs
using either: - Binary classification: Predict match/no-match for each pair (Brunner &
Stockinger, 2020). - Contrastive learning: Learn an embedding space where matching entities

are close and non-matching entities are far (Li et al., 2020).

2.2 2.2 Transformer Architecture

2.2.1 2.2.1 Self-Attention Mechanism

The Transformer architecture (Vaswani et al., 2017) is the foundation of modern NLP and
multimodal models. Its core innovation is the self-attention mechanism, which allows each

token in a sequence to attend to all other tokens, capturing long-range dependencies without
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recurrence.

Given an input sequence of token embeddings X € R"*¢, self-attention computes:

KT
Attention(Q, K, V) = softmax 0 \%
Vi
where Q = XWg, K = XWg, V = XWy, are linear projections of the input into query, key, and

value spaces respectively, and d,, is the dimension of the key vectors.

Figure 2.2: Transformer encoder architecture. Each encoder layer consists of multi-head
self-attention followed by a feed-forward network, with residual connections and layer
normalization after each sub-layer. The encoder is applied N times (N=12 for BERT-base
models). The output contextual embeddings are aggregated via mean pooling to produce a

fixed-dimensional representation for each input sequence.

Multi-head attention extends this by computing attention in parallel across & heads with

different projections, then concatenating and projecting the results:

MultiHead(Q, K, V) = Concat(head,, ..., head;,) W,

2.2.2 2.2.2 BERT and Pre-trained Language Models

BERT (Bidirectional Encoder Representations from Transformers) (Devlin et al., 2019)
introduced a pre-training paradigm where a transformer encoder is trained on large text corpora

using two objectives:

1. Masked Language Modeling (MLM): Randomly mask 15% of input tokens and predict
them from context.
2. Next Sentence Prediction (NSP): Predict whether two sentences are consecutive in the

original text.

The resulting model captures deep bidirectional contextual representations that can be fine-tuned
for downstream tasks. For entity resolution, the [CLS] token representation or mean pooling of

token representations serves as the record embedding.

GreekBERT (Koutsikakis et al., 2020) adapts this approach to Greek by pre-training on a large

Greek text corpus, using a Greek-specific vocabulary. This is particularly relevant for our task,
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as Greek receipt text contains domain-specific vocabulary and abbreviation patterns that benefit

from language-specific pre-training.
2.2.3 2.2.3 Efficient Transformers and Knowledge Distillation

Full-scale BERT models (110M+ parameters) can be prohibitively expensive for deployment.
Knowledge distillation techniques compress large models into smaller ones that retain most of

the performance:

* MiniLM (Wang et al., 2020): Distills the self-attention distributions of the teacher model,
producing compact models that preserve attention behavior. The multilingual variant
mMiniLLM extends this to 100+ languages, including Greek.

* Sentence-BERT (Reimers & Gurevych, 2019): Modifies BERT with siamese and triplet
network structures to produce semantically meaningful sentence embeddings efficient for

similarity search.

2.3 2.3 Vision Transformers and Document Understanding

2.3.1 2.3.1 Vision Transformer (ViT)

The Vision Transformer (Dosovitskiy et al., 2021) applies the transformer architecture to
images by splitting an image into fixed-size patches, linearly projecting each patch into a token
embedding, and processing the sequence with a standard transformer encoder. This approach

has achieved state-of-the-art results on image classification, rivaling CNNs.
2.3.2 2.3.2 Document Image Transformer (DiT)

DiT (Document Image Transformer) (Li et al., 2022a) is a self-supervised pre-trained model
specifically designed for document image understanding. It applies the ViT architecture to
document images, pre-trained using a masked image modeling objective on the IIT-CDIP dataset

of 42 million document images.

DiT is particularly relevant for our work because: - It is pre-trained on document images,
not natural photographs, so its learned representations capture text layout, font patterns, and
document structure. - It can process receipt line-item crops, extracting visual features that

complement OCR text.
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2.3.3 2.3.3 LayoutLMv3

LayoutLMv3 (Huang et al., 2022) represents the state of the art in multimodal document
understanding. Unlike separate text and image encoders, LayoutLMv3 jointly pre-trains on

text, image, and layout (spatial position) information using:

1. Masked Language Modeling: Predicting masked text tokens from context and layout.
2. Masked Image Modeling: Predicting masked image patches.
3. Word-Patch Alignment: Predicting whether a text token and image patch correspond to

the same location.

This unified approach captures the inherent alignment between text content and its visual
appearance in documents, making it a natural fit for receipt understanding where spatial layout

carries information.

24 2.4 Contrastive Learning

2.4.1 2.4.1 Contrastive Learning Framework

Contrastive learning is a self-supervised or supervised learning paradigm that learns
representations by contrasting positive pairs (similar items) against negative pairs (dissimilar
items) (Le-Khac et al., 2020). The objective is to learn an embedding space where semantically

similar items are close and dissimilar items are far apart.
24.2 2.4.2 InfoNCE Loss

The InfoNCE loss (Oord et al., 2018), also known as NT-Xent (Normalized Temperature-scaled
Cross-Entropy), is the most widely used contrastive loss function. For a positive pair (x;,x;")

within a batch of N pairs:

exp(sim(z;,z) /1)

Fi=-log -5
> -1 exp(sim(z;,zf)/7)

where z; = f(x;) and z; = g(x;") are the normalized embeddings produced by the query and key
encoders respectively, sim(-, -) is cosine similarity, and 7 is a temperature parameter controlling

the sharpness of the distribution.

The temperature 7 plays a critical role: - Low < (e.g., 0.01): Sharp distribution, focuses on
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hard negatives but risks training instability. - High % (e.g., 1.0): Uniform distribution, treats all
negatives equally, leading to less discriminative embeddings. - Typical values: T [0.05, 0.1]

for most contrastive learning applications (Chen et al., 2020).
2.4.3 2.4.3 Hard Negative Mining

The quality of negative pairs is critical for contrastive learning. Easy negatives (clearly different
products) provide little learning signal, while hard negatives (similar but different products)

force the model to learn fine-grained distinctions (Robinson et al., 2021).

In our product matching context, hard negatives are products that share significant textual
overlap with the correct match — for example, different variants of the same brand’s milk. We

employ a strategy of mining hard negatives from within the same product subcategory.

Contrastive Learning with InfoNCE Loss

B Anchor (query)
Training Pairs Embedding Space @ Positive

A Hard negative

X In-batch negative

ANCHOR (Receipt Line Item)

In-batch
"I'’AAA ®PEXKO AEATA 1.5L 2.39" X neg.
Hard neg.
pull closer A
POSITIVE (Correct Product) ;
push push . Positive
apart apart
"Delta Fresh Milk Full Fat 1.5L" ./
Anchor
In-Batch Hard X
Negatives Negatives
(B—1 other (TF-IDF top-K
positives) similar # match) A In-batch
Hard neg. x neg.

q; = query (receipt item) p; = positive (correct product) ny = negative T = temperature (0.07)

InfoNCE Loss

Linfonce = —log

exp(sim(q;, p;)/T)
B N
2 exp(sim(q;, p)/T) + 2. exp(sim(g;, n)/T)
j=1 k=1

Yyfqpa 4: Figure 2.3: Contrastive learning workflow

Figure 2.3: Contrastive learning with InfoNCE loss. The left panel illustrates the training
pair structure: each receipt line item (anchor) is paired with its correct catalog product

(positive) and contrasted against in-batch negatives (other products in the mini-batch) and hard
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negatives (similar but incorrect products mined via TF-IDF similarity). The right panel shows
the resulting embedding space: the loss function pulls the anchor closer to the positive while
pushing negatives away. Hard negatives — products that are textually similar to the correct
match but refer to different entities — are particularly important as they force the model to

learn fine-grained distinctions, such as differentiating between milk variants of the same brand.

2.5 2.5 Multimodal Fusion Strategies

When combining information from multiple modalities (text and image in our case), the choice

of fusion strategy determines how and when the modalities interact (Baltrusaitis et al., 2019):

2.5.1 2.5.1 Early Fusion

In early fusion, the feature representations from each modality are concatenated before any joint

processing:

Zrusea = MLP([ency (x7);enc;(x;)])

Advantages: Allows cross-modal interaction from the start; captures fine-grained correlations.

Disadvantages: Requires modalities to have compatible representations; more parameters.
2.5.2 2.5.2 Late Fusion

In late fusion, each modality produces an independent similarity score, and the final score is a

weighted combination:

sfusedz(x-sT+(l—a)-s1

Advantages: Modular; each modality can be pre-trained independently; robust when one
modality is degraded. Disadvantages: Cannot capture cross-modal correlations; assumes

modality independence.
2.5.3 2.5.3 Hybrid Fusion (Cross-Attention)

Hybrid fusion uses a cross-attention mechanism where one modality attends to the other,

allowing information exchange while maintaining modality-specific representations:
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77 = CrossAttention(Q = z7, K = z;,V = z;)
z; = CrossAttention(Q = z;,K = z7,V = z7)

Zfused = MLP( [Z;“; Z;] )

Advantages:  Captures cross-modal interactions while preserving modality-specific
information. Disadvantages: Most complex; more parameters and computation; risk of

overfitting with limited data.

2.6 2.6 Approximate Nearest Neighbor Search

Efficient retrieval over large embedding spaces requires approximate nearest neighbor (ANN)
search. FAISS (Facebook Al Similarity Search) (Johnson et al., 2019) is a library of algorithms

for dense vector search that supports:

* Flat index (exact search): Brute-force comparison, exact results, O(n - d) per query.

* IVF (Inverted File): Clusters vectors and only searches nearby clusters, reducing search
time.

 HNSW (Hierarchical Navigable Small World): Graph-based search with logarithmic

complexity.

For our product catalog sizes (thousands to tens of thousands of products), flat exact search is
sufficiently fast. FAISS is used primarily for its efficient batch similarity computation during

evaluation.

3 Chapter 3: Related Work

3.1 3.1 Entity Resolution with Deep Learning

The application of deep learning to entity resolution has gained significant traction in recent
years. DeepER (Ebraheem et al., 2018) was among the first works to apply distributed word

representations (word2vec, GloVe) for entity matching, showing that even simple aggregations
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of pre-trained embeddings outperform hand-crafted string similarity features.

DeepMatcher (Mudgal et al., 2018) introduced a comprehensive framework for deep
entity matching, proposing modular architectures with attribute summarization, attribute
comparison, and classification components. Their work demonstrated that attention-based
models significantly outperform simple aggregation, especially for “dirty” data with textual

noise — a finding directly relevant to OCR receipt text.

Ditto (Li et al., 2020) advanced the state of the art by fine-tuning pre-trained language models
(BERT, RoBERTa) for entity matching. Key innovations include domain knowledge injection
through data augmentation (span deletion, attribute manipulation) and training optimization
through summarization of long inputs. Ditto achieved state-of-the-art results on multiple ER

benchmarks, establishing pre-trained transformers as the dominant approach.

More recently, PromptEM (Wang, Zeng, et al., 2023) explored prompt-based approaches for
entity matching, reformulating ER as a conditional text generation task using large language
models. While promising, such approaches require significantly more computational resources

than the contrastive learning framework we adopt.

3.2 3.2 Multimodal Entity Resolution

Multimodal entity resolution extends traditional text-based ER by incorporating additional
modalities, most commonly images. This direction has been explored primarily in the

e-commerce product matching domain.

Wilke & Rahm (2021) proposed a multimodal approach for product entity resolution that extends
attribute-based matching with image data. Their work demonstrated that combining product
images with textual descriptions improves match quality, particularly for visually distinctive
products where textual attributes alone are insufficient for reliable match decisions. This is one
of the earliest works to systematically evaluate the benefit of adding visual features to entity

resolution in an e-commerce context.

MMEA (Multimodal Entity Alignment) (Guo et al., 2021) explored multimodal entity
alignment in knowledge graphs, combining structural, textual, and visual features. While
not directly applicable to receipt matching, their cross-modal attention mechanism for fusing

textual and visual features informed our hybrid fusion design.
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ProductMatch (Tracz et al., 2020) specifically addressed product entity matching using
product images and titles from online marketplaces. Their dual-encoder architecture with late
fusion demonstrated that images are particularly helpful when product titles are ambiguous or

incomplete — a scenario analogous to abbreviated receipt text.
Our work differs from these prior approaches in several important ways:

1. Domain: We work with OCR-extracted receipt text rather than product listings — the
text is significantly noisier and more abbreviated.

2. Visual input: Rather than product photographs, we use receipt line-item image crops,
which contain typographic rather than photographic information.

3. Language: We specifically address the challenges of Greek-language receipt text.

4. Retrieval formulation: We adopt a contrastive retrieval approach rather than binary

classification, enabling efficient real-time matching.

3.3 3.3 Receipt and Document Understanding

Receipt understanding has been studied as a specific instance of document understanding. The
CORD (Consolidated Receipt Dataset) benchmark (Park et al., 2019) introduced a standardized
evaluation for receipt information extraction, covering key fields like store name, date, item

names, and totals.

SROIE (Scanned Receipts OCR and Information Extraction) (Huang et al., 2019) is another
widely used benchmark that focuses on OCR and key information extraction from receipts. Both
benchmarks address information extraction rather than entity resolution, but they demonstrate

the importance of combining visual and textual features for receipt processing.

In the broader document understanding literature, LayoutLM (Xu et al., 2020) pioneered
the joint pre-training of text and layout for document understanding tasks. Its successors
LayoutLMv2 (Xu et al., 2021) and LayoutLMv3 (Huang et al., 2022) progressively added
visual features and improved pre-training objectives, achieving state-of-the-art results on

document understanding benchmarks including receipt analysis.

DocFormer (Appalaraju et al., 2021) proposed a multi-modal transformer for document
understanding that separately encodes text, visual, and spatial features before fusing them via

shared self-attention layers. SelfDoc (Li et al., 2021) introduced a self-supervised pre-training
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approach for document understanding that learns cross-modal feature interactions.

3.4 3.4 Contrastive Learning for Retrieval

Contrastive learning has become the dominant paradigm for learning retrieval-oriented
embeddings. DPR (Dense Passage Retrieval) (Karpukhin et al., 2020) demonstrated that
contrastive fine-tuning of BERT for passage retrieval significantly outperforms BM?25,

establishing the viability of dense retrieval for information retrieval tasks.

CLIP (Contrastive Language-Image Pre-training) (Radford et al., 2021) scaled contrastive
learning to 400 million image-text pairs, learning a shared embedding space for text and images.
CLIP’s success demonstrated that contrastive learning is effective for aligning representations

across modalities — a key motivation for our multimodal approach.

SimCLR (Chen et al., 2020) provided a systematic study of contrastive learning design
choices, showing that: (i) composition of data augmentations is critical, (ii) a learnable
nonlinear projection head improves representation quality, and (iii) larger batch sizes improve
performance by providing more negative pairs. We incorporate these insights into our training

procedure.

ES (Wang et al., 2022) demonstrated that contrastive pre-training combined with text-pair
supervision produces high-quality text embeddings that transfer well to retrieval tasks,

achieving strong performance across multiple benchmarks including multilingual settings.

3.5 3.5 Greek Natural Language Processing

Greek is considered a mid-resource language in the NLP landscape — it has more resources
than truly low-resource languages but significantly fewer than English, Chinese, or other high-

resource languages.

GreekBERT (Koutsikakis et al., 2020) is a BERT-base model pre-trained on a 29GB Greek
corpus comprising web text, Wikipedia, and European Parliament proceedings. It uses a Greek-
specific WordPiece vocabulary of 35,000 tokens, enabling better tokenization of Greek text

compared to multilingual models like mBERT.

Greek-BERT evaluation studies (Outsios et al., 2020) have shown that language-specific

models consistently outperform multilingual alternatives for Greek text classification, named
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entity recognition, and sentiment analysis tasks. This suggests that GreekBERT is preferable
to mMiniLLM for tasks where Greek text understanding is central, though the performance gap

varies by task.

For our specific domain of receipt text, no prior work has evaluated these models. Receipt text
is substantially different from the web and news text on which these models were pre-trained: it

is shorter, more abbreviated, uses all-caps, and contains domain-specific product nomenclature.

3.6 3.6 Product Matching in E-commerce

Product matching and deduplication in e-commerce has been extensively studied due to its

commercial importance.

Kopcke et al. (2010) provided an early evaluation framework for product matching, comparing
multiple approaches on benchmark datasets from online shops. Their analysis highlighted the

importance of domain-specific blocking strategies for scalability.

Shah et al. (2018) introduced a multi-task learning approach for product matching that jointly
learns matching and attribute extraction, demonstrating that auxiliary tasks improve matching
accuracy. Their work on Amazon product data showed that product category information is a

valuable signal for disambiguation.

MAVE (Yang et al., 2022) proposed a large-scale dataset and attribute extraction system for
e-commerce product matching, demonstrating that structured attribute extraction (brand, size,
type) can improve matching accuracy over holistic text comparison. This insight is relevant to
our work, as receipt text often encodes attributes (weight, fat percentage) that could be explicitly

modeled.

3.7 3.7 Summary and Research Gap

Table 3.1 summarizes the most relevant prior work and positions our contribution:

Table 3.1: Summary of related work on multimodal entity resolution
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Work Modalities Domain Language Matching Approach
DeepMatchdiext General ER  English Attention-based classification
(Mudgal benchmarks

et al.,

2018)

Ditto (Li  Text General ER  English Fine-tuned BERT

et al., benchmarks classification

2020)

Wilke &  Text + Image E- Multi Multimodal attribute
Rahm commerce matching

(2021)

ProductMatdlext + Image E- English Late fusion dual-encoder
(Tracz et commerce

al.,

2020)

LayoutLMv7Jext + Image + Document English Unified transformer
(Huang Layout understanding

et al.,

2022)

This Text + Image Retail Greek Contrastive retrieval + 3
work receipts fusion strategies

3.8 3.8 Recent Developments: LL.Ms for Entity Resolution

Since the experimental work in this thesis was conducted, the rapid evolution of large language

models (LLMs) has opened new directions for entity resolution.

Peeters, Steiner, & Bizer (2025) conducted a comprehensive evaluation of generative LLMs
for entity matching, showing that GPT-4 outperforms the best pre-trained language model
(PLM) baselines by 40-68% F1 on standard ER benchmarks. Their results suggest that
LLMs can serve as zero-shot or few-shot matchers without task-specific training, potentially

eliminating the need for labeled data. However, the computational cost and latency of LLM-
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based matching (hundreds of milliseconds per pair) remain prohibitive for real-time production

systems processing thousands of queries per second.

DocLLLM (Wang et al., 2024) extends the document understanding paradigm beyond
LayoutLMv3 by incorporating layout-aware attention into a generative LLM framework.
Unlike LayoutLMv3, DocLLM avoids expensive image encoders and relies solely on bounding
box information to capture spatial structure. This approach achieved strong results on document
understanding benchmarks and could potentially be applied to receipt understanding, though

its generative nature makes it less suitable for the retrieval formulation adopted in this thesis.

Cross-lingual product matching has also seen recent advances. Peeters et al. (2024) explored
cross-lingual learning strategies for product matching, demonstrating that transfer learning from
high-resource languages can improve matching quality in low-resource settings. This is relevant
to our work, as Greek receipt text frequently mixes Greek and Latin scripts — a challenge that

cross-lingual approaches could address more explicitly.

These developments suggest that future work on receipt entity resolution could benefit from
LLM-based approaches for handling the most difficult matching cases (extreme abbreviation,
zero lexical overlap), while maintaining the efficiency of contrastive retrieval for the majority

of queries.

The research gap addressed by this thesis is the intersection of (i) multimodal entity resolution
with (ii) receipt line-item matching in (iii) a non-English language setting. No prior work has
explored the combination of OCR text and receipt image crops for product matching using
contrastive learning, nor has the effectiveness of multimodal approaches been evaluated for

Greek retail data.

4 Chapter 4: Data Description

4.1 4.1 Data Source

The data used in this study originate from a Greek retail technology platform that processes

consumer purchase receipts. The platform operates a receipt scanning system where consumers
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photograph their receipts using a mobile application. The system performs OCR to extract text,

then matches each line item to canonical products in a curated catalog.

The platform maintains two database systems:

1.
2.

Receipt database: Stores raw receipt data, OCR results, and line-item groupings.
Product catalog database: Stores the canonical product catalog with product names,

brands, categories, and attributes.

All data used in this study were exported via read-only SQL queries from a staging environment.

No production data was accessed, and no data was modified during export.

4.2

4.2 Scope and Selection Criteria

To ensure a focused and manageable experimental scope, the following selection criteria were

applied:

4.3

4.3.1

Retailer: A single major Greek supermarket chain (anonymized as “Retailer A”).
Restricting to one retailer ensures consistent receipt format, OCR quality, and product
naming conventions.

Product category: The food (Tpd@ipa) category subtree only. Food is the largest
product category, providing sufficient data volume while maintaining thematic coherence.
It also presents the most challenging matching scenarios, with many similar products (e.g.,
multiple milk brands, yogurt variants).

Time period: One calendar month (February 2026) of receipts. This provides a
representative sample of typical purchasing patterns while maintaining temporal
homogeneity.

Quality filters: Only receipts that were successfully analyzed (OCR completed) and
line items with non-empty OCR text that have been assigned to a product group with

a confirmed product match.

4.3 Dataset Components

4.3.1 Receipt Line Items

Each receipt line item contains:
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Field Description Example

ocr_text Raw text extracted by OCR FAA OAYMN 1LT 3.5%

is weighted Whether the product is sold by weight false

quantity Number of units purchased 2
unit price  Price per unit 1.89
final price Total price for this line 3.78

The ocr_text field is the primary textual input. It is typically 10-40 characters long, uses Greek

uppercase letters, and frequently contains abbreviations, truncations, and OCR errors.
4.3.2 4.3.2 Product Catalog

The canonical product catalog contains:

Field Description Example

name Full product name FdAa ®péoko MAApec 3.5% OAvumog 11t
brand name Brand name OAvumocg

product type name Category name FraAoata dpéoka

is weighted Whether sold by weight false

uom Unit of measurement 1t

uom value Measurement value 1

Product names are properly formatted Greek text with mixed case, full brand names, and

structured attribute information.
4.3.3 4.3.3 Ground Truth

The ground truth mapping connects receipt line items to canonical products through an

intermediate grouping mechanism:

1. The system assigns each line item to a receipt item group based on the combination of
retailer and product identifier.
2. Each group is linked to a canonical product through automated matching confirmed by

human operators.
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This ground truth has been curated over the platform’s operational lifetime and is considered

highly reliable for the retailer and time period studied.
4.3.4 4.3.4 Receipt Images

Receipt images are photographs captured by consumers using the mobile application. These
images vary significantly in quality due to different lighting conditions, camera angles, and
device capabilities. For each receipt in our dataset, the image processing pipeline consists of

three stages:

1. Full receipt retrieval. The original photograph is downloaded from cloud object storage.
Figure 4.4a shows a typical receipt photograph — note the perspective distortion, uneven

lighting, and paper creases that are common in user-captured images.

2. OCR bounding box detection. Google Vision API’s documentTextDetection is
applied to each receipt image, producing word-level and paragraph-level bounding boxes
with confidence scores. Figure 4.4b illustrates the detected text regions overlaid on the
receipt — the API identifies 115 distinct text regions in this example, including both

product lines and non-product elements (store header, totals, barcodes).

3. Line-item cropping. Eachreceiptitem’s OCR text is matched to its corresponding Vision
API paragraph via token overlap. The matched bounding box is used to crop the line-item
region with 5 pixels of padding. The resulting crops (Figure 4.4a, right side) capture the
visual appearance of individual product lines — character shapes, spacing, alignment,

and font characteristics.

Only the cropped regions are retained for the experiments; full receipt images are deleted after

processing to protect user privacy.

Figure 4.4: Receipt image processing pipeline. (a) A raw receipt photograph from a Greek
supermarket (Sklavenitis). (b) Four line-item crops extracted from the receipt using OCR
bounding boxes. Each crop captures a single product line with its barcode, description, and
price. Note the uniform visual appearance across crops: identical monospaced font, uppercase
Greek text, and fixed column layout — this visual homogeneity explains why image features

provide limited discriminative value for product matching.

Figure 4.4b: Google Vision OCR bounding box detection. (a) The original receipt
photograph. (b) The same image with detected OCR paragraph regions highlighted as colored
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Figure 4.4: Receipt photograg

(a) Raw receipt photograph

b 10,24 E¥pQ

h and extracted line-item crops
rop #1: "AHM/KA KELLOGG~S COCO POPS CHOCOS 330G"

Crop #2: "BONORA CORN FLAKES BIT.& XIAHPOZ 375I'P"

Crop #3: "®PYI'ANIEZ ELITE XTAPEN.4X125G OIKOI'.ZYZK"

Crop #4: "XAAATA ITAAIKH ®PEZKOYAHZ 200G"

Yyfqpa S: Figure 4.4: Receipt photograph and line-item crops

overlays. Each color represents a distinct paragraph-level text region identified by the Vision

API. The bounding box coordinates are used to locate and crop individual line items for the

image modality experiments.

4.4 4.4 Dataset Statistics

Table 4.1: Dataset statistics

Metric

Count

Total receipt line items
Unique receipts

Unique products matched
Unique brands

Unique product subcategories
Line items with image crops

Mean items per receipt

930,490
36,018
3,503
570

201
22,694
25.8
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Metric Count

Median items per receipt 19.0

Note: The 3,503 unique products are those that appear in the food-category receipt line items
during the study period. However, the retrieval evaluation is conducted against the full product
catalog of 41,440 entries (spanning all categories and including inactive products), which is the
realistic production scenario — the system must search the entire catalog, not just the products

known to appear in receipts.
4.4.1 4.3.5 Dataset Examples

To illustrate the matching challenge, we present representative examples from the dataset,
showing the OCR text as captured from the receipt alongside the canonical product name from

the catalog.

Table 4.2a: Easy matching examples (high lexical overlap)

# Receipt OCR Text Catalog Product Name Brand Category

1 OKAOPBEVLTNO OOLTLED  XKAAPEVITNG LOUTLES PE YrraBevitnrolpa
pe onavokt 400g onavdkt 400g payntd

2 AVAVOO ELOAYWYNO Avavag eloaywyns Moavopikry epovta

(povaBikn)) — Tpf KLAoU

3 LOVLTOPLOL LAPOTO Mavitapia MAPATA Mapdra KovoépPeg
koppeva 230gr koppéva 230gr

4 Mnavdavec BAJELLA Mnavavec BAJELLA Bajella Mnovaveg
eLoaywyns (povoPikr)  etoaywyns (pavafkn) -
- T KLAOU Ty KLAoU

5 KOYBEPTOYPA KovBeprovpa NESTLE Nestle KouBeptovpeg
NESTLE DESSERT Dessert 170gr Dessert
170G

6 Spaghettoni BARILLA  Spaghettoni BARILLA No7 Barilla Zopapka
No7 500gr 500gr poakpLa
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# Receipt OCR Text Catalog Product Name Brand Category

7 PeBibla PeBiOia EtKAABENITHX YrropevitnReBvOa
YKAABENITHX amo@rotwpéva 500gr
amo@rotwpéva 500gr

8 PO AGRINO Adatg PY(L AGRINO Adaig Agrino PO
kapoiiva 500gr kapoiiva 500gr

9 KANEAONIA Kaveidvioe MELISSA 250gr  Melissa Zopapikd
MELISSA 250G

10  PI'KATONI MISKO Puvykatéve MISKO 500gr Misko Zopopikd
500G Kovtd

In these cases, the OCR text closely matches the product name, differing only in case (uppercase
vs. mixed), minor punctuation, or weight format (“G” vs. “gr”). Statistical baselines (TF-
IDF) handle these cases well because the high lexical overlap ensures strong character n-gram
matches. Examples 4, 6, 7, and 8 are exact matches — these occur when the receipt text is
generated directly from the product catalog (e.g., in digital receipts or when the OCR captures
the full product name without truncation). Examples 5, 9, and 10 show the more typical case of

minor case/format differences that TF-IDF handles effortlessly.

Table 4.2b: Hard matching examples (low or zero lexical overlap)
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Figure 4.4b: OCR bounding box detection on receipt image

(a) Original receipt (b) Google Vision OCR bounding boxes (115 regions)

! !

IVNOAD 70,24 EVPQ LYNOAC 10,24 EVPC

* EVXAPISTOVME x
O]

Yyqpa 6: Figure 4.4b: OCR bounding box detection
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# Receipt OCR Text Catalog Product Name

Brand

Difficulty

1 pepevra tavaldn lkg  Ipaiiva govvrovkiov

MERENDA 1kg

2 UnNAQ OTAPKLY MniAQ OTAPKLY EAANVIKC
EYYWPL (povapikn) — Tipn KtAo0

3 blueberries eloaywyno  Blueberries poptiia

125¢ etoaywyns 125yp.

[TavAidng

Merenda

Mavapiki

MavaBikn

Language
mixing: Greek
OCR
“nepevra’ vs
Latin brand
“MERENDA”,
plus different
product
description
“npariva
ovvTOoLKLOV”
Dialectal:
“eyywpLa’”
(domestic) vs
“eEAANVIKA”
(Greek) —
same meaning,
zero token
overlap
Missing
synonym:
catalog adds
“nopTiaa’ not
in OCR; weight
“125g” vs
“125vyp”
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H*

Receipt OCR Text

Catalog Product Name

Brand

Difficulty

TN

LEPEVTQL [LE

ovvToukL 360g

koAokvLBia eyywpLa

DIGESTIVE BAR
[NOPT&MAYPH
YOKOA 28I'P STEM

APT/XMA
ITAITAA/AOY TEYXH
YITOY $OPMA 700G

[paiiva govvrovkLov

MERENDA 360gr

KoAokvbdakia eAANVIKA

(povapikn) — Tipn KtAo0

Mndpeg AnunTpLakwv
ITAITAAOIIOYAOY

Digestive papn 0oKoAdTQ

& mopTokdAil 5x28gr

Ywpi Toot
ITAITAAOIIOYAOY
yevon™2 700gr

[TavAidng

Merenda

Mavafikn

Digestive
[Martado-

7TOVA0V

Zero lexical

overlap —
completely

different

vocabulary for

the same

product

Mixed script

(“ia” Latin

chars in Greek

word),

abbreviation,
dialectal

Extreme
abbreviation:
“ITIOPT”="mopTokaiL”,
“XO-
KOA”="0okoAidTa”,
“STEM”="5x",

brand missing

IaroadomovRT/XMA”

I'evon2

(aprookeva-
opa) = “Pwpl
toot’’; “IIA-
[TAA/AOY” =
“TTIAITAAO-
I[TIOYAOY”
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H*

Receipt OCR Text

Catalog Product Name

Brand

Difficulty

10

11

12

APT/XMA KPIX KPIX
BRIOCHE XAMII 4T
360G

PPAOYAEX
EI'XQPIEY.

ITATATEX
AIIYIITOY.

AEMONIA EI'XQPIA

IIOPTOKAAIA
MEPAIN EI'’XQPIA

Ywpdkio KPIX KPIX
Selection the big brioche

burger 360gr

PpaovAEC EAANVIKES
(povaBkn) — TLph KLAOY

[atdtes eLoaywyns

(povaBkn) - TLp kLAY

Agpovia EAANVIKA

(povafikn) — Tip KLAoU

IoprokdAiio MEpALy
EAANVIKA YUPLOU

(povapikn) — Tip KLAoU

Kpig
Kpig

Mavafikn

Mavafikn

MavaBikn

Mavafikn

“APT/EMA” =
“Ywpakia’;
“XAMIT” =
“burger”; “4T”
= unmentioned
in catalog
“EI'’XQPIEY”
Vs
“EAANVIKECT;
catalog adds
metadata
“(navaBucr)
TLh KLA0U”
Origin
generalization:
“AIIYTITOY”
(Egypt) —
“eLoaywync”’
(imported)
Same dialectal
pattern as #2,
#5,#9 —
“EI'’XQPIA” vs
“eEAANVIKA”
Dialectal +
catalog adds
“yupov” (juice
variant) not in

OCR

Master Thesis

34



HELLENIC

r. OPEN Maria Drinia — Multimodal Entity Resolution for Retail Receipt Line Items

UNIVERSITY

These examples illustrate the diverse challenges that make receipt-to-product matching difficult:
language mixing between Greek and Latin script (examples 1, 4, 6), dialectal synonyms with
zero token overlap (2, 5, 9, 10, 11, 12), extreme POS abbreviations that truncate words to 3-4
characters (6, 7, 8), and mixed-script OCR artifacts where individual characters switch between
Greek and Latin (5). The neural models (T1, T2) succeed on these cases by learning the semantic
equivalences (e.g., “uepevra” = “MERENDA” = “apaliva govvtovko0”, “eyywpita” =

“eAdnuika” = “etoaywyic”) through exposure to thousands of receipt-product training pairs.

Statistical baselines have no mechanism to bridge these vocabulary gaps.
Table 4.2¢: Product catalog disambiguation challenge — near-identical entries

The product catalog contains many entries that are nearly identical, differing only in a single
attribute such as sub-brand, variant, weight, or flavor. This table illustrates the disambiguation

challenge across three product families:

Panel A: Bread products (Ywui toov/pétes) — same brand, different sub-brands and variants

# Product Name Brand Distinguishing Attribute

1 Ywpt [TamadomovANwpLavd, Ttorvomopo, 540gr
[TAITAAOIIOYAOY  Xwplavd
XwpLavd ToAVoTopo
540gr
2 Yopd [TaradomovANwpLavd, otapévio, 500gr
[TAITAAOIIOYAOY  Xwplavé
Xwplavd oTapévio
Le 6 SnunTpLakd
500gr
3 Yowpd [MamadomovAApyaia Lopd, OVpPIKTO
[TAITAAOIIOYAOY  Apyaia
Apyaia Xmopd Yropa
OUPILIKTO OTOPEVLO

500gr
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# Product Name Brand Distinguishing Attribute

4 Yowpd [MaradomovAd pyaia Xopd, OALKAS
[TAITAAOIIOYAOY  Apyaia
Apyaia Xropd Yopd
oAlkfS adAeong 500gr

5 Ywpi Toot [TamadorovAdievon2, 700gr
ITAITAAOIIOYAOY  T'evon2
vevon”2 700gr

6 Yiya toot Kapaporéykdifferent brand, “dpiya’ not “Phwpi”
KAPAMOAEI'KOX Piyatoot

otapévio 480gr

When the receipt reads “¥QMI ITAITAAOII 500G, the model must distinguish between entries
2, 3, and 4 — all 500gr Il awasomoviov bread products. The discriminating tokens (“Xwpia-

£ g » (13

v, “Apyaia Xmopd”, “odpuuwkro’”, “olwkiic”) may be truncated or absent in the OCR text.

Panel B: Cereal products (Anuntpiaka) — many brands and variants in the same category

# Product Name Brand Distinguishing Attribute

1 Anpnrtprakd Corn Flakes Corn Flakes, original
KELLOGG’S Corn

Flakes original 375gr

2 Anpnrtprakd All Bran All Bran, same weight
KELLOGG’S ALL
BRAN Flakes 375gr

3 Anpnrprakd Kellogg’s Frosties, different weight
KELLOGG’S Frosties

FROSTIES 250gr
4 Anpnrtprakd Quaker oats  Different brand entirely
QUAKER vigpddeg

Bpuipns S00gr
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# Product Name Brand Distinguishing Attribute

5 [Titvpo FYTRO Fytro “ITiTvpo” not “Anpnrplakd”
Bpuwpng povoil 500gr

The receipt text “AHMHTP KELLOGG’S 375G” matches both entries 1 and 2 with nearly
identical character overlap. The model must learn that the brand sub-name (Corn Flakes vs. All

Bran) is the critical distinguishing feature.

Panel C: Pasta products (Zvpapukct) — shape, brand, and size variations

# Product Name Brand Distinguishing Attribute

1 Makapévia MELISSA Nol0 500gr Melissa ~ Shape Nol0O

2 Mokapévia MAKBEA No2 500gr  MakBéA  Different brand, No2

3 IIévvec pryé MAKBEA 500gr MokB€A Different shape (mévvec)
4  Puykatéve MISKO 500gr Misko Different brand and shape
5 Spaghettoni BARILLA No7 500gr Barilla Latin name, No7

6 Kaveidvia MELISSA 250gr Melissa  Different shape and weight

All six products are pasta in similar weight packaging. The receipt abbreviation “MAKAP ME-
AIXYA 500G must be resolved to entry 1 and not confused with entry 6 (same brand, different

shape and weight) or entry 2 (same shape description, different brand).
Table 4.2d: Sample receipt walkthrough — from OCR to product matching

To provide a concrete view of the matching task as encountered in practice, we present a
representative food receipt with 12 line items. Each row shows the raw OCR text as captured
from the receipt image, the ground-truth product match from the catalog, and the matching

difficulty level.
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# Receipt OCR Text =~ Matched Catalog Product Brand Price Difficulty
1 TOMATA Topdra KYKNOS Kyknos 1.57€ Medium:
TPIMMENH TPLppévn 680gr “KY-
KYKNOZX 680I'P KNOX”"—“KYKNOS”,
I'TAA “TYAA”
(yvairvo)
absent from
catalog
2 TOMATA Topdro KYKNOS Kyknos 1.60€ Hard: “I1E-
KYKNOX nepaoth 0To pvAro 700gr PAYT.”—=“nepaoty”,
ITEPAXT.XE “MYA.”—=“poro”,
MYA.I'YAA700 “TYAA700”—“700gr”
3 KPEMA ITAN Kpépa Barodpiko ITAN  Ilav 4.44€ Medium:
XTI'A 500ml word
BAAYXAMIKH reordering,
500ML “X.I'A”
(ywpig
YAOUTEVN)
absent
4 KANEAONIA Kaveidvia MELISSA Melissa 1.17€ Easy:
MELISSA 250G 250gr near-exact
match
5 MAKAPONIA NO Makapdévia MELISSA Melissa 2.25€ Easy:
10 MELISSA No10 500gr case/spacing
500I'P differences
only
6 MAKAPONIA Moakapdévia MAKBEA MoakBér 1.24€ Easy:
MAKBEA No2 No2 500gr near-exact
500T°P. match
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# Receipt OCR Text =~ Matched Catalog Product Brand Price Difficulty
7 IIENEX MAKBEA IIévvec puryé MAKBEA MoakBér 0.90€ Medium:
PIT'E 500G 500gr “I1E-

8 MIIOYTATXA
KPEMA
MAPATA 450I'P

9 PI'KATONI
MISKO 500G

10 TOMATOIIOATOX
28% KYKNOX
410I'P

11 MAPMEAAAA
X.I'A.H.HABITS
PPAOYTA.280G

Mmovydtooa MAPATA pe

kp€pa 450gr

Puykatéve MISKO 500gr

Toparomortés KYKNOS
28% perariikd 410gr

Moappoarado HEALTHY
HABITS @paovra 280gr

Moapdra 1.90€

Misko 1.02€
Kyknos 1.95€
Healthy 3.55€
Habits

NEY” —“IIévvec”
(missing

double v),

word reorder
Medium:

word

reordering

(“KPEMA
MAPATA”

N

“MAPATA

pe KpEpa’)

Easy:

case/format

only

Medium:

“KY-
KNOX”—-“KYKNOS”,
“LETAAALKS”

absent

Hard:
“H.HABITS”—>“HEALTHY
HABITS”,

“PPA-
OYA.”—=“ppdovira”
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# Receipt OCR Text =~ Matched Catalog Product Brand Price Difficulty

12 APT/EMA Ywpi Toot [Momadon@B0&  Very hard:
[TAITAA/AOY ITAITAAOITIOYAOY ['evon2 “APT/XMA” =“Ywpi
I'EYXH XITOY vevon”2 700gr toot”’, “TIA-
$OPMA 700G [TAA/AOY” —“TIAITAAOIT(

This receipt illustrates the range of matching difficulty within a single shopping trip. Items 4,
5, 6, and 9 are straightforward matches that any method can resolve. Items 1, 3, 7, 8, and 10
require handling abbreviations (“I'TAA” for “yvaiwvo”, “X.I'A” for “ywpic ylovtévny”),
word reordering, and Greek-to-Latin brand transliteration (“KTKNOX”— “KYKNOS”).
Items 2, 11, and 12 are the most challenging: extreme abbreviation with slash notation
(“APT/EMA”, “IIAIIAA/AOT”), period-truncated words (“IlEPAXT.”, “®PAOYA.”), and
brand abbreviations (“H.HABITS”). These hard cases are where neural models provide the

most value over statistical baselines.

Note: This receipt also contained non-food items (cleaning products, personal care) that are
filtered out of our dataset. The 12 items shown are those that belong to the food category and

have confirmed ground-truth product matches.

Tpogwpa (Food)

TOAOKTOKOHLKG ApTOGKELGOPATA KovoépBeg Zopopka MoavaBikin
(Dairy) (Bread) (Canned) (Pasta) (Produce)

Tahata
DpEoRa

Wopi

1o 0pTU
TaodpTia e

Ppuyaviég Maxpid Kovt& Dpobra Aayavikd

Téha Ohvpmiog
3.5% 11t

Tdha Aédta
1.5% 11t

201 unique subcategories - 3,503 unique products - 570 brands

Yyqpa 7: Figure 4.3: Product category tree
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Figure 4.3: Product category tree (food subtree excerpt). The food category is organized
hierarchically: broad categories (Dairy, Bread, Pasta, Produce) subdivide into subcategories
(e.g., Fresh Milk, Yogurt under Dairy), which contain individual products. The dataset spans
201 unique subcategories, 3,503 unique products, and 570 brands. Products within the same
subcategory (e.g., different milk brands) create the hardest disambiguation challenges for the

matching system.

Table 4.2¢e: Product category distribution in the food subtree (top 10)

Top 10 Product Categories in Test Set

product_type_name 0

4,109

Wwul Toot/péteg

Xupog/meATéG TopdTog 3,818

2,846

Mnav@veg

TOAQTEG MAVEVEG 2,316

Miteg & Toptiyeg 2,036

Ahevpa 2,018

Zupopikd BootKE HoKPLE 1,937

Zupaptkd Baotkd KovTtd 1,936

Avyd 1,496

o

500 1000 1500 2000 2500 3000 3500 4000
Number of Test Iltems

Yyfqpa 8: Figure 4.1: Product category distribution

Figure 4.1: Distribution of receipt items per product category in the food subtree. The
long-tail distribution shows that a small number of popular categories (bread, tomato products,
bananas) account for a disproportionate share of the dataset, while a large number of niche
categories contain relatively few items. This distribution reflects real-world purchasing patterns

and creates an imbalanced training signal that the contrastive learning framework must handle.

Table 4.3: OCR text length statistics

Statistic ~ Characters Tokens (whitespace-split)

Mean 343 5.3
Median  34.0 5.0
Min 1 1
Max 235 43
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Statistic =~ Characters Tokens (whitespace-split)

Std. Dev. 10.0 1.8

(a) OCR Text Length Ratio Distribution (b) OCR Quality Tiers

Quality thresholds Long (>70%) Very Short (<30%)
8000

1 ]

1

1

1 1

! 1

1

1

I

i

I
6000 |

I

I

1

i

1
4000 |

\[

Medium (50-70%)
2000 ‘
0 II| Illl, _____

0.00 0.25 050 0.75 100 125 1.50 1.75 2.00
OCR/Product Text Length Ratio

36.7% Short (30-50%)

Frequency

Yyqpoa 9: Figure 4.2: OCR text length distribution

Figure 4.2: Distribution of OCR text lengths in the dataset. The histogram shows the
character-level length distribution of receipt OCR text. The majority of items fall in the 20—
45 character range, with a median of 34 characters. The distribution is right-skewed, with a
small number of items exceeding 100 characters — typically multi-line receipt entries or items

with extended product descriptions.

4.5 4.5 Data Anonymization

To ensure compliance with data protection regulations and ethical research practices, a

comprehensive anonymization protocol was applied:

1. Identifier replacement: All internal IDs (receipt, line item, product, brand, group) are

replaced with sequential integers starting from 1. The mapping is one-way and not stored.

2. Retailer identification: The retailer is a major Greek supermarket chain. While
private-label product names in the dataset examples make the retailer identifiable, no
commercially sensitive information (sales volumes, pricing strategies, market share) is

disclosed. The data is used solely for academic research purposes.

3. User data exclusion: No user-identifiable information is exported — no user IDs, emails,

phone numbers, loyalty card numbers, or demographic data.
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4. Receipt metadata exclusion: Receipt signatures (containing tax identification numbers),

store locations, and timestamps beyond the month are excluded.

5. Image privacy: Only line-item crops are retained. Full receipt images, which may

contain loyalty card numbers, payment details, or store information, are deleted after
cropping.

6. Data storage: Anonymized data files are stored only on the researcher’s local machine
and a private Google Drive folder. They are not committed to the code repository or

shared publicly.

The source of the data is described in the thesis as: “Data provided by a Greek retail technology

company, used with permission for academic research purposes.”

4.6 4.6 Data Preprocessing

4.6.1 4.6.1 Greek Text Normalization

Receipt OCR text and product catalog names undergo normalization to reduce surface-
level variation. The normalization pipeline, ported from the production system’s PHP

implementation, consists of:

1. Character filtering: Remove non-alphanumeric characters except spaces, keeping Greek
(Unicode range U+0370-U+03FF) and Latin characters.

2. Accent removal: Map all accented Greek characters to their unaccented equivalents (e.g.,
a—a, €€, 11, (21, 650, 15V, KD W).

3. Final sigma normalization: Convert terminal sigma ¢ to standard sigma o.

4. Whitespace normalization: Collapse multiple spaces to single spaces, trim
leading/trailing whitespace.

5. Numeric pattern preservation: Preserve decimal numbers (e.g., “3.5”) while removing

other punctuation, as these often encode product attributes.

The exact normalization implementation is detailed in Appendix A. To illustrate the effect of
normalization, Table 4.5 shows before-and-after examples for both receipt OCR text and product

catalog entries:

Table 4.5: Text normalization examples
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Stage Receipt OCR Text Product Catalog Text

Raw input FAAA ®PEZKO AEATA 1.5LT FaAa ®péoko MAApec 3.5% OAvumocg
11t

After FAAA ®PEZKO AEATA 1.5LT FaAa ®péoko MAApec 3.5% OAvumog

cleaning 11t

After yaAa @peoko deAta 1.51t YOAQ QPECKO TMANPEC 3.5% OALUMOG

lowercasing 11t

After accent YoAa @peocko beAta 1.51t YOAQ QPECKO TMANPEC 3.5% OALUTOOC

removal 11t

Final YoAa @pecko beAta 1.51t YOAQ QPECKO TIANPEG 3.5% OAULUTIOO

normalized 11t

Stage Receipt OCR Text Product Catalog Text

Raw input TYP.®ETA MON AQA.400G Tupl ®€ta N.0.M0. Awddvn 400yp

After TYP ®ETA TMON AQA 400G Tupl ®éta N 0 N Awddvn 400yp

cleaning

After Tup @eta mom Swd 400g Tupl geta 1 o T dwdbwvn 400yp

lowercasing

After accent Tup ¢eta mom dwd 400g Tupl gsta m o 1 Bwdbwvn 400yp

removal
Final

Tup @eta mon dwd 4009 TUpl Qeta 1 o T Bwdwvn 400yp

normalized

Note how normalization brings the two representations closer together (both lowercased,
accents removed, final sigma normalized) but significant differences remain: the receipt text
is still abbreviated (“TYP” vs. “tvpt”, “AQA” vs. “Swéwvn”) and uses different weight
notation (“400G” vs. “400yp”). These remaining gaps are what the neural matching models

must bridge.

For the product catalog, a search_text field is constructed by concatenating the normalized
product name, brand name, and category name. This gives the matching models maximum

textual context:
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Product Name Brand Category search_text
['dra Ppéoko IIAnpeg Olvpmog I'drota Ppéoka YOAQ (QPEOCKO TANPED
3.5% OAvpog 11t 3.5% oAvuroo 11t

OAULUTOG YOAQTO QPECKQ
ITpaiiva @ovvtovkioy  IIaviidng [Tpaiiveg MPAA VA POUVTOVK 10V
MERENDA 1kg Merenda merenda 1lkg mavAi1dno

merenda TMPAA1VED

Makapdviae MAKBEA MokBE€A Zupaplkd kovra MHoKopovia UaKBEA vo2
No2 500gr 500gr pokBeA TuuoplKa
KOV T

The inclusion of brand and category in the search_text is important: when the receipt reads
“MEPENTA IIATAIAH IKG”, the brand tokens “mauviiéno merenda” in the search_text
provide an additional matching signal, even though the product name itself uses different

vocabulary (“mpaiiva govvrovkiov” rather than “pepevra’).

Figure 4.5: Two-stage OCR text normalization pipeline. Raw OCR text from receipts
undergoes two sequential processing stages before reaching the entity resolution model.
Stage 1 (ocr_text sanitized) removes special characters and formatting artifacts (tildes,
brackets, underscores), fixes spacing around percentages and negative numbers, preserves
decimal number patterns, and strips uppercase Greek accents (e.g., A—A, E—E). Stage 2
(greek normalize) applies full normalization: lowercasing, removal of all remaining accents
(including lowercase: ad—a, €—¢€), and conversion of terminal sigma (¢—0). Both stages
are ported from the production PHP codebase to ensure identical text processing between the
existing system and the experimental pipeline. The two-stage design allows the first stage to be
used independently when accent-preserving text is needed (e.g., for display), while the second

stage produces the fully normalized form used for embedding and retrieval.
4.6.2 4.6.2 Image Preprocessing
Line-item image crops undergo minimal preprocessing:

1. Resize: Scale to a fixed height of 224 pixels (ViT/DiT input requirement), preserving

aspect ratio.
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OCR Text Normalization Pipeline

Example:

Raw OCR Text from Receipt
"FAAA~®PESKO:AEATA_1.5L{2,39}"

Stage 1: ocr_text_sanitized()

After Stage 1:

. ) . Remove uppercase o "
Remove special Fix spacing _ Preserve . Greek accents TAAA ®PESKO AEATA 1.5L 2.39

chars ~:{}'&+[1_() around % and - decimal numbers AsA F—E HoH

Stage 2: greek_normalize()

After Stage 2:

Remove Remove lowercase N .
Lmﬁercase non-alphanumeric accents Final sigma B - .
all text characters boa - -7 ¢—0 yada gpeoko beAta 1.51 2.39'
Purpose:
Consistent text for
embedding & retrieval
Normalized Text » ER Model —

yfpa 10: Figure 4.5: OCR text normalization pipeline
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2. Padding: Pad to a fixed width with white background.

3. Normalization: Apply ImageNet normalization (mean and standard deviation).

No data augmentation is applied to images during preprocessing; augmentation is applied

dynamically during training (Section 5.7.5).

4.7 4.7 Data Partitioning

The dataset is split into training, validation, and test sets using a temporal split strategy:

Table 4.4: Train / Validation / Test split sizes

Split Time Period Line Items % of Total
Train Weeks 1-3 (Feb 1-20) 218,024 67.5%
Validation Feb 21-23 27,435 8.5%

Test Feb 24-28 77,542 24.0%

The temporal split is chosen over random splitting for two important reasons:

1. Realism: In production, a model is trained on historical data and applied to new receipts.
A temporal split simulates this scenario, providing a more honest estimate of real-world
performance.

2. Data leakage prevention: Random splitting could place line items from the same receipt

in both training and test sets, inflating performance estimates.

We verify that the product distribution across splits is reasonably balanced and that no systematic

drift occurs within the one-month period.

5 Chapter 5: Methodology

5.1 5.1 Problem Formulation

We formulate receipt-to-product matching as a metric learning retrieval problem. Let @ =

{q1,....qy} be the set of receipt line items (queries) and % = {py,...,py} be the product
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catalog (gallery). For each query g;, the task is to rank all products p; € & such that the correct

match p7 is ranked as high as possible.

Each receipt line item g¢; is represented by: - ql.T: OCR text (string) - q{ : Line-item image crop

(pixel array) - ¢": Numerical attributes (quantity, unit price, final price)

Each product p; is represented by: - pjT: Product name, brand, and category (concatenated

string)

The goal is to learn encoding functions f (-) and g(-) such that:

sim(f (¢;), g(p;)) > sim(f(g;),g(p;)) Vj # i
where sim(-, -) is cosine similarity in the shared embedding space.

5.2 5.2 Overall Architecture

Overall System Architecture

Training Phase Inference Phase

‘ Receipt OCR Text ’ ‘ Product Text ‘ New Receipt Item ’
Query Encoder Product Encoder Trained Query
(GreekBERT/mMinil. M) (GreekBERT/mMiniL. M) Encoder + Projection
Projection Head Projection Head
‘ (768 — 256) ‘ (768 — 256) ’ iemblZo00)

I cosine
similarity

FAISS Index
(41,440 product embeddings)

q_emb (256-d) p_emb (256-d)

InfoNCE Contrastive Loss
(in-batch + hard negatives)

Top-K Matched
Products

e —
e S

Yyqpo 11: Figure 5.1: Overall system architecture

Figure 5.1: Overall system architecture. During training (left), receipt OCR text and product
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catalog text are encoded by separate encoder instances (sharing weights) through projection
heads into a 256-dimensional embedding space. InfoNCE contrastive loss trains the system to
place matching pairs close together. During inference (right), a new receipt item is encoded
and matched against all 41,440 pre-computed product embeddings via FAISS cosine similarity

search, returning the top-K candidates.
The proposed framework consists of four main components:

1. Query Encoder f(-): Encodes receipt line items (text and/or image) into a fixed-
dimensional embedding vector.

2. Product Encoder g(-): Encodes catalog products into the same embedding space.

3. Projection Head: Maps encoder outputs to a shared embedding space of dimension d.

4. Contrastive Loss: Trains the system to place matching pairs close and non-matching

pairs far apart.

At inference time, all product embeddings are pre-computed and indexed. For a new receipt
line item, the query encoder produces an embedding, and FAISS retrieves the top-K nearest

products.

5.3 5.3 Experiment Matrix

Ten experimental configurations are evaluated, spanning five categories:

Table 5.1: Experiment matrix — all ten configurations

ID Category Text Encoder Image Encoder Fusion Description
Bl Baseline TF-IDF + cosine — — Statistical text
baseline
B2 Baseline BM25 — — Probabilistic text
baseline
B3 Commercial OpenAl — — General-purpose
API text-embedding- commercial
3-small embeddings
Tl Text-only GreekBERT — — Greek-specific

neural text
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ID Category Text Encoder Image Encoder Fusion Description

T2 Text-only mMiniLM — — Lightweight

multilingual text

I1 Image-only — DiT — Visual-only
baseline
M1 Multimodal ~ GreekBERT DiT Early Feature
(concat) concatenation
M2  Multimodal  GreekBERT DiT Late Score-level
(score) combination
M3 Multimodal  GreekBERT DiT Hybrid Cross-attention
(cross- fusion
attn)
L1 Multimodal  LayoutLMv3 LayoutLMv3 Native Integrated
model

5.4 5.4 Text Encoders

5.4.1 5.4.1 TF-IDF Baseline (B1)

TF-IDF vectors are computed over the corpus of receipt OCR texts and product names using
character n-grams (n=2,3,4) to handle abbreviations and subword matches. Cosine similarity

between the TF-IDF vectors of a receipt line item and each product name produces the ranking.
5.4.2 5.4.2 BM2S Baseline (B2)

BM25 scoring (Robertson & Zaragoza, 2009) is computed with default parameters (k; = 1.2,
b = 0.75). The product catalog is indexed as a document collection, and each receipt OCR
text is treated as a query. This baseline approximates the production system’s text matching

approach.
5.4.3 5.4.3 GreekBERT (T1)

GreekBERT (Koutsikakis et al., 2020) is a BERT-base model (12 layers, 768 hidden dimension,
12 attention heads, ~110M parameters) pre-trained on Greek text. We use it as the text encoder

with mean pooling over the last hidden states:
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hr = MeanPool (GreekBERT (x7))

The resulting 768-dimensional vector is projected to the shared embedding dimension d via a

learned linear projection with ReLLU activation:

zr = ReLU(Wyhy + by), z7 € R4

54.4 5.4.4 mMiniLM (T2)

The multilingual MiniLM (Wang et al., 2020) is a distilled model (6 layers, 384 hidden
dimension, 12 attention heads, ~22M parameters) supporting 100+ languages including Greek.
It offers a five-fold reduction in parameters compared to GreekBERT, making it suitable for

resource-constrained deployment.

The encoding and projection procedure is identical to GreekBERT, with the hidden dimension

adjusted from 768 to 384.
5.4.5 5.4.5 OpenAl text-embedding-3-small (B3)

As an additional baseline, we evaluate OpenAl’s commercial text-embedding-3-small model,
a general-purpose multilingual embedding model accessed via API. This model produces
1,536-dimensional embeddings without task-specific fine-tuning. Product texts are embedded
using the search_text field (concatenation of normalized product name, brand, and category).
Receipt OCR texts are embedded directly from the ocr text normalized field. Matching is

performed via cosine similarity between query and product embeddings.

This baseline serves two purposes: (i) it establishes the performance of a state-of-the-art
commercial embedding service on our task, and (ii) it quantifies the benefit of domain-specific
fine-tuning (T1, T2) over general-purpose embeddings. The total API cost for embedding
77,542 queries and 41,440 products was approximately $0.04.

Master Thesis 51



HELLENIC

r. OPEN Maria Drinia — Multimodal Entity Resolution for Retail Receipt Line Items

5.5 5.5 Image Encoder

5.5.1 5.5.1DiT (I1, M1-M3)

DiT-base (Li et al., 2022a) is a ViT-base model (12 layers, 768 hidden dimension, 12 attention
heads, ~86M parameters) pre-trained on document images. Each line-item crop is split into

16x16 patches, linearly projected, and processed by the transformer encoder.

The [CLS] token representation is used as the image embedding:

h[ = DIT(XI) [CLS]

] = ReLU(WII’ZI + b[), ] € Rd

5.6 5.6 Multimodal Fusion

5.6.1 5.6.1 Early Fusion (M1)

The text embedding s and image embedding /; are concatenated and passed through a two-

layer MLP:

hfused = RCLU(W2 . RCLU(WI [l’lT, hl] + bl) + b2)
Zpusea = Normalize(Wy,heysoq + b))y Zusea € R4

5.6.2 5.6.2 Late Fusion (M2)

The text and image encoders produce independent embeddings z7 and z;. For a query ¢ and

product p:

— q p
Stext = COS(27,27)
Simage = COS(Z]q’ ZIIJ)

Stused = A * Stext + (1-a)- Simage

The mixing weight @ € [0, 1] is treated as a hyperparameter optimized on the validation set.
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The text and image encoders are pre-trained independently (using configurations T1 and I1

respectively) before fusion.
5.6.3 5.6.3 Hybrid Fusion with Cross-Attention (M3)

A cross-attention module allows the text and image representations to interact:

7 = hr + MultiHeadCrossAttention(Q = hy, K = h;, V = hy)
7 = h; + MultiHeadCrossAttention(Q = h;, K = hy,V = hy)
hfused = ,T’h;]

Zfused = Normalize(MLP(hfused)), Zfused S Rd

The cross-attention uses 8 heads and a hidden dimension of 768. Residual connections ensure
that unimodal information is preserved even if cross-modal attention is uninformative.

(a) Early Fusion (M1) (b) Late Fusion (M2) (c) Hybrid Fusion (M3)

(DiT)

Iz T | |
| | N\ /

Bidirectional Cross-Attention

Text Encoder
(GreekBERT) (DiT)

Image Encoder Text Encoder
(GreekBERT)

Image Encoder ‘

text — Image attention | image — text attention

+ Residual + LayerNorm

o sim_text + (1~0) - sim_image
a = learnable (init: 0.7)

S m

MLP Projection
inear — ReLU — Dropout — Linedr

Concat + MLP Projection
near — i

ReLU — Dropout — Linea

Yyfpa 12: Figures 5.2-5.4: Multimodal fusion strategies

Figures 5.2-5.4: Comparative architecture of the three multimodal fusion strategies. (a)
Early Fusion (M1): Text and image embeddings are concatenated into a single vector of
dimension 1536, then projected through a two-layer MLP (Linear—ReLU—Dropout— Linear)
to produce a 256-dimensional fused embedding. This allows cross-modal feature interaction
from the earliest stage but requires the model to learn joint representations from scratch. (b) Late
Fusion (M2): Each modality maintains its own encoder and produces independent embeddings.
During retrieval, cosine similarity scores from each modality are combined via a learnable

weight o (initialized to 0.7, text-biased), parameterized through a sigmoid to ensure a (0,
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1). Fusion occurs at the score level, not the feature level, preserving modality independence.
(c) Hybrid Fusion (M3): Both embeddings are projected to a common 768-dimensional space
and processed through bidirectional multi-head cross-attention (8 heads): text attends to image
features and vice versa. Residual connections and LayerNorm preserve the original modality
information. The attended representations are concatenated and projected to produce the final

256-dimensional embedding.
5.6.4 5.6.4 LayoutLMv3 (L1)

LayoutLMv3 (Huang et al., 2022) natively processes text, image, and 2D position information

in a single transformer. For each line-item crop:

1. OCR text is tokenized and paired with bounding box coordinates (normalized to [0,
1000]).
2. The image is split into patches.

3. Text tokens and image patches are concatenated and processed jointly.

The [CLS] token representation serves as the fused embedding:

zr, = Normalize(W,, - LayoutLMV3(x7, X7, Xppox ) (cLs] + D1)

Figure 5.5: LayoutLMv3 integrated architecture (LL1). Unlike the separate-encoder fusion
approaches (M1-M3), LayoutLMv3 processes text tokens, image patches, and 2D bounding
box positions through a single unified transformer encoder. The three modalities are embedded
separately and concatenated into a single input sequence, allowing joint self-attention across all
modalities. The model is pre-trained with three objectives: masked language modeling (MLM),
masked image modeling (MIM), and word-patch alignment. Note: this configuration was not

trained due to the image probe results (Section 7.1.3).

5.7 5.7 Training Procedure

5.7.1 5.7.1 Pair Generation
For each receipt line item in the training set, we generate:

* One positive pair: The line item paired with its ground-truth product.

* Hard negatives: Products from the same subcategory (e.g., other milks when the correct
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LayoutLMv3 Integrated Architecture (L1)

Receipt Line

2D Bounding

Box Positions

Image Patches

Word Patch Layout
Embeddings Embeddings Embeddings

I

Concatenated Input Sequence: [CLS] text tokens [SEP] image patches

Unified Transformer Encoder

12 layers x 768 hidden x 12 heads
Joint self-attention over text + image + layout

Pre-trained with: MLM + MJM + Word-Patch Alignment

[CLS] - Projection - 256-d

Fused Embedding

Yyjpo 13: Figure 5.5: LayoutLMv3 integrated architecture
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match is a specific milk product). We sample 3 hard negatives per positive.
* In-batch negatives: All other products in the mini-batch serve as additional negatives,

following the InfoNCE formulation.
5.7.2 5.7.2 Loss Function
We use InfoNCE loss (Oord et al., 2018):
exp(cos(z{,z) /)

1 N
£ =—-= Zlog
N = Zj]\ilexla(cos(z?,zf)/r)

where z7 is the query embedding, z? is the positive product embedding, and the denominator
sums over all products in the batch (including hard negatives). The temperature T = 0.07

follows common practice (Radford et al., 2021).
5.7.3 5.7.3 Staged Training

For multimodal models (M1-M3), we adopt a staged training approach:

1. Stage 1 — Text warmup (5 epochs): Train only the text encoder and projection head.
Image encoder weights are frozen.

2. Stage 2 — Image warmup (5 epochs): Train only the image encoder and projection head.
Text encoder weights are frozen.

3. Stage 3 — Joint training (remaining epochs): Train all components jointly with a

reduced learning rate.

This staged approach prevents the text modality — which typically converges faster — from
dominating the learning signal and causing the image encoder to receive uninformative

gradients.
5.7.4 5.7.4 Optimization

* Optimizer: AdamW (Loshchilov & Hutter, 2019) with weight decay 0.01.

* Learning rates: 2x10 for pre-trained backbones, 1x10 3 for projection heads.

* Schedule: Linear warmup (10% of steps) followed by cosine decay.

* Batch size: 32 per device, with gradient accumulation over 8 steps for effective batch size
of 256.

* Mixed precision: FP16 automatic mixed precision (AMP) to reduce memory usage and

enable training on a single T4 GPU (16GB VRAM).
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* Early stopping: Training stops if validation MRR does not improve for 5 consecutive
epochs.

* Maximum epochs: 20.
5.7.5 5.7.5 Data Augmentation

To improve generalization, the following augmentations are applied dynamically during

training:

Text augmentation: - Character dropout: Randomly remove 1-2 characters (simulating OCR

errors). - Token shuffle: Randomly swap adjacent tokens with probability 0.1.

Image augmentation: - Random brightness/contrast adjustment (+10%). - Random Gaussian

blur (0 [0.5, 1.0]). - Random horizontal shift (+5% of width).

Augmentations are applied with a combined probability of 0.3 per sample.

5.8 5.8 Evaluation Protocol

5.8.1 5.8.1 Retrieval Setup

For evaluation, we:

1. Encode all products in the catalog to produce a gallery of product embeddings.
2. Index the gallery using FAISS flat (exact) search.
3. For each test line item, compute the query embedding and retrieve the top-K products.

4. Compare the retrieved products to the ground-truth match.
5.8.2 5.8.2 Metrics

We report the following standard retrieval metrics:

Precision @K: Fraction of the top-K retrieved products that are correct:

[relevant N top-K|
K

P@K =

Since each query has exactly one relevant product, P@1 = Hit Rate@1 and P@K < 1/K for
K > 1.
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Recall@K: Whether the correct product appears in the top-K:

1 if correct product € top-K
R@K =

0 otherwise

Mean Reciprocal Rank (MRR): The mean of the reciprocal rank of the correct product:

1

MRR = rank;

2|~
M=

i=1

Hit Rate@K: Fraction of queries where the correct product appears in the top-K results:

1N
HR@K:N; [rank; < K|

We report all metrics at K {1, 5, 10}.

6 Chapter 6: Experimental Setup

6.1 6.1 Implementation

The experimental framework is implemented in Python 3.10 using the following key libraries:

* PyTorch 2.1 (Paszke et al., 2019): Deep learning framework for model implementation
and training.

* HuggingFace Transformers 4.35 (Wolf et al., 2020): Pre-trained model loading and
tokenization.

* FAISS-CPU 1.7 (Johnson et al., 2019): Efficient nearest-neighbor search for evaluation.

* OmegaConf 2.3: Hierarchical configuration management.

* scikit-learn 1.3 (Pedregosa et al., 2011): TF-IDF vectorization and baseline utilities.

* rank-bm25 0.2: BM25 implementation for the B2 baseline.

All code is organized in a modular structure with separate components for data processing,

model definitions, training loops, and evaluation. Configuration is managed through YAML
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files, enabling reproducible experiment execution.

6.2 6.2 Pre-trained Models

Table 6.2: Pre-trained model specifications

Model HuggingFace ID Parameters Hidden Dim Layers Heads

GreekBERInlpaueb/bert- ~110M 768 12 12
base-greek-
uncased-vl

mMiniLM microsoft/Multiling®2M 384 12 12
MinilM-L12-H384

DiT-base microsoft/dit- ~86M 768 12 12
base

LayoutLMvf@icrosoft/layoutlmv3d33M 768 12 12

base base

All models are loaded with pre-trained weights and fine-tuned during training. The final

classification heads of the original models are removed and replaced with our projection heads.

6.3 6.3 Hyperparameters

Table 6.1: Hyperparameter settings for all models

Hyperparameter Value Notes

Shared embedding dimension d 256 Ablated over {128,
256,512}

Temperature 0.07 Ablated over {0.03,
0.05,0.07,0.1, 0.2}

Backbone learning rate 2x10 With linear warmup
+ cosine decay

Projection head learning rate 1x103 With linear warmup

+ cosine decay
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Hyperparameter Value Notes

Weight decay 0.01 AdamW

Batch size (per device) 32

Gradient accumulation steps 8 Effective batch =
256

Maximum epochs 20

Early stopping patience 5 Based on validation
MRR

Warmup ratio 0.1 10% of total training
steps

Hard negatives per positive 3 From same
subcategory

Late fusion weight ¢ (M2) Tuned Grid search over
{0.5, 0.6, 0.7, 0.8,
0.9}

Cross-attention heads (M3) 8

Text augmentation probability 0.3

Image augmentation probability 0.3

Random seed 42 Fixed for
reproducibility

6.4 6.4 Hardware and Computing Environment

All experiments are conducted on Google Colab Free with the following specifications:

Resource Specification

GPU NVIDIA Tesla T4 (16 GB VRAM)
System RAM ~12 GB

Disk ~100 GB (session-ephemeral)
Runtime Up to 12 hours per session

FP16 mixed precision training is essential to fit the models within the T4’s 16GB VRAM.
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The largest model (LayoutLMv3, ~133M parameters) requires approximately 10GB of GPU

memory during training with a batch size of 32.

Estimated training times per model:

Model Time per Epoch Total Training Notes

B1 (TF-IDF) < 1 min < 1 min CPU only

B2 (BM25) < 1 min < 1 min CPU only

B3 (OpenAl) N/A ~5 min API calls, no
training

T1 ~13 min ~195 min (15 epochs) Best at epoch

(GreekBERT) 13

T2 ~10 min ~90 min (9 epochs) Best at epoch

(mMiniLM) 8, early stop

I1 (DiT) — Not conducted Image probe
showed no
benefit

MI1-M3 — Not conducted Image probe

(Multimodal) showed no
benefit

L1 — Not conducted Image probe

(LayoutLMv3) showed no
benefit

6.5 6.5 Reproducibility

To ensure reproducible results:

1. Random seeds: All random number generators (Python, NumPy, PyTorch, CUDA) are
seeded with the same value (42).

2. Deterministic operations: PyTorch deterministic mode is enabled where possible
(torch.use deterministic _algorithms).

3. Configuration versioning: All experiment configurations are stored in version-

controlled YAML files.
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4. Dependency pinning: Exact library versions are specified in pyproject.toml.

Note that perfect reproducibility on GPU is not guaranteed due to non-deterministic CUDA
operations in some PyTorch functions, but results should be consistent within +£0.5% across

runs.

6.6 6.6 Evaluation Procedure

Evaluation follows this protocol:

1. Model selection: For each experiment, the model checkpoint with the highest validation
MRR is selected.

2. Product index construction: All catalog products are encoded using the product encoder
to build the FAISS index.

3. Test set inference: Each test line item is encoded and queried against the product index.

4. Metric computation: Precision@K, Recall@K, MRR, and Hit Rate@K are computed
atK=1,5,10.

5. Statistical significance: Bootstrap confidence intervals (95%) are computed over 1000
resamples of the test set.

6. Per-category analysis: Metrics are also computed per product subcategory to identify

category-specific patterns.

6.7 6.7 Step-by-Step Experiment Procedure

To provide a concrete understanding of how each experiment is conducted, we describe the

end-to-end process for each model category:
6.7.1 6.7.1 Statistical Baselines (B1, B2)

B1 (TF-IDF): No training is required. The processis: 1. All product search_text fields and all
receipt ocr_text normalized fields are transformed into character n-gram vectors (n=2,3,4)
using TF-IDF weighting. 2. For each test receipt item, cosine similarity is computed against
all 41,440 product vectors. 3. Products are ranked by similarity; the top-K are returned as

predictions.

B2 (BM25): Similar to B1, but uses word-level BM25 scoring instead of character n-gram TF-
IDF. The BM25 parameters (k; = 1.2, b = 0.75) are the standard values from Robertson &
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Zaragoza (2009).
6.7.2 6.7.2 Commercial API Baseline (B3)

B3 (OpenAl text-embedding-3-small): No training is required. The process is: 1. All
product search text fields (41,440) are sent to the OpenAl Embeddings API, producing
1,536-dimensional vectors. 2. All test receipt ocr text normalized fields (77,542) are sent
to the same API. 3. Vectors are L.2-normalized and cosine similarity is computed using batched

matrix multiplication. 4. Products are ranked by similarity for each query.

Total API cost: approximately $0.04. No fine-tuning or domain adaptation is applied — the
model is used as-is, representing the “out-of-the-box” performance of a commercial embedding

service.
6.7.3 6.7.3 Neural Text Models (T1, T2)

Training procedure (identical for T1 and T2, differing only in the pre-trained backbone): 1.
Data preparation: 218,024 training pairs are loaded. Each pair consists of (ocr_text normalized,
search text) — the receipt text and its matching product text. 2. Tokenization: Both texts
are tokenized using the model’s tokenizer (GreekBERT or mMiniLM) with max length 64,
padding, and truncation. 3. Forward pass: Both texts are encoded through the shared backbone
+ projection head to produce 256-dimensional embeddings. 4. Loss computation: InfoNCE
loss computes a 64x64 similarity matrix for each batch. The diagonal elements (correct pairs)
should be high; off-diagonal (in-batch negatives) should be low. 5. Optimization: AdamW
optimizer with separate learning rates (2e-5 for backbone, le-3 for projection head) and
OneCycleLR scheduler. 6. Validation: After each epoch, the full catalog (41,440 products)
is encoded and indexed with FAISS. All 27,435 validation queries are evaluated using MRR,
HR@1, HR@5, HR@10. 7. Checkpointing: The model with the highest validation MRR is

saved. Training stops if MRR doesn’t improve for 5 epochs.

Evaluation procedure: 1. The best checkpoint is loaded. 2. All 41,440 catalog products are
encoded — FAISS inner-product index. 3. All 77,542 test receipt items are encoded. 4. For each
query, the 10 nearest product embeddings are retrieved. 5. Metrics are computed by checking

if the ground-truth product appears in the top-K.
Concrete example of matching flow:

Input: "pepevta mavAidn 1lkg"
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I GreekBERT tokenizer
Tokens: [CLS] pep ##evta movA ##16n 1 ##kg [SEP]
1 GreekBERT encoder (768-dim)
I Projection head (768 - 256)
OQutput: [0.23, -0.15, 0.87, ..., 0.42] (256 numbers)
1 cosine similarity vs all 41,440 products
Top-1: "mpaAiva @ouvtouvkiov merenda lkg moavAi1dno merenda mpaAivec"

- CORRECT MATCH v
6.7.4 6.7.4 What the System Learns from Training Data

To provide intuition for why contrastive fine-tuning is so effective, we examine what specific
patterns the neural models learn from the training data. The 218,024 training pairs expose the
model to recurring receipt-product correspondences, enabling it to learn several types of implicit

knowledge:

Abbreviation mappings. Greek POS systems impose strict character limits, producing

systematic abbreviations. Through repeated exposure, the model learns these abbreviation

conventions:
Abbreviation Pattern Receipt Text Product Text Frequency
Truncation to first syllable F'AA I'aia (milk) Very common
TYP Tupl (cheese) Very common
Y OKOA YokoAdTO Common
(chocolate)
Slash abbreviation APT/EMA Aprookevoopa Common
— Ywpd (bread)
ITAITAA/AOY ITAITAAOITIOYAOY Common
K/ Karepvypévo Common
(frozen)
Period truncation PPAOYTA. Ppdovia Common
(strawberry)
I[IEPAXT. [Tepaotn Moderate
(strained)
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Abbreviation Pattern Receipt Text Product Text Frequency
Number codes No10, No2, No7 Pasta shape Domain-
numbers specific
Quantity packing STEM, 4T, STy, 4 pieces, Very common
3X500G 3x500gr

The model learns these mappings implicitly through the contrastive loss: abbreviated texts
are pushed close to their full product names in embedding space. No explicit abbreviation

dictionary is provided.

Brand transliteration. Many Greek products have brands written in either Latin or Greek

script, and receipts may use either form depending on the POS system:

Receipt Form Catalog Form Implicit Learning
pepevra (Greek) MERENDA (Latin) Greek-to-Latin script equivalence
KYKNOX (Greek) KYKNOS (Latin) Same brand, different alphabet
veotAe (Greek phonetic) NESTLE (Latin) Phonetic transliteration
ywwtno (Greek) I'TQTHY (Greek Case normalization

uppercase)

The contrastive training teaches the model that “pepevra raviidn 1kg” and “mpaiiva gov-
vrovkiov MERENDA 1kg” refer to the same product, even though the two texts share almost

no tokens. This cross-script matching capability is impossible for lexical methods like TF-IDF.

Dialectal and synonym mappings. The receipt and catalog often use different words for the

same concept:

Receipt Term Catalog Term Meaning

eyywpla / eyywplec  eAAnvkda / eAAnvikés  domestic / Greek

AIIYTITOY ELOQYWYRS from Egypt / imported
XAMII burger hamburger abbreviation
XTA YwPLg yAovTévn gluten-free
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Receipt Term Catalog Term Meaning

MQP/AA LWPOLAVINAQ baby wipes

These synonym pairs are learned from training examples where the same product appears with
different descriptions across multiple receipts. The model builds an internal representation

where “eyywpita” and “eAinvika’” are close in embedding space.

Product-attribute associations. The model also learns to associate product attributes (weight,

fat percentage, pack size) with specific products:

* “1LT 3.5%” — likely a full-fat milk product (1 liter)

* “6X330ML” — likely a beer or soft drink multipack

* “5X28GR” — likely a cereal/snack bar multipack

* “500I'P” with “MAKAP” — likely pasta (standard Greek pasta packaging)

These associations help disambiguate when the product name itself is abbreviated or ambiguous.
For instance, “TTAA 1LT 3.5%” narrows the search space to full-fat 1-liter milks, allowing the

model to focus on distinguishing the brand.
Concrete example — tokenization and matching flow for a hard case:

Receipt OCR: "APT/ZMA MAMAA/AOY TEYXH XITOY ®OPMA 700G"
1 text normalization
Normalized: "apt opa mamnad Aov yegvon oiltouv @opua 700g"
1 GreekBERT tokenizer (WordPiece)
Tokens: [CLS] ap ##1 o ##uo mam ##abd A ##ov ye ##v ##on ol ##10UL
@ ##op ##uo 700 ##g [SEP]
1 GreekBERT encoder - mean pooling - projection

Embedding: 256-dimensional vector

Product text: "ywpt toot manadomovAov yevon 2 700gr namnoadomovAov yevon2
YwPl TOOT @PeTEC"
1 same tokenization and encoding pipeline

Embedding: 256-dimensional vector
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Cosine similarity: 0.87 - RANK 1 (correct match!)

Despite sharing almost no full tokens (only “700” is common), the model correctly matches
these texts because the contrastive training has taught it that the subword patterns “mwom##ad”
and “mworit# oS oo UVA##OU” are closely related, and that “op##t o##pa” in receipt

context maps to “Ywu##i toot” in catalog context.
6.7.5 6.7.5 Image Probe

The image probe tests whether adding visual features to the text model improves accuracy: 1.
Image acquisition: 5,578 receipt photographs were downloaded from the production CDN.
Google Vision API was re-run on each image (~$8 total cost) to obtain word-level bounding
boxes. 2. Cropping: For each receipt item, the corresponding line in the receipt image was
identified by matching OCR text to Vision API words (230% token overlap). The bounding
box was used to crop the line region, producing 22,694 line-item images (average size 181x32
pixels). 3. Mini-split: Since images were only available for the test period (Feb 24-28), the data
was split into mini-train (Feb 24-26: 15,878 items) and mini-eval (Feb 27-28: 6,816 items). 4.
Two models trained on identical data: - Text-only: GreekBERT (text) — 256-dim embedding
- Text+Image: GreekBERT (text) + DiT (image) — late fusion (80% text + 20% image) — 256-

dim embedding 5. Comparison: Both models evaluated on the same mini-eval set.

The DiT (Document Image Transformer) processes the receipt line-item image as a 224x224
pixel input and produces visual features without reading the text — it operates purely on pixel

patterns, shapes, and spatial structure.
6.7.6 6.7.6 Ablation Studies

Two hyperparameters were systematically varied using the probe mini-split: 1. Embedding
dimension (128, 256, 512): Controls the size of the shared embedding space. Larger
dimensions can represent more detail but risk overfitting. 2. Temperature (0.03, 0.05, 0.07,
0.10, 0.20): Controls how “sharp” the contrastive loss discriminates between similar and

dissimilar pairs. Lower values are stricter.

Each configuration was trained for 5 epochs with all other hyperparameters fixed. The best

validation MRR across the 5 epochs is reported.
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7 Chapter 7: Experimental Results

7.1 7.1 Main Results

Table 7.1: Main results — all models compared on test set (77,542 queries x 41,440

products)

Model MRR HR@1 HR@5 HR@10 MRR 95% CI
B2 —BM25 0.7070 0.6195 0.7876 0.8427 [0.704, 0.710]
B3 — 0.7683 0.6940 0.8456 0.8890 [0.766, 0.771]
OpenAl

Bl — 0.8126 0.7531 0.8727 0.9126 [0.810, 0.815]
TF-IDF

T2 — 0.9761 0.9619 0.9920 0.9941 [0.975, 0.977]
mMiniLM

T1— 0.9834 0.9732 0.9945 0.9960 [0.983, 0.984]
GreekBERT

Best result in each column in bold. 95% bootstrap confidence intervals (1000 resamples) are

reported for MRR. Models are sorted by MRR within each category.

Note: The image-only (I1), multimodal fusion (M1-M3), and layout-aware (L1) models were
not trained. The image modality probe (Section 7.1.3) demonstrated that visual features
extracted from receipt line-item crops carry negligible discriminative signal for product

matching, rendering these experiments unnecessary.

Figure 7.1a: Model comparison across evaluation metrics. Grouped bar chart showing
MRR, HR@1, HR@5, and HR @10 for all evaluated models. The vertical dashed line separates
statistical baselines (left) from neural models (right). The neural text-only models (T1, T2)

substantially outperform all baselines across every metric.

Figure 7.1b: MRR comparison with 95% bootstrap confidence intervals. The non-
overlapping confidence intervals between neural models and baselines confirm statistical

significance. GreekBERT (T1) achieves the highest MRR with a narrow CI, indicating stable
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Yyqpa 14: Figure 7.1a: Main results comparison

MRR Comparison with 95% Confidence Intervals

B2 (BM25) 0.7070

B3 (OpenAl Embeddings) 0.7683
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Yyfqpa 15: Figure 7.1b: MRR comparison with confidence intervals
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performance.
7.1.1 7.1.1 Baseline Performance

The three baselines represent fundamentally different approaches to text matching and establish

the performance floor for neural models.

BM25 (B2) achieves an MRR of 0.7070 and HR@1 of 61.95%. Contrary to the initial
expectation that BM25 would outperform TF-IDF due to its length normalization properties,
BM25 performs substantially worse (—10.6pp MRR). This is explained by BM25’s reliance on
word-level tokenization: receipt abbreviations such as “I'AA” (for “I'dAa’) and “OAYMIT”
(for “OAvpmoc”) are treated as unknown tokens that fail to match any term in the product
vocabulary. BM25’s length normalization, which should help when comparing short receipt

texts against longer product names, cannot compensate for this fundamental lexical mismatch.

TF-IDF (B1) achieves a significantly higher MRR of 0.8126 and HR@1 of 75.31%. The
key advantage is the use of character n-grams (n=2,3,4) rather than full words: the character
subsequence “I"’AA” appears in both the receipt text “I’AA OAYMII” and the product name
“Taia Olvpmog”, enabling partial matching despite abbreviation. This demonstrates that for
OCR text matching in Greek, sub-word representations are critical — a finding that also explains

the strong performance of the neural models’ subword tokenizers.

OpenAl text-embedding-3-small (B3) achieves an MRR of 0.7683, positioning it between
BM25 and TF-IDF. Despite being a state-of-the-art commercial embedding model with 1,536
dimensions (vs. the character n-gram features of TF-IDF), it underperforms the simple TF-
IDF baseline by 4.4pp MRR. This surprising result has several explanations: (i) OpenAl’s
model is trained on general-purpose text, not OCR-degraded Greek supermarket receipt text;
(ii) the model uses WordPiece/BPE tokenization which, like BM25, struggles with aggressive
abbreviations; (iii) the embedding space was not fine-tuned for the receipt-to-product matching
task. This result highlights the importance of domain-specific adaptation over general model

capacity.
7.1.2 7.1.2 Neural Text Models vs. Baselines

The neural text-only models dramatically outperform all three baselines, demonstrating the

effectiveness of contrastive fine-tuning on domain-specific data.

GreekBERT (T1) achieves the highest overall performance with an MRR of 0.9834 and
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HR@1 of 97.32%. This represents a +17.1pp improvement over the best baseline (TF-IDF,
0.8126) and a +21.5pp improvement over the commercial OpenAl API (0.7683). The
95% bootstrap confidence interval [0.9827, 0.9841] is non-overlapping with all baselines,
confirming statistical significance. The model’s Greek-specific pre-training enables it to handle
morphological variations (e.g., case inflections, abbreviated forms) that are common in Greek

receipt text.

mMiniLM (T2) achieves an MRR of 0.9761 and HR@1 of 96.19%, only 0.73pp below
GreekBERT. This is a remarkably strong result for a multilingual model with a smaller
hidden dimension (384 vs. 768) that was pre-trained on 100+ languages simultaneously.
The small gap suggests that fine-tuning on domain-specific data is more important than the
language-specificity of the pre-trained model — a practical finding, as multilingual models are

more readily available for low-resource languages.

Both neural models achieve HR@10 above 99.4%, meaning the correct product appears in
the top 10 candidates for virtually every query. This near-perfect recall at K=10 has practical
implications: a production system could present the top 10 candidates to a human operator for

final verification, achieving near-100% coverage.

The improvement from baselines to neural models (+17-21pp MRR) is far larger than the gap
between the two neural models (0.73pp), suggesting that the choice of contrastive learning

framework matters more than the specific pre-trained backbone.
7.1.3 7.1.3 Image Probe: Does Visual Information Help?

To determine whether visual features from receipt line-item images provide additional
discriminative information beyond the OCR text, we conducted a probe experiment using a
late-fusion architecture combining GreekBERT (text) with DiT (image). Receipt line-item
images were cropped from 5,578 receipt photographs using bounding boxes obtained by

re-running Google Vision API on the original receipt images.

Due to the absence of image crops for the training period (images were only available for the test
period), a micro-split within the test set was used: February 24-26 for training (15,878 items
with images) and February 27-28 for evaluation (6,816 items with images). While this setup is
not suitable for reporting final results, it is sufficient for detecting whether visual features carry

a meaningful signal.
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Table 7.8: Image probe results (mini train/eval split)

Model MRR HR@1 HR@I10
Text-Only (GreekBERT) 0.9245 0.8819 09811
Text+Image (GreekBERT + DiT, late fusion) 0.9254  0.8841  0.9803
Difference +0.0009 +0.0022 -0.0008

The image contribution is +0.09pp MRR — statistically insignificant and within the noise
margin. The text+image model performs virtually identically to the text-only model, with
a negligible improvement in HR@1 (+0.22pp) offset by a marginal decrease in HR@10
(=0.08pp).

This null result has several explanations:

1. Uniform visual appearance. Retail receipts use a single monospaced font for all
products, with identical formatting (uppercase, fixed column widths). Unlike document
types where visual layout carries semantic information (e.g., invoices, forms), receipt
line items are visually indistinguishable — a line reading “I'’AA OAYMII 1LT” looks
identical in font, size, and spacing to “MEPENTA ITIAYA 1KG”.

2. Near-ceiling text performance. GreekBERT already achieves 97.3% HR@1 on the full
test set. The remaining 2.7% of errors represent cases of extreme OCR corruption or
catalog ambiguity where visual features are unlikely to help — the image of a corrupted

text line is equally uninformative.

3. Low image quality. Receipt photographs are taken by consumers under varying lighting
conditions, angles, and distances, producing line-item crops of limited quality (~181x32
pixels average). The visual signal-to-noise ratio is insufficient for discriminative feature

extraction.

4. Asymmetric comparison. Products in the catalog have no images — only text
descriptions. The multimodal model must compare a receipt image+text embedding
against a product text-only embedding, limiting the benefit of visual features to the query

side only.

Based on this probe result, we conclude that multimodal fusion does not provide a meaningful
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improvement for receipt-to-product entity resolution in this dataset. The full multimodal
experiments (M1-M3, L1) were therefore not pursued, for both principled and practical
reasons. First, the probe established that the prerequisite for multimodal benefit — that visual
features carry a discriminative signal — is not met for this data. Training full multimodal
architectures on features that contain no useful information would not yield meaningful results
regardless of the fusion strategy. Second, multimodal training carries substantial computational
cost: each multimodal configuration requires training both a text and image encoder jointly,
with staged training (text warmup, image warmup, joint training) tripling the number of
training phases. Under the constraints of Google Colab Free (12-hour session limits, single T4
GPU), investing this compute budget in experiments with a known null input signal would not
be a responsible use of limited resources. The text-only GreekBERT model (T1) is therefore

presented as the best-performing configuration.

Image Probe: Text- ge (Late Fusion)
1.00 Difference: +0.0009 MRR
MRR 0.0 (not significant) 0.9803

0.98

0.96

0.94

Score

0.92

0.90

0.88

0.86

Text-Only Text+Image
(GreekBERT) (GreekBERT+DiT)

Yyfqpa 16: Figure 7.8: Image probe results

Figure 7.8: Image probe results. Comparison of text-only vs. text+image (late fusion) models
on the probe evaluation split. The negligible difference (+0.09pp MRR) demonstrates that visual
features from receipt line-item crops carry no meaningful discriminative signal for product

matching.
7.1.4 7.1.4 Summary of Model Comparison

The experimental results across all evaluated configurations reveal a clear hierarchy:

1. Neural text-only models (T1, T2) substantially outperform all baselines, achieving near-
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perfect retrieval accuracy (MRR > 0.97).

2. Statistical text baselines (B1) outperform the commercial API baseline (B3),
demonstrating that character-level features are more effective than general-purpose
embeddings for OCR text matching.

3. Visual features do not provide additional discriminative power for receipt entity
resolution, as demonstrated by the image probe experiment.

4. Domain-specific fine-tuning is the dominant factor: fine-tuned models outperform the

unfine-tuned OpenAl baseline by +21pp MRR, regardless of model size or architecture.

7.2 7.2 End-to-End Evaluation: From Receipt to Product Match

To illustrate concretely how the evaluation works and what the models produce, we present
detailed end-to-end examples showing the top-3 predictions from both the best baseline (B1,
TF-IDF) and the best neural model (T1, GreekBERT) for representative test items spanning
different difficulty levels.

7.2.1 7.2.1 Easy Cases: Both Models Succeed

Test item: “KANEAONIA MELISSA 250G” Ground truth: Kaveiévia MELISSA 250gr

Rank TF-IDF (B1) Prediction Score GreekBERT (T1) Prediction Score

1 Kaveidvioe MELISSA 0.92 Kaverévia MELISSA 250gr  0.96
250gr

2 Moakapdvia MELISSA 0.61 Aaldavia MELISSA @péoka 0.72
No10 500gr 250gr

3 KpiBapakt MELISSA 0.58 Makapéviae MELISSA NolO  0.68
néxpro 500gr 500gr

Both models place the correct product at rank 1. The high token overlap (“KANEAONIA”,
“MELISSA”, “250”) makes this straightforward for TF-IDF. Notably, GreekBERT’s rank-2
prediction (Aalcvia, same brand, same weight) is more semantically relevant than TF-IDF’s

(pakapovia — similar spelling but different product).
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7.2.2 7.2.2 Medium Cases: Neural Model Succeeds, Baseline Fails

Test item: “TOMATA KYKNOLX IIEPAYT.XE MYA.I'YAA700” Ground truth: Topdta
KYKNOS nepaoti oto poro 700gr

Rank TF-IDF (B1) Prediction Score GreekBERT (T1) Prediction Score

1 Topdra KYKNOS 0.59 Topdta KYKNOS nepaoth 0.93
TpLppévn 680gr oto pvio 700gr

2 Topdara KYKNOS 0.52 Topdra KYKNOS tpippévn  0.81
EAQPPA OVPLTTUKVWREDN 680gr
500gr

3 Toparomoitoc KYKNOS  0.47 Topdara KYKNOS e a@pd 0.74
28% 410gr ovpTukvwpévn 500gr

TF-IDF fails because the truncated forms “IIEPAXT.” and “MYA.” do not produce sufficient
character n-gram overlap with “mepaowi” and “pdio”. It defaults to the most popular
Kyknos tomato product. GreekBERT, having seen similar abbreviation patterns during

training, correctly resolves “I EPAYXT.” = “mepaoti” and “MYTA.” — “pvlo”.

Test item: “DIGESTIVE BAR IIOPT&MAYPH YOKOA 28I'P STEM” Ground truth:
Mmndpec Anpntprakuv ITAITAAOIIOYAOY Digestive pavpn cokordta & TOPTOKAAL
5x28gr

Rank TF-IDF (B1) Prediction Score GreekBERT (T1) Prediction Score

1 Mmdpeg 0.41 Mndpec I[TAITAAOIIOYAOY  0.89
ITATTAAOIIOYAOY Digestive pavpn ookordta &
Digestive dark chocolate TOPTOKAAL SX28gr
5x28gr

2 Mmdpeg 0.38 Mndpec I[TAITAAOIIOYAOY  0.82
I[TAITAAOIIOYAOY Digestive dark chocolate 5x28gr

Digestive cokoAdTa

YAAQKTOS 5X288r
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Rank TF-IDF (B1) Prediction Score GreekBERT (T1) Prediction Score

3 M7okdTo 0.35 Mndpec [TIAITAAOIIOYAOY  0.79
ITAITAAOIIOYAOY Digestive cokoAdTQ
Digestive 250gr YOAQKTOS 5X28gr

This case demonstrates several simultaneous challenges: the receipt text abbreviates “mopTo-
kaAt” to “IIOPT”, “ookoiara’” to “XOKOA”, uses “STEM” instead of “5x”, and omits
the brand “IIAIIAAOIIOTAOY” entirely. TF-IDF retrieves the wrong flavor variant, while
GreekBERT has learned that “II1OPT” + “MAYPH YOKOA” maps to “patpn ookoidro &

mopTokAAL” through training examples.
7.2.3 7.2.3 Very Hard Cases: All Models Struggle

Test item: “APT/XMA ITAITAA/AOY TEYYH YITOY $OPMA 700G” Ground truth: Yw-
pi toot ITAITAAOIIOYAOY yevon2 700gr

Rank TF-IDF (B1) Prediction Score GreekBERT (T1) Prediction Score

1 Ywpt 0.29 Ywpi Toot 0.84
ITAITAAOIIOYAOY ITAITAAOIIOYAOY yevon2
Apyaia Xropd 500gr 700gr

2 Ywpdkia 0.24 Ywpt ITAITAAOIIOYAOY 0.76
[TAITAAOIIOYAOY Xwplavo molvomopo 540gr
Selection 4ty 360gr

3 PpuyavIES 0.22 Youi ITAITAAOIIOYAOY 0.74
[TAITAAOIIOYAOY Xwplavo otapévio 500gr

otapévieg 510gr

TF-IDF has almost no character overlap — “APT/XMA” shares few n-grams with “¥Ywpui
toot”, and “lIIAITAA/AOT” is split by the slash character. GreekBERT correctly matches to
the right product because the contrastive training has taught it the receipt-specific convention
that “APT/XMA” is a slash-abbreviated form referring to bread products, and “I'ETYXH” in

context with “ITAIIAA” maps to the “yevon™2” product line.
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Test item: “pepevva pe @ovvrovkl 360g” Ground truth: IIpaiiva @ouvvrouklov
MERENDA 360gr

Rank TF-IDF (B1) Prediction Score GreekBERT (T1) Prediction Score

1 Kpépa kakao govvrovkr 0.34 [Ipaiiva govvtouvkLov 0.81
NUB®EAA 400gr MERENDA 400gr

2 [IpaAiiva govvrovkLov 0.28 [IpaAiiva govvrovkLov 0.79
MERENDA 400gr MERENDA 360gr

3 [Ipaiiva @ovvrovkLov 0.26 [Ipaiiva @ovvrouvkLov 0.72
MERENDA 1kg MERENDA 1kg

This is the prototypical “zero lexical overlap” case. TF-IDF matches on “@ovvtouvkt” only,
incorrectly preferring a competitor product (Nutella). GreekBERT nearly succeeds — its top-
1 is the right brand and product but wrong size (400gr vs. 360gr). The rank-2 prediction is
correct. This shows that even the best neural model can be misled by the weight attribute when

two package sizes exist for the same product.
7.2.4 7.2.4 Summary of End-to-End Observations

These examples reveal three key patterns in the evaluation:

1. GreekBERT’s errors are ‘“near misses”: When the model fails, its top-1 prediction
is typically the right brand and product type but wrong variant (e.g., wrong size, wrong

flavor). TE-IDF’s errors, by contrast, often land in the wrong product family entirely.

2. The quality of the ranked list differs: Even when both models place the correct product
at rank 1, GreekBERT’s subsequent predictions are more semantically relevant (e.g.,
other products from the same brand/category), while TF-IDF’s rankings are driven by

superficial character overlap.

3. Abbreviation handling is the dominant differentiator: The majority of cases where
GreekBERT succeeds and TF-IDF fails involve receipt abbreviations (slash notation,
period truncation, syllable truncation) that the neural model has learned to decode

through training exposure.
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7.3

7.3 Detailed Retrieval Metrics

Table 7.3: Detailed retrieval metrics at K=1, 5, 10

Model P@1 P@5 P@10 R@1 R@5 R@10 MRR
B2 0.6195  0.1575  0.0843 0.6195  0.7876  0.8427 0.7070
B3 0.6940  0.1691 0.0889 0.6940  0.8456  0.8890 0.7683
B1 0.7531  0.1745  0.0913 0.7531 0.8727 09126 0.8126
T2 09619  0.1984  0.0994 09619  0.9920  0.9941 0.9761
T1 09732 0.1989  0.0996 09732 09945  0.9960 0.9834
Note: For single ground-truth retrieval, P@] = R@] = HR@ ] by definition. P@K for K>1 is

bounded by I/K. Models 11, MI-M3, and LI were not trained (see Section 7.1.3 image probe

results).

7.3.1

1.

4.

Key Observations

The gap between HR@1 and HR@10 reveals retrieval robustness. For TF-IDF, the
gapis 15.9pp (0.7531 — 0.9126), indicating that many correct products appear in the top
10 but not at rank 1. For GreekBERT, this gap shrinks to just 2.3pp (0.9732 — 0.9960),
demonstrating that when the neural model finds the correct product, it almost always

places it first.

. MRR values close to HR @1 confirm high-confidence rankings. For T1, MRR (0.9834)

exceeds HR@1 (0.9732) by only 1.0pp, meaning that in the rare cases where the correct
product is not at rank 1, it is typically at rank 2. This contrasts with BM25, where the

8.8pp gap (0.7070 vs. 0.6195) indicates more dispersed correct-product positions.

. The commercial OpenAl model underperforms the domain-specific TF-IDF

baseline by 4.4pp MRR (0.7683 vs. 0.8126), despite having 1,536-dimensional
embeddings. All confidence intervals are non-overlapping, confirming statistical
significance. This demonstrates that general-purpose embedding models are not a
substitute for domain adaptation when the input distribution (noisy OCR Greek text)

differs significantly from the training data.

Both neural models achieve near-ceiling HR@10 (>99.4%), suggesting that the
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embedding space captures the vast majority of receipt-to-product relationships. The
remaining 0.4-0.6% of misses likely represent extreme OCR corruption or products

absent from the catalog.

Hit Rate at Different Cut-off Values

1.00 — )
(=
0.95
-_—-.
0.90 __________.-— 1
._—_——_ —-——-———__—
- ——
M 0.85 R T
® ey
Q ’/’ ,/
© 0.80 Pras g
2 e - -7
=t .” ,/,
T 0.75 -’
-,
-,
-,
0.70 4~ — B1 (TF-IDF)
B2 (BM25)
0.65 =& B3 (OpenAl)
=@®- T1 (GreekBERT)
0.60 T2 (mMiniLM)
1 5 10
K

Yyfqpa 17: Figure 7.1c: Hit Rate at different K values

Figure 7.1c: Hit Rate at K=1, 5, and 10 for all models. The neural models (solid lines)
converge to near-perfect retrieval at K=10, while baselines (dashed lines) show a larger gap
between HR@1 and HR @10, indicating that correct products are ranked lower in the candidate

list.

Figure 7.1d: Precision@K and Recall @K curves. (a) Precision @K decreases as K increases
for all models, since there is exactly one relevant product per query. (b) Recall@K (equivalent
to HR @K for single-relevant-item queries) shows that both neural models reach >99% recall at

K=5.

7.4 7.4 Training Dynamics

Figure 7.2: Training loss and validation MRR curves for text-only models (T1, T2). (a)
Training loss decreases rapidly in the first 2-3 epochs and then converges. (b) Validation MRR

rises steeply in early epochs and plateaus near the end, with horizontal reference lines showing

Master Thesis 79



HELLENIC
OPEN Maria Drinia — Multimodal Entity Resolution for Retail Receipt Line Items
Y UNIVERSITY

(a) Precision @ K (b) Recall @ K
1.0 -8 BI (TF-IDF) 1.00 ae —»
B2 (BM25) 1
=&~ B3 (OpenAl) %’
~@- T1 (GreekBERT) 0.95
0.8 =W~ T2 (mMiniLM) _
09— === -
T —A
] ==
® o6 n 0.85 ”,’/"_—
g . 9 /”’ /’,
2 3 0.80 P
2 Q Prag PR
£ 04 K oo75 W —~
//
0.70 x”
-l- Bl (TF-IDF)
0.2 B2 (BM25)
0.65 =k~ B3 (OpenAl)
=@~ T1 (GreekBERT)
0.60 ¥~ T2 (mMiniLM)
0.0 5 10 1 5 10
K K
P . . s
Yypa 18: Figure 7.1d: Precision and Recall at K
(a) Training Loss 100 (b) Validation MRR
0.6 —e— T1 (GreekBERT) '

—#— T2 (mMiniLM) /,‘——f—‘,'
0.95
0.5

0.90
» 2
o~
2 04 S
2 o
=
2 g 0.85
o
5 03 s
&= € 0.80
[ § @RS O I E— E—————— o T GreoimEEn |
0.75 ~#- T2 (mMiniLM)
==+ B1 (TF-IDF)
0.1 B2 (BM25)
—° 0.70 —-- B3 (OpenAl)
2 4 6 8 10 12 14 2 4 6 8 10 12 14

Epoch Epoch

Yyqpoa 19: Figure 7.2: Training curves

Master Thesis 80



HELLENIC
r. OPEN Maria Drinia — Multimodal Entity Resolution for Retail Receipt Line Items

UNIVERSITY

baseline MRR values for comparison.

Figure 7.2 shows the training dynamics for the two text-only neural models. Several

observations emerge:

Table 7.2a: Epoch-by-epoch training dynamics for GreekBERT (T1)

Epoch Train Loss Val MRR ValHR@1 ValHR@10 A MRR

—_—

0.3368 0.9533 0.9270 0.9897 —

2 0.1119 0.9667  0.9474 0.9922 +1.34pp
3 0.0960 09707  0.9536 0.9931 +0.40pp
4 0.0914 09724  0.9559 0.9934 +0.17pp
5 0.0875 0.9740  0.9581 0.9940 +0.16pp
6 0.0841 09756  0.9603 0.9944 +0.16pp
7 0.0852 0.9760  0.9606 0.9937 +0.04pp
8 0.0839 09770  0.9623 0.9942 +0.10pp
9 0.0835 09774  0.9626 0.9944 +0.04pp
10 0.0806 09785  0.9647 0.9946 +0.11pp
11 0.0808 09787  0.9649 0.9947 +0.02pp
12 0.0813 0.9790  0.9656 0.9947 +0.03pp
13 0.0804 0.9794  0.9661 0.9948 +0.04pp
14 0.0816 09791  0.9658 0.9948 ~0.03pp
15 0.0799 09789  0.9654 0.9948 ~0.02pp

Best validation MRR at epoch 13 (bold). Early stopping patience of 5 epochs was not triggered;

training completed all 15 epochs. Total training time: ~195 minutes on Tesla T4.

Table 7.2b: Epoch-by-epoch training dynamics for mMiniLLM (T2)

Epoch Train Loss Val MRR ValHR@1 ValHR@10 A MRR

1 0.5981 0.9351 0.9024 0.9853 —

2 0.1341 0.9514 0.9249 0.9885 +1.63pp
3 0.1117 0.9608 0.9381 0.9909 +0.94pp
4 0.1032 0.9637 0.9408 0.9927 +0.29pp
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Epoch Train Loss Val MRR ValHR@1 ValHR@10 A MRR

5 0.0977 0.9665 0.9470 0.9925 +0.28pp
6 0.0933 0.9693 0.9510 0.9928 +0.28pp
7 0.0913 0.9709 0.9527 0.9935 +0.16pp
8 0.0887 0.9735 0.9571 0.9934 +0.26pp
9 0.0879 0.9711 0.9532 0.9916 -0.24pp

Best validation MRR at epoch 8 (bold). The Colab session disconnected after epoch 9; the
epoch-8 checkpoint was selected for test evaluation. The MRR drop at epoch 9 suggests that the

model had reached or passed its optimum.
Several key observations emerge from this detailed training record:

Rapid initial convergence. Both models achieve the majority of their performance gains
in the first 2-3 epochs. T1 (GreekBERT) reaches MRR=0.9533 after just one epoch —
already surpassing all baselines by a significant margin. T2 (mMiniLM) shows a similar
pattern with MRR=0.9351 at epoch 1. This rapid convergence indicates that the pre-trained
language representations already capture substantial linguistic knowledge relevant to the
receipt-matching task; fine-tuning primarily adapts the embedding space for the contrastive

retrieval objective.

Loss plateau with continued MRR improvement. Training loss stabilizes around epoch 5-6
for both models (T1: ~0.085, T2: ~0.093), but validation MRR continues to improve marginally
until epochs 12—-13 (T1) and 7-8 (T2). This suggests that the later training epochs refine the
decision boundaries for difficult cases (e.g., distinguishing similar products within the same

brand) without significantly changing the overall loss landscape.

GreekBERT consistently outperforms mMiniLM. T1 maintains a 1-2pp MRR advantage
over T2 throughout training, with the gap remaining stable rather than closing. This suggests
that the advantage stems from the pre-trained representations (Greek-specific vs. multilingual)

rather than from training dynamics.

Training efficiency. T1 requires ~13 minutes per epoch on a Tesla T4 GPU (15 epochs total,
~195 minutes). T2 is faster at ~10 minutes per epoch due to its smaller hidden dimension (384

vs. 768), completing 9 epochs in ~90 minutes before the session disconnected. The best T2
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checkpoint (epoch 8, MRR=0.9735) was evaluated on the test set. Both models demonstrate
that practical training on consumer-grade GPU hardware (free Google Colab) is feasible for this

scale of entity resolution.

7.5 7.5 Ablation Studies

7.5.1 7.5.1 Embedding Dimension

Table 7.5: Ablation study — embedding dimension (GreekBERT, ©=0.07, probe split)

Embedding Dimd HR@1 MRR HR@5

128 0.8863 0.9263 0.9723
256 0.8904 0.9299 0.9751
512 0.8889 0.9275 0.9768

The embedding dimension of 256 achieves the best MRR (0.9299), outperforming both
the smaller (128, —0.36pp) and larger (512, —0.24pp) alternatives. The 128-dimensional
embeddings show a small but consistent degradation across all metrics, indicating that this
dimensionality is insufficient to capture the full complexity of the receipt-product matching
space. Interestingly, increasing to 512 dimensions does not improve performance — in fact,
MRR decreases by 0.24pp. This is consistent with the common finding that higher-dimensional
embeddings can lead to overfitting on smaller training sets, as the model has more capacity than
necessary to represent the underlying structure. The optimal choice of d = 256 provides a good
balance between representational capacity and generalization, while also offering practical

benefits: 256-dimensional vectors require half the storage and search time compared to 512.
7.5.2 7.5.2 Temperature Parameter

Table 7.6: Ablation study — temperature parameter (GreekBERT, d=256, probe split)

Temperature t HR@1 MRR  HR@5

0.03 0.8446 0.9023 0.9704
0.05 0.8735 0.9191 0.9740
0.07 0.8904 0.9299 0.9751
0.10 0.8995 0.9350 0.9755
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Figures 7.4-7.5: Ablation study results. The left panel shows the effect of embedding
dimension on P@1 and MRR: the optimal dimension is 256, with both smaller (128) and larger
(512) dimensions yielding slightly worse performance. The right panel shows the effect of
temperature parameter t: an inverted-U pattern is observed, with optimal performance near

t=0.07-0.10.

The temperature parameter exhibits a clear inverted-U pattern. Low temperatures (7 = 0.03)
make the contrastive loss too “sharp”, causing the model to focus on easily separable pairs while
struggling to learn fine-grained distinctions — resulting in the lowest MRR (0.9023). High
temperatures (T = 0.20) produce overly “soft” similarity distributions that fail to discriminate

between correct and incorrect matches, yielding MRR=0.8757.

The optimal range lies between T = 0.07 and T = 0.10, with T = 0.10 achieving the marginally
highest probe MRR (0.9350 vs. 0.9299). However, we selected T = 0.07 for the final model
based on two considerations: (i) the difference is small (0.51pp) and within the noise margin
of the probe evaluation, and (ii) T = 0.07 is the standard value used in the contrastive learning
literature (Chen et al., 2020; Radford et al., 2021), facilitating comparison with prior work. The
full training on 218K items with T = 0.07 achieved MRR=0.9834 on the test set, confirming

that this choice is effective.
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7.5.3 7.5.3 Late Fusion Weight

This ablation study was not conducted. The image modality probe (Section 7.1.3) established
that visual features from receipt line-item crops provide no meaningful discriminative signal for
product matching. Training a late fusion model (M2) would therefore have no image component

to weight, making a fusion weight sweep unnecessary.

7.6 7.6 Per-Category Analysis

Table 7.4: Top 10 product categories in the test set

OCR/Product Length

Product Subcategory  Items  Unique Products  Ratio Ambiguity
Bread (toast/slices) 4,109 61 0.55 Low
Tomato juice/paste 3,818 55 0.51 Low
Bananas 2,846 5 0.52 Very low
Pre-washed salads 2,316 34 0.52 Low

Pies & tortillas 2,036 43 0.53 Low
Flour 2,018 74 0.62 Medium
Long pasta 1,937 50 0.47 Medium
Short pasta 1,936 69 0.45 Medium
Eggs 1,496 36 0.61 Low
Spices 1,438 103 0.59 High

OCR/Product Length Ratio measures how abbreviated the OCR text is relative to the full product
name. Lower values indicate more aggressive abbreviation. Ambiguity is the ratio of unique
products to total items; higher values indicate more diverse product sets where disambiguation

is harder.

The top 10 categories cover 30.9% of the test set. Categories with low ambiguity (bananas: 5
unique products, bread: 61 products for 4,109 items) are easier because the same few products
repeat frequently. Categories with high ambiguity (spices: 103 unique products for 1,438 items)
are harder because the model must distinguish many similar products. The OCR length ratio is
consistently around 0.45-0.62, confirming that receipt text is typically abbreviated to about half

the length of the canonical product name.
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Qualitative examination of the errors reveals category-specific patterns:

7.7

Since

Produce (Mavafikrn): The highest error concentration occurs in produce categories,
where OCR text uses informal origin terms (“EI'XQPIA”, “AII'YIITOY”) that must
be mapped to generic catalog labels (“eAAnvikd”, “eloaywync”’). The catalog also
collapses many specific origins into a single “imported” category, creating a many-to-
one mapping challenge.

Bread and toast (Aprookevdopara): Slash abbreviations (“APT/AMA”, “IIA-
ITAA/AOY”) are most prevalent here, but GreekBERT handles them reliably after
contrastive training. Errors occur primarily when distinguishing sub-brands (Xwptavé
vs. Apyaia Xwopd vs. 'evon?) that share the same parent brand.

Pasta (Zvpapiea): Moderate difficulty despite many products, because pasta names
include distinctive shape numbers (No2, No10, No7) that serve as reliable disambiguation
tokens for the neural model.

Spices (Mmayapirda): Highest ambiguity ratio (103 products / 1,438 items), with
many products sharing similar short names. This category likely has the lowest per-

category accuracy, though individual category-level metrics were not computed due to

the evaluation being conducted at the aggregate level.

7.7 OCR Quality Impact

we do not have character-level OCR confidence scores, we use the OCR-to-product text

length ratio as a proxy for OCR quality: shorter receipt text (relative to the product name)

indicates more aggressive abbreviation or truncation, which is the primary source of matching

difficulty.

Table 7.7: Test set distribution by OCR abbreviation level

OCR Quality Tier # Items %o Avg. OCR Length Avg. Words
Heavily abbreviated 4,485 5.8% 19 chars 2.5

(<30% of product text)

Abbreviated (30-50%) 28,427 36.7% 30 chars 4.8
Moderate (50-70%) 38,526 49.7% 38 chars 5.8
Near-complete (>70%) 6,095 7.8% 42 chars 6.7
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The majority of test items (86.4%) have OCR text that is 30-70% of the product name length,
reflecting the typical abbreviation pattern of POS systems. The 5.8% of heavily abbreviated

items (average 2.5 words, 19 characters) represent the most challenging cases for matching.

To illustrate the concrete differences between abbreviation tiers, Table 7.7a shows representative
examples from each tier along with the matching outcome of both the best baseline (B 1, TF-IDF)
and the best neural model (T1, GreekBERT):

Table 7.7a: Representative examples by OCR abbreviation tier

Tier 1: Heavily abbreviated (<30% of product text, avg. 2.5 words)

Receipt OCR Product Name TF-IDF GreekBERT
I'AA 1LT I'dira ppéoko (wrong (wrong brand)
OAYMIIOX mAfpeg brand)

3.5% 11t

AEMONIA ETXQPIA  Agpdévia eAANVIKE

(pavapuer) — T

KLAOU
ITATATEX [Tardres etooywyng
AII'YITTOY. (pavaBkn) - T
KLAOU
ANANAY Avavdg eloaywyng
EIXATQI'HE (pavaBikn) - Tipq
KLAOU

At this tier, even the best neural model fails on extremely ambiguous cases like “I'AA ILT” (no
brand, no fat percentage — matches dozens of products). However, GreekBERT succeeds on
the dialectal/synonym cases (“EI'XQPIA” — “eiinvica”, “AII'TYIITOYT” — “cloaywyic”)

where TF-IDF has no lexical match.

Tier 2: Abbreviated (30-50% of product text, avg. 4.8 words)
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Receipt OCR Product Name TF-IDF GreekBERT
TYP.®ETA IIOII Tupl @é€ta m.o.7.

AQA.400G Awdvn 400yp

DIGESTIVE BAR Mndpec Digestive

ITOPT&XOKOA 28TP  pavpn ookordta &

STEM TIOPTOKAAL 5SX28gr
MIIYP.AMXTEA FR Mnipoa Amstel Free
6X330 kovti 6x330ml
®PYT'ANIEX ELITE Ppuyaviéc ELITE
LITOY 250I'P otapévieg 250gr

This is the tier where the neural model provides the most value: abbreviations are severe enough
to defeat TF-IDF but contain enough information for GreekBERT to decode. The model’s ability
to resolve period-truncated words (“TYP.” — “Tupi”, “AQA.” — “Awéwvy”) and two-letter

codes (“FR” — “Free”) is critical.

Tier 3: Moderate abbreviation (50-70% of product text, avg. 5.8 words)

Receipt OCR Product Name TF-IDF GreekBERT

TOMATA TPIMMENH Topdta KYKNOS
KYKNOX 680I'PI'YAA tpippévn 680gr

KANEAONIA Kaveiovia MELISSA
MELISSA 250G 250gr

MAKAPONIA NO 10 Mokapéviae MELISSA
MELISSA 500I'P No10 500gr

YAAATA Yardta

AIXMIIEPTK SPEXKOYAHY iceberg

$PEXKOYAHX 200G 200gr

At this tier, both models succeed on most items. TF-IDF still fails on cases with transliteration
(“AIXMIIEPI'K” — “iceberg”) or script mixing, but these represent a smaller fraction of the

tier.
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Tier 4: Near-complete text (>70% of product text, avg. 6.7 words)

Receipt OCR Product Name TF-IDF GreekBERT

Mnavdavec BAJELLA Mnavavec BAJELLA
eLoaywync (pavapikr)  eloaywyns (pavapikr)
- T KLAOY - T KLAov

YrkraBevitne Xoumés  XkAafevitng Loumiég

pe onmavakt 400g pe onavakt 400g
KOYBEPTOYPA KovBeprovpa
NESTLE DESSERT NESTLE Dessert 170gr
170G

At this tier, the OCR text is nearly identical to the product name. Both models achieve near-
perfect accuracy. These items typically come from digital receipts or receipts where the POS

system has sufficient character capacity to print the full product name.

The distribution of errors across tiers confirms the intuition: the neural model’s advantage
is concentrated in Tiers 1 and 2 (heavily and moderately abbreviated), where semantic
understanding is needed to bridge the vocabulary gap. In Tiers 3 and 4, the lexical overlap is

sufficient for even simple baselines to succeed.

7.8 7.8 Error Analysis

7.8.1 7.8.1 Error Categories

Analysis of the test items with the lowest token overlap between OCR text and ground-truth

product name reveals several categories of matching difficulty:

1. Language mismatch (~30% of hard cases): The OCR text uses a different form than the
product name. For example, “pepevra pe govvrovkt 360g” (Greek colloquial) must
match “mpaiiva @ovvrovkiov merenda 360gr” (formal product name with English
brand). The neural model must learn that “pepevra” = “merenda” = “MERENDA”

despite different scripts and spellings.

2. Regional/dialectal variation (~25%): Receipt text uses informal terms like “eyywpra”

(domestic) while product names use “eAinvika’” (Greek). Example: “koAiokuvbBia €7-
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ywpla” = “korokvBakia eAAnvika”. The OCR also introduces mixed-script artifacts

(note the Latin “i” in “koAokvbia”).

3. Ground truth errors (~15% of hard cases): To estimate the label noise rate, we manually
inspected 100 randomly sampled test items where GreekBERT’s top-1 prediction differed
from the ground truth. Of these 100 errors, 14 were judged to be ground-truth annotation
errors — cases where the model’s prediction was semantically correct but the gold label
was clearly wrong (e.g., “pripa amstel free kovtt 6%330ml” mapped to “Aepdvia eA-
anvika”). Extrapolating this 14% error rate to the full set of GreekBERT errors (2.68%
of 77,542 = ~2,078 items), approximately 291 test items may have incorrect ground truth
labels. This label noise sets an upper bound on achievable accuracy: if corrected, the

effective HR@1 of GreekBERT could be as high as ~97.7%.

4. Extreme abbreviation (~20%): Very short OCR text (2-3 words) that could plausibly
match multiple products. Example: “€vét ton 350ml” is unambiguous, but “yaia 11t”

could match dozens of milk products.

5. Cross-category products (~10%): Products that appear in unexpected categories or have

non-standard naming. These challenge both the model and the evaluation.
7.8.2 7.8.2 Qualitative Examples

Easy match (high token overlap): - OCR: “okAafevitno covmieo pe onavakt 400g” -
Product: “okAafevitno covmieo pe onavakt 400g OKAQBEVITNO ETOLULA POAYNTA PLOYEL-

pevta” - The OCR text is nearly identical to the start of the product name.

Hard match (zero token overlap): - OCR: “pepevra pe @ovvrovkt 360g” - Product: “mpa-
Ava @ovvtovklov merenda 360gr tavAiléno merenda tpaAlveo” - Zero lexical overlap due
to language mixing (Greek OCR vs. English brand name), different word forms (“@ovvroukt”
vs. “@ovvrouklov”), and different product description (“pepevra’” vs. “mpaiiva’). Only a
model that has learned the semantic equivalence “pepevra = merenda = MERENDA praline”

can resolve this.
7.8.3 7.8.3 Visual Information Analysis

The image probe (Section 7.1.3) demonstrated that visual features do not improve matching
accuracy. This is consistent with the error analysis: the primary sources of matching difficulty

are linguistic (abbreviation, language mixing, dialectal variation) rather than visual. Receipt
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line items share identical visual formatting regardless of the product, making image features

uninformative for disambiguation.

(13444
1

In theory, visual features could help with mixed-script OCR errors (e.g., a Latin “i”” in “koAokv-
Bia” might be visually recognizable as the Greek “1”), but in practice, the GreekBERT subword

tokenizer already handles such variations effectively through its learned vocabulary.

7.9 7.9 Summary of Results

The experimental results establish a clear hierarchy: neural text-only models (T1, T2)
substantially outperform all baselines, with GreekBERT achieving MRR=0.9834 and
HR@1=97.3%. The image probe showed no benefit from visual features (+0.09pp MRR),
leading to the decision not to pursue full multimodal training. Detailed answers to the four

research questions are provided in Section 9.1.

8 Chapter 8: Discussion

8.1 8.1 Interpretation of Results

8.1.1 8.1.1 The Text Dominance Phenomenon

The results demonstrate that textual information alone is sufficient for highly accurate receipt-
to-product matching. GreekBERT achieves 97.3% HR@1 using only OCR text, leaving a very
narrow margin (2.7pp) for potential improvement from additional modalities. This confirms that
product identity is fundamentally a textual concept — a specific name, brand, and attributes —
and that modern neural language models can decode even severely abbreviated OCR text with

remarkable accuracy.

The finding that text-only models achieve near-ceiling performance has important implications
for the multimodal experiments (M1-M3, L1): the bar for multimodal improvement is extremely
high. For image features to provide a statistically significant improvement, they would need to
help precisely in the 2.7% of cases where GreekBERT fails. This represents the most difficult

matching cases — extreme OCR corruption, ambiguous product names, or catalog errors —
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where visual cues might provide the decisive signal.
8.1.2 8.1.2 Why Visual Features Do Not Help

The image probe experiment provides strong evidence on the multimodal question for this
domain: visual features from receipt line-item images do not improve entity resolution accuracy.
This finding, while contrary to our initial hypothesis, is well-explained by the characteristics of

the data:

Lack of visual diversity. Unlike documents where layout, fonts, logos, and formatting carry
semantic meaning (e.g., invoices from different companies), retail receipts are produced
by standardized POS systems that apply identical formatting to every product. The visual
appearance of “TTAA OAYMII 1LT” is indistinguishable from “MEPENTA IIAYTA 1KG” —

same font, same size, same spacing. There is no visual signal to exploit.

Ceiling effect. With text-only MRR at 0.9834, only 1.7% of queries have room for
improvement. For visual features to provide a statistically significant improvement, they would
need to correctly resolve a substantial fraction of these 1.7% difficult cases — cases that are

typically characterized by extreme OCR corruption where the image is equally uninformative.

Practical implication. This finding has significant practical value: production systems can
achieve near-optimal matching accuracy using text-only neural models, without the complexity

and cost of image processing pipelines. This simplifies deployment and reduces latency.
8.1.3 8.1.3 The Role of Greek-Specific Pre-training

The consistent advantage of GreekBERT over mMiniLM (+0.73pp MRR, +1.13pp HR@1)
confirms the value of language-specific pre-training for morphologically rich languages.
Greek’s complex inflectional system (e.g., “T'dAa/ydiatoc/yaraktokoptkd”), unique
alphabet, and frequent diacritical marks make it particularly sensitive to tokenization quality.
GreekBERT’s Greek-specific WordPiece vocabulary (35K tokens) produces more linguistically
meaningful subword units than mMiniLM’s multilingual vocabulary (250K tokens shared

across 100+ languages), where each language receives a smaller effective vocabulary.

However, the relatively small gap between the two models (0.73pp) suggests that contrastive fine-
tuning on domain-specific data partially compensates for the pre-training language gap. This
has practical implications: in settings where no language-specific model exists, a multilingual

model with domain-specific fine-tuning can still achieve excellent performance — within 1pp
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of a language-specific alternative. For languages with available dedicated models, the language-

specific model should be preferred.

The comparison with OpenAlI’s text-embedding-3-small (a general-purpose multilingual model
without fine-tuning) is particularly instructive: fine-tuned mMiniLM outperforms the OpenAl
model by +20.8pp MRR, demonstrating that domain-specific fine-tuning provides far larger

gains than model scale or general capability.
8.1.4 8.1.4 Implications for Multimodal Entity Resolution

The null result from the image probe does not invalidate the multimodal approach in general —
it identifies the specific conditions under which visual features are uninformative. Multimodal

entity resolution may still be beneficial in domains where:

* Visual diversity exists: Matching products across retailers with different receipt formats,
or matching handwritten receipts where character shapes carry identity information.

» Text is severely degraded: In cases where OCR fails completely (producing empty or
garbled text), the visual appearance of the receipt line may be the only available signal.

* Layout carries meaning: For structured documents (invoices, forms) where spatial
position encodes semantic roles (e.g., “total” vs. “subtotal”), layout-aware models like

LayoutLMv3 would be expected to provide substantial benefits.

The decision not to pursue full multimodal training (M1-M3, L1) was based on the principled
finding that the prerequisite condition — that visual features carry a meaningful signal — was

not met for this specific dataset and task.

Figure 8.1: Progressive MRR improvement across methods. The waterfall chart shows how
each method incrementally improves upon the previous, from BM25 (MRR=0.7070) through
TF-IDF and OpenAl embeddings to the neural models. The largest single jump occurs between
TF-IDF and mMiniLM (+16.4pp), demonstrating the transformative impact of contrastive fine-

tuning.
8.2 8.2 Comparison with Production System

The production platform currently relies on direct SKU lookup for receipt-to-product matching,
with OpenAl text-embedding-3-small embeddings available for the product catalog (generated

via LLM parsing). Our evaluation provides two relevant comparisons:
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Progressive MRR Improvement across Methods
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Yyipa 21: Figure 8.1: Progressive MRR improvement

OpenAl embeddings (B3) as a production vector-search scenario. If the production system
were to implement vector-based matching using its existing OpenAl product embeddings, it
would achieve MRR=0.7683 and HR @ 1=69.4%. This means approximately 30.6% of receipt
items would be incorrectly matched at rank 1 — substantially worse than even the simple TF-

IDF baseline (HR @ 1=75.3%).

GreekBERT (T1) as the proposed alternative. GreekBERT achieves HR@1=97.3%,
representing a potential improvement of +27.9pp over OpenAl vector search. In practical terms,
for every 10,000 receipt items processed: - OpenAl vector search would misidentify ~3,060
products - GreekBERT would misidentify ~268 products - This represents an 11.4x reduction

in matching errors

The GreekBERT model’s inference latency is dominated by the initial catalog encoding
(performed once) and per-query encoding (~5ms per receipt item on a T4 GPU). Combined
with FAISS nearest-neighbor search (~1ms per query), the total latency is comparable to
production search systems. The model can also run on CPU with slightly higher latency
(~50ms per query), eliminating the GPU infrastructure requirement for moderate-throughput

scenarios.
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A practical deployment strategy would use the neural model as a fallback for cases where SKU

lookup fails, providing a high-accuracy matching alternative for the “long tail” of receipt items

without direct SKU codes.

8.3

8.3.1

1.

8.3.2

8.3 Limitations

8.3.1 Data Limitations

Single retailer: Results may not generalize to other retailers with different receipt formats,
fonts, or product naming conventions. Different retailers use different POS systems,

producing different OCR characteristics.

. Food products only: The evaluation is restricted to the food (Tpd@ipa) category

subtree, which is itself a diverse domain comprising 201 subcategories, 3,503 unique
products, and 570 brands — spanning dairy, bread, pasta, produce, canned goods, spices,
frozen foods, and more. This breadth means the evaluation captures a wide range of
matching challenges (abbreviation patterns, brand naming conventions, weight/size
disambiguation). Nevertheless, non-food categories (cosmetics, household supplies,
electronics) may exhibit different OCR characteristics and naming conventions that are

not represented in our evaluation.

. One month of data: Seasonal products, promotional items, and catalog changes over

time are not captured. A longer time horizon would provide a more comprehensive

evaluation.

. Ground truth quality: While the ground truth is curated, it may contain errors from the

production matching system that were not caught by human review. These label noise

errors would affect all models equally.

8.3.2 Methodological Limitations

. Computational constraints: All experiments were conducted on Google Colab Free

(single T4 GPU, 12-hour session limits, 16GB VRAM). This imposed practical limits on
model scale (BERT-base rather than BERT-large), hyperparameter search breadth, and the
number of trainable configurations. The decision not to train multimodal models (M1-
M3, L1) was driven by both the image probe’s null result and the substantial compute

cost of staged multimodal training under these constraints. With access to dedicated GPU

Master Thesis 95



L

HELLENIC

OPEN v Maria Drinia — Multimodal Entity Resolution for Retail Receipt Line Items

8.3.3

infrastructure, a more exhaustive exploration of fusion strategies and larger models would

be feasible.

. Image crop quality: The quality of line-item crops depends on the original receipt

photograph quality, which varies across users and devices. Poor-quality crops may

contain artifacts that degrade visual features.

. No end-to-end OCR: We use OCR text as provided by the production system rather

than performing our own OCR. Joint OCR and matching optimization could potentially

improve results.

. Static product catalog: The product catalog is treated as fixed. In reality, products are

added, modified, and discontinued over time.

8.3.3 Generalizability

The findings of this study are directly applicable to Greek-language receipt matching for the

specific retailer studied. Generalization to other settings requires caution:

8.4

84.1

Other retailers: Different POS systems produce different receipt layouts and
abbreviation conventions.

Other languages: While the contrastive framework is language-agnostic, the relative
importance of language-specific vs. multilingual models may differ for other languages.
Other domains: The multimodal approach may transfer to related tasks (invoice

matching, form processing) but would require task-specific evaluation.

8.4 Threats to Validity

8.4.1 Internal Validity

Data leakage: The temporal split prevents leakage from receipt-level duplicates.
However, the same product may appear in both training and test sets — this is by design,
as it reflects production conditions where known products need to be matched in new
receipts.

Hyperparameter tuning: All hyperparameters are tuned on the validation set, not the
test set. The small validation set could lead to suboptimal hyperparameter selection.
Randomness: Despite seed fixing, GPU non-determinism may cause small variations

across runs. Bootstrap confidence intervals account for test-set randomness.
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8.4.2 8.4.2 External Validity

* Retailer generalization: Single-retailer data limits external validity. Multi-retailer
evaluation is planned as future work.

» Category generalization: Food-only evaluation may not represent performance on other
product categories.

* Temporal generalization: A single month may not capture seasonal patterns or catalog

evolution effects.

9 Chapter 9: Conclusions and Future Work

9.1 9.1 Summary

This thesis investigated whether multimodal entity resolution — combining OCR text and
receipt line-item images — can improve product matching accuracy for retail receipt items.
Through a systematic experimental comparison of ten configurations spanning statistical
baselines, a commercial API baseline, neural text-only models, image-only models, and

multimodal approaches with three fusion strategies, we addressed four research questions.
9.1.1 Answers to Research Questions

RQ1: How effective are neural text encoding methods compared to traditional statistical
methods for Greek receipt text? Neural text models dramatically outperform all statistical
and commercial baselines. GreekBERT (T1) achieved MRR=0.9834 and HR@1=97.3%,
outperforming the best statistical baseline TF-IDF (MRR=0.8126) by +17.1 percentage points.
Notably, it also surpassed the commercial OpenAl text-embedding-3-small API (MRR=0.7683)
by +21.5pp, demonstrating that domain-specific fine-tuning on task-specific data far exceeds
the value of general model capacity. The Greek-specific GreekBERT provided a consistent
+0.73pp advantage over the multilingual mMiniLM (MRR=0.9761), confirming the benefit of
language-specific pre-training for morphologically rich languages, though the gap is smaller
than expected, suggesting that fine-tuning compensates substantially for the pre-training

language gap.

RQ2: Can receipt line-item images improve matching accuracy? No. A probe experiment
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combining DiT image features with GreekBERT text features in a late-fusion architecture
showed a negligible +0.09pp MRR improvement — statistically insignificant. Receipt images
do not carry useful discriminative information for product identification because: (i) receipts
use uniform monospaced fonts with no visual differentiation between products, (ii) the text-
only model already achieves 97.3% HR@]1 leaving minimal room for improvement, and (iii)
consumer-taken receipt photographs produce low-quality crops (~181x32 pixels). This finding
led to the decision not to pursue full multimodal training (M1-M3, L1), as the prerequisite —

that visual features carry a meaningful signal — was not met.

RQ3: Multimodal benefit and optimal fusion. Not pursued. The image probe experiment
(RQ2) demonstrated that receipt line-item images carry no discriminative signal beyond what
is already captured by the text encoder. Since the prerequisite for multimodal fusion — that
visual features provide a meaningful complementary signal — was not met, the full multimodal
training configurations (M1 early fusion, M2 late fusion, M3 hybrid fusion) were not conducted.
Consequently, no fusion strategy comparison or optimal fusion architecture recommendation

can be made for this domain.

RQ4: Integrated vs. separate encoders. Not evaluated. Because the image probe showed
no benefit from visual features (RQ2), training LayoutLMv3 (L1) — which integrates text,
image, and layout information in a single encoder — was not justified. A comparison between
integrated (L1) and separate-encoder (M 1-M3) architectures therefore remains an open question

for domains where visual features do carry discriminative information.

9.2 9.2 Key Findings

Beyond the direct answers to the research questions (Section 9.1), the experimental investigation

yields several cross-cutting insights:

1. Domain-specific fine-tuning dominates model scale. The fine-tuned GreekBERT
(110M parameters) outperforms the unfine-tuned OpenAl text-embedding-3-small
(a much larger model with 1,536-dim embeddings) by +21.5pp MRR. Task-specific

adaptation provides far larger gains than raw model capacity.

2. Character-level features are critical for OCR text. TF-IDF with character n-grams
outperforms both BM25 (word-level) and OpenAl embeddings as baselines, confirming

that sub-word representations are essential for handling abbreviations and truncations.
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3.

9.3

Optimal hyperparameters: d = 256, T = 0.07. Ablation studies show an inverted-U
pattern for both parameters, with very low temperatures (t = 0.03, =2.8pp) and very high

temperatures (t = 0.20, —5.4pp) significantly degrading performance.

. Label noise bounds accuracy at ~97.7%. Manual inspection of 100 errors estimates

~14% are ground-truth annotation errors, suggesting the model’s effective accuracy

exceeds the reported 97.3% HR@1.

9.3 Contributions

This thesis contributes to the field of entity resolution and multimodal learning in the following

ways:

1.

9.4

First multimodal ER study on receipt data: To our knowledge, this is the first work to
systematically evaluate multimodal approaches for receipt line-item to product matching,

combining OCR text with receipt image crops.

. Principled multimodal evaluation methodology: We demonstrate a rigorous approach

to deciding when multimodal fusion is warranted — using a targeted image probe
experiment to establish that visual features carry no discriminative signal before
committing to full multimodal training, providing a reusable methodology for other

domains.

Greek-language evaluation: We contribute an evaluation of transformer-based NLP

models on Greek receipt text, a previously unstudied domain.

. Practical framework: The contrastive retrieval framework is directly applicable to

production receipt-matching systems, offering a text-only upgrade path that achieves

near-optimal accuracy without the complexity of image processing pipelines.

9.4 Future Work

Several directions for future research emerge from this work:

94.1

9.4.1 Data Extensions

Multi-retailer evaluation: Extend the dataset to include multiple retailers with different

receipt formats to evaluate cross-retailer generalization.
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* Multi-category evaluation: Include non-food categories (cosmetics, household,
beverages) to assess category-specific performance variations.
* Longitudinal study: Evaluate over a longer time period to understand the effects of

catalog evolution and seasonal patterns.
9.4.2 9.4.2 Methodological Extensions

* Large Language Models: Explore the use of LLMs (GPT-4, Claude) for few-shot or
zero-shot receipt matching, potentially eliminating the need for task-specific training.

* Attribute extraction: Explicitly extract product attributes (brand, weight, fat percentage)
from receipt text and use structured matching alongside embedding similarity.

* Active learning: Develop an active learning pipeline where the model identifies uncertain
matches for human review, continuously improving the ground truth.

* End-to-end OCR: Jointly optimize OCR and matching, allowing the matching objective

to guide OCR character-level decisions.
9.4.3 9.4.3 Production Deployment

* Hybrid retrieval: Combine BM25 first-stage retrieval with neural re-ranking for
production-grade latency.

* Confidence calibration: Calibrate model confidence scores to enable automated
matching for high-confidence predictions and human review for low-confidence ones.

* Online learning: Continuously update models as new ground truth is generated through
human verification.

* Multi-modal fallback: In production, invoke the image encoder only when text-only

confidence is below a threshold, saving computational resources.

9.5 9.5 Closing Remarks

The growing digitization of retail transactions creates both an opportunity and a challenge for
data integration. This thesis demonstrates that contrastive fine-tuning of pre-trained language
models can achieve near-optimal entity resolution accuracy for retail receipt items, using text
alone. The finding that visual features from receipt images do not improve matching accuracy
— due to the uniform typographic appearance of receipt text — is itself a valuable contribution:
it establishes that production systems can achieve 97.3% top-1 accuracy without the complexity

and cost of image processing pipelines. More broadly, this work highlights the importance of
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domain-specific evaluation over assumption-driven system design. The multimodal hypothesis,
while well-motivated by successes in other document understanding tasks, does not hold for
the receipt matching domain. As pre-trained language models continue to improve and become
more efficient, we anticipate that text-based contrastive retrieval will remain the practical
foundation for receipt entity resolution, with multimodal extensions reserved for domains

where visual diversity provides a genuine discriminative signal.
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Appendix A: Greek Text Normalization

The following Python functions implement the Greek text normalization pipeline, ported from

the production system’s PHP implementation.

9.6 A.1 OCR Text Sanitization

import re

def ocr text sanitized(text: str) -> str:
Port of ReceiptItem::ocrTextSanitized() from

snap-api/app/Models/ReceiptItem.php:144-173

Cleans raw OCR text by removing special characters,
normalizing whitespace, and removing Greek accents.
# Remove non-alphanumeric except Greek letters, digits, and spaces
text = re.sub(
r'[~A-Z0-9\u0370-\u@3FF\ulFOO-\ulFFF+ ', ' ',
text, flags=re.IGNORECASE
)
# Remove additional special characters
text = re.sub(
o~ & NINTONNN/TY, ",
text, flags=re.IGNORECASE
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)
# Fix percentage patterns: "50%AIMAPA" - "50% AIMNAPA"
text = re.sub(
r'(\w) *s(\w)', r'\1% \2',
text, flags=re.IGNORECASE
)
# Fix negative numbers: "EKMNT- 2" - "EKMNT -2"
text = re.sub(
r'(\w[\s)- *(\d)"', r'\1 -\2',
text, flags=re.IGNORECASE
)
# Preserve decimal numbers: "3 . 5" - "3.5"
text = re.sub(
r*(\d+)\s*\.\s*(\d+) ", r'\1.\2",
text, flags=re.IGNORECASE
)
# Remove Greek accents

ACCENTED 'AEHIIOYYQ&ERTT 160006

UNACCENTED = 'AEHIIOYYQoentitiiovvuw'

trans = str.maketrans(ACCENTED, UNACCENTED)
text = text.translate(trans)

# Normalize whitespace

return ' '.join(text.split()).strip()

9.7 A.2 Greek Normalization

def greek normalize(text: str) -> str:

Port of StringMixin::greekNormalize() from

vault-api/app/Mixins/StringMixin.php:78-91

Full normalization: lowercase, remove accents,

normalize final sigma, remove special characters.
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text = text.lower()

# Keep only alphanumeric and Greek characters

text = re.sub(
r'[~a-z0-9\u0370-\u@3FF\ulF00-\ulFFF+ ', ' ',
text, flags=re.IGNORECASE

)

text = text.strip()

# Remove accents and normalize final sigma

ACCENTED = 'GéRAtiiovviuc’

UNACCENTED = 'oentiiovuvuwc'

trans = str.maketrans(ACCENTED, UNACCENTED)

return text.translate(trans)

9.8 A.3 Verification

The normalization functions were verified by comparing their output against the production PHP

implementation on a sample of 100 receipt items. All outputs matched exactly.

Appendix B: Detailed Results Tables

Table B.1: Full per-experiment metrics with 95% bootstrap confidence intervals

Experiment MRR  95% CI
B1 (TF-IDF) 0.8126 [0.810, 0.815]
B2 (BM25) 0.7070 [0.704, 0.710]

B3 (OpenAI API) 0.7683 [0.766, 0.771]
T1 (GreekBERT) 0.9834 [0.9827, 0.9841]
T2 (mMiniLM) 0.9761 [0.9753, 0.9770]

Note: Multimodal experiments (MI1-M3, LI) were not conducted because the image probe
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showed no benefit from visual features (see Section 7.1.3). Bootstrap confidence intervals are

computed from 1,000 resamples of the test set.

Appendix C: Qualitative Examples

9.9 (.1 Hard Items Where Neural Models Succeed

Since the image probe showed no benefit from visual features, multimodal models were not
trained, and no multimodal-vs-text-only comparison examples exist. Instead, we present
examples of items that the best neural model (T1, GreekBERT) resolves correctly but that

statistical baselines fail on, illustrating the value of contextual text embeddings.

Example 1: Brand + volume disambiguation - OCR Text: “I’AAA $PEXKO AEATA 1.5LT”
- True Product: “yala @peoko deita nanpeg 1,51t” - T1 (GreekBERT) prediction: correct
(rank 1) - B1 (TF-IDF) prediction: “yaAia @peoko olvpumoo 11t” (incorrect — matched
on common tokens, confused volume and brand) - Analysis: The contrastive model learns
that brand+volume together form a discriminative pattern, while TF-IDF treats each token
independently and is misled by high-frequency terms like “yaia™ and “@peoko”. The catalog

contains dozens of milk products, making this a challenging disambiguation case.

Example 2: Two-letter abbreviation decoding - OCR Text: “MIITP.AMXYXTEA FR 6X330”
- True Product: “pmipo amstel free kovtt 6x330ml” - T1 (GreekBERT) prediction: correct
(rank 1) - B1 (TF-IDF) prediction: “pmipa amstel premium lager 330ml” (incorrect — failed
to resolve abbreviation “FR” as “free”) - Analysis: Fine-tuned GreekBERT learns receipt
abbreviation conventions (FR=free, 6X330=multipack) from training pairs, whereas TF-IDF
has no mechanism to learn that “FR” maps to “free” rather than “French” or any other

expansion.

Example 3: Multi-level abbreviation - OCR Text: “TYP.®ETA TIOIT AQA.400G” - True
Product: “tupt @eta m.o.t. dwdwvn 400yp” - T1 (GreekBERT) prediction: correct (rank
1) - Bl (TF-IDF) prediction: “tupt @eta Bapeiioia ywpro 400yp” (incorrect — failed
to resolve abbreviations) - Analysis: The receipt text is heavily abbreviated (“TYP.”="tupL”,

“AQA.="Swdwvn”, “TIOIT"="m.0.7.”). Contrastive training on receipt-product pairs allows
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GreekBERT to implicitly learn these abbreviation mappings, while character-level overlap in

TF-IDF is insufficient.

Example 4: Category term replacement - OCR Text: “DIGESTIVE BAR K.®POYT &XO-
KOA 28'P STEM” - True Product: “Mmndpec Snpntprakdv [TAITAAOIIOYAOY Digestive
KOkKLva @povta & ookoldta yai. 5x28gr” - T1 (GreekBERT) prediction: correct (rank
1) - B1 (TF-IDF) prediction: “Mmokéta ITAITAAOITIOYAOY Digestive 250gr” (incorrect
— wrong product type) - Analysis: The receipt omits the brand “TIAITAAOIIOYAOY”
entirely and abbreviates “kokkiva @povta” to “K.@POYT” and “ookoArdta’ to “XOKOA”.
GreekBERT resolves these through learned sub-word associations. TF-IDF latches onto

“Digestive” (the only shared full token) and returns the wrong product.

Example 5: Greek-Latin script bridging - OCR Text: “KPEMA ITAN X.I'A BAAXAMIKH
500ML” - True Product: “Kpépo Barodpiko ITAN 500ml” - T1 (GreekBERT) prediction:
correct (rank 1) - B1 (TF-IDF) prediction: “Kpépa ydiaktog ITAN 200ml” (incorrect —
wrong product) - Analysis: The receipt adds “X.I'A” (ywpic yAovtévn, gluten-free) and uses a
different word form “BAAYXAMIKH” (feminine adjective) vs. “Baiod ko’ (neuter). TF-IDF

is confused by the extra tokens and the morphological mismatch.

Example 6: Word reordering - OCR Text: “MIIOYTATXA KPEMA MAPATA 450I'P”
- True Product: “Mmovydroa MAPATA pe kpépoa 450gr” - T1 (GreekBERT) prediction:
correct (rank 1) - B1 (TF-IDF) prediction: correct (rank 1) — but with a lower confidence
score (0.68 vs. 0.92) - Analysis: Both models handle this word reordering, but GreekBERT’s
contextualized representations are order-insensitive (via self-attention), while TF-IDF’s
n-grams are inherently position-independent. The difference in confidence score reflects

GreekBERT’s deeper understanding of the text semantics.

Example 7: Origin generalization - OCR Text: “IIATATEX AII'YTITOY.” - True Product:
“TlIardrec etoaywyns (pavafkn) - Tip kthoV” - T1 (GreekBERT) prediction: correct (rank
1) - B1 (TF-IDF) prediction: “Ilatatec eyywpreg yopa (povapikn) — T ktAov” (incorrect
— wrong origin) - Analysis: “AII'YIITOY” (from Egypt) must be mapped to the generic catalog
term “eloaywyns” (imported). This requires understanding that Egypt is a foreign country,
hence the product is imported. TF-IDF matches on “IIATATEY” and returns the domestic

variant, which has higher n-gram overlap with common receipt patterns.
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Example 8: Extreme slash abbreviation - OCR Text: “APT/XMA KAPAMOAEI'KOX
VIXA YXTAPENIO 480G’ - True Product: “¥iya root KAPAMOAEI'KOYX. orapévio 480gr”
- T1 (GreekBERT) prediction: correct (rank 1) - B1 (TF-IDF) prediction: “Ywpi KAPA-
MOAEI'KOXY apyodnuévo otapévio 750gr” (incorrect — wrong sub-brand) - Analysis:
“APT/EMA” (aprookeVaopa) is a general bread term, while the product is specifically “¥iya
toot”. GreekBERT learns that “¥IXA” in the receipt is the distinguishing token and uses it to
select the correct product, while TF-IDF focuses on “KAPAMOAEI'KOY” + “XTAPENIO”

and returns the wrong bread variety.

9.10 C.2 Failure Cases

Representative failure cases of the best model (T1, GreekBERT), classified by error category.
Understanding these failures is important both for assessing the model’s true capabilities and

for identifying areas where further improvement is possible.

Example 1: Size variant confusion - OCR Text: “pepevra pe @ovvrovkt 360g” - True
Product: “mpaiiva @ovvrouvkiov merenda 360gr” - Model prediction: “pepevra mpait-
va @ovvrovklov 400yp” (incorrect — wrong size) - Error category: Language/transliteration
mismatch + size disambiguation - Analysis: The receipt uses the Greek transliteration “ye-
pevta’” while the catalog stores the brand in Latin script as “merenda”. The model correctly
identifies the brand and product type but selects the wrong package size (400gr instead of 360gr).
This is the most common type of neural model error: a “near miss” where the model understands

the product identity but cannot precisely resolve the size attribute from abbreviated text.

Example 2: Dialectal variation and mixed script - OCR Text: “koAokvbia eyywpia’” - True
Product: “kolokvBakia eAinvika” - Model prediction: “kolokvOia eloaywyno” (incorrect
— wrong origin) - Error category: Dialectal variation + mixed script - Analysis: The receipt
mixes Greek and Latin characters (“koAokuv6ia” with Latin “ia” instead of Greek “ia”) and
uses the informal “eyywpla” (domestic) instead of the catalog term “eAAnvika’” (Greek). The
mixed script disrupts tokenization, and the synonym gap between “eyywpia” and “eAAnvika”
is not bridged by the model. Interestingly, the model returns the imported variant of the same

vegetable — it understands the product but confuses the origin.

Example 3: Ground truth annotation error - OCR Text: “pripa amstel free kovti 6Y330ml”

- True Product: “Aepdvia” (annotated ground truth) - Model prediction: “pmipa amstel free
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koutt 6x330ml” (semantically correct, marked wrong) - Error category: Ground truth error -
Analysis: The ground truth label is clearly wrong — a beer item cannot correspond to lemons.
This is a data annotation error in the original mapping. The model’s prediction is in fact correct,
but it is penalized by the erroneous ground truth. Such cases inflate the reported error rate and
highlight the importance of data quality auditing. We estimate approximately 15% of “errors”

fall into this category.

Example 4: Extreme abbreviation with insufficient context - OCR Text: “I”’AA 1LT” - True
Product: “T'dia @péoko OAYMIIOX ninpeg 3.5% 11t” - Model prediction: “T'dAa @péoko
AEATA mtiipec 3.5% 11t” (incorrect — wrong brand) - Error category: Insufficient information
in receipt text - Analysis: The OCR text “I’AA 1LT” contains only the abbreviated word for milk
and the volume — no brand, no fat percentage, no subcategory. The catalog contains over 20
different 1-liter milk products from different brands. Without additional context (e.g., the store’s
product range, or the price), even a human expert would struggle to determine the correct brand.

The model makes a reasonable guess but picks the wrong brand.

Example 5: Flavor variant confusion - OCR Text: “®PYI'ANIEX ELITE XITOY 250I'P” -
True Product: “®puyaviéc ELITE otapéviec 250gr” - Model prediction: “®puvyaviéc ELITE
oALKNC aAéoews 250gr” (incorrect — wrong variant) - Error category: Synonym confusion
at the variant level - Analysis: “XITOY” (wheat) and “otrapévieq” (made from wheat flour)
are closely related concepts, but the receipt uses a different term than the catalog. The model
retrieves a different variant (whole wheat instead of regular wheat) — again a “near miss” error
that reflects the fine-grained distinction between product variants that even share the same base

ingredient.

Example 6: Brand name collision - OCR Text: “KPEMMYAIA ZEPA ET'’XQPIA.” - True
Product: “Kpeppidia Eepa eAAnvikd £avld (pavapikn) — Tipr kiAoU” - Model prediction:
“Kpeppvdia £epd eAANVIKA KOKKLVA (LavaBukn) — Tipn kthoU” (incorrect — wrong color)
- Error category: Missing distinguishing attribute - Analysis: The receipt text does not specify
the onion color (£av0d = blonde/yellow vs. kOkkiva = red), and the dialectal “EI' XQPIA” —

rall

“eAAnvikd” mapping is correctly resolved. The error is purely due to the missing color attribute:

the model must guess between yellow and red onions with no textual signal to guide the decision.
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9.11 C.3 Image Feature Visualization

Attention heatmap visualization was not pursued. Since the image probe experiment (Section
7.1.3) demonstrated that receipt line-item images carry no discriminative signal beyond what
is already captured by the text encoder, generating and analyzing attention heatmaps for the
image encoder would not yield meaningful insights. The uniform monospaced font and lack of
visual product differentiation in receipt images means there are no salient visual patterns for the

encoder to attend to.
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